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Foreword

Facing the advances of recent science and technology developed in modern medical
practice, experts of traditional Chinese medicine (TCM) have made efforts to
published peer-reviewed papers to produce an enormous amount of information on
the research and practice of TCM as progress towards modernization of TCM since
the 1950s. These include: efficacy, safety and quality of Chinese medicines and the
practice of TCM at large. To coordinate this updating information in an integrative
approach is crucial to connect the multiplicity of expertise and scientific innovation
and investigations that link practice of TCM to maintain good health and treatment
of diseases. Several key areas can be identified in the recent 11th Annual Meeting
of the Consortium for Globalization of Chinese medicine held in August 2012 in
Macau Special Administrative Region, China. At this meeting a Bioinformatics Pre-
meeting Workshop on “Data Analytic Approach to Evidence-based Research for
Traditional Chinese Medicine” was organised to focus on issues mentioned above.
The organiser of this Workshop was requested to collect these valuable research
results and reviews for compilation of a reference book. In this way, those who were
absent at the meeting, and general readers who are interested in TCM progress will
benefit from the guidance and directions for future translational medicine from
TCM research and practice.

Although TCM is getting popular, more evidence is required to enable it to gain
official recognition in Western countries; it demands a rigorous evaluation for the
effectiveness of TCM interventions. Randomized Controlled Trial (RCT) is regarded
as the “gold standard” in clinical research for the efficacy and safety evaluation of a
medical intervention, but its application to TCM is doubtful owing to several meth-
odological and logistical issues. Poon and his colleagues in chapter* Searching for
Evidence in Traditional Chinese Medicine Research: A Review and New
Opportunities” aimed to introduce and discuss issues relating to establishing scien-
tific evidence for TCM. It was suggested that either RCT study design is augmented
to adapt to TCM principles or new methodologies such as Comparative Effectiveness
Research (CER) are utilized.
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Chinese Medicine Formulae are sets of herbs to address the syndromes and
symptoms complained by patients. Although there are some standard formulas,
practitioners often modify them according to a patient’s individual condition. In
chapter “Causal Complexities of TCM Prescriptions: Understanding the Underlying
Mechanisms of Herbal Formulation,” Poon and his team introduced a framework to
explore the complex relationships amongst herbs in TCM clinical prescriptions.
They applied their framework in the analysis of a large number of TCM herbal pre-
scriptions, and it was able to show some herbs may have different pathways to affect
the effectiveness; such herbs have often been overlooked in the past. Although they
play a weak role in enhancing the overall effectiveness of the TCM treatment, they
are however non-trivial.

To cope with challenges in data analysis on the 4 classical TCM patterns of diag-
nosis of syndromes and conventional symptoms of patient records collected in clin-
ics, You and Li in chapter “Medical Diagnosis by Using Machine Learning
Techniques” describe novel methods on feature selection, multi-class, and multi-
label techniques in machine learning to meet the challenges. They introduce their
works on discriminative symptoms selection and multi-syndrome learning, which
have improved the performance of state-of-arts works.

In chapter “Network Based Deciphering of the Mechanism of TCM,” the team of
Yi Sun indicates that the rapid development of “-omics” platforms and systems biol-
ogy has facilitated systems-level understanding of biological processes concerning
the interactions of genes, proteins and environmental factors, thus affording new pos-
sibilities for uncovering the molecular mechanisms related to the therapeutic efficacy
of TCM from a systematic point of view. Through integrating various high-throughput
data, in silico models could help accelerating network-based multi-target drug dis-
covery, especially for optimizing molecular synergy of TCM herbal formulas.

In chapter “Prescription Analysis and Mining”, to unblock the massive accumu-
lated literature in TCM prescription, Zheng and co-workers use Liuwei-Dihuang
formula to show the value of network analysis by executing discrete derivative algo-
rithm in the text mining process, prescription associated networks are mined out.
These networks include prescription-pattern-disease, prescription-disease-Chinese
herbal medicine, prescription-pattern-Chinese herbal medicine, prescription-Chi-
nese herbal medicine-symptom, and prescription-pattern-symptom. They claim that
such approach provides useful reference for future TCM research and clinical
practices.

Applying an innovative approach of ‘Latent tree analysis’ methodology by Zhao
and colleagues studied syndrome factors such as ‘Yang Deficiency’ and ‘Yin
Deficiency’ from published data recording symptoms of 604 depressive patients in
several regions of China. The authors report in chapter “Statistical Validation of
TCM Syndrome Postulates in the Context of Depressive Patients” that the ‘Latent
tree analysis’ yielded a model with 29 latent variables corresponding well to TCM
syndrome factors. This type of analysis can demonstrate statistical evidence for the
validity of TCM postulates in depressive patients.

Lin and Wong propose in chapter “Artificial Neural Network Based Chinese
Medicine Diagnosis in Decision Support Manner and Herbal Ingredient Discoveries”
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describe an artificial neural network (ANN) package for fast and trusted herbal
ingredient discoveries. They indicate the ANN results are trustworthy as they have
been and can be ascertained in future input by TCM domain experts in real clinical
environments in Hong Kong Nanning and New York. The ANN is able to learn the
relationship between Chinese materia medica (CMM) ingredients and sets of infor-
mation generated from TCM diagnosis and treatment principles.

In chapter “Chromatographic Fingerprinting and Chemometric Techniques for
Quality Control of Herb Medicines”: Zhang and co-workers recommend that the
use of chromatographic fingerprint analysis of CMM can describe the maintenance
of the consistent quality of samples for biological and pharmacological research.
But the application as Quality Control (QC) measures for acceptable fingerprints
require carefully mined fingerprint after highly scrutinised procures from smooth-
ing, base-line correction, peak alignment and peak detection; followed by similarity
analysis, exploratory data analysis, cluster analysis and classification to extract the
representative pattern sample from the large dataset.

Chau and colleagues describe the approach of quantitative pattern-activity rela-
tionship (QPAR) for herbal medicines (HM) to link activity fingerprints, the chemi-
cal composition of HMs can be standardized to higher and accurate levels within the
safety limits in chapter “A New Methodology for Uncovering the Bioactive Fractions
in Herbal Medicine Using the Approach of Quantitative Pattern-Activity
Relationship.” They claim that the composition of compounds in HM formulation
with more than one herbal component can be optimized to the desired level of bio-
activity. They speculate personalized HM can be prepared according to the required
bioactivity level to meet the needs of individual patients.

In chapter “An Innovative and Comprehensive Approach in Studying the
Complex Synergistic Interactions Among Herbs in Chinese Herbal Formulae,”
Chau and her co-workers describe the use of an innovative and comprehensive
approach using Combination Index with statistic testing to analyse multi-targeted in
vitro data after screening an herbal formulae containing 5 CMM. They claimed that
their study is one of the first applications of statistical interpretations of combina-
tion effects of herbs in complex herbal formulae. They concluded the feasibility of
applying this methodology in combinatory study of herbs is a promising and low-
cost means of novel drug discovery.

Zhou and colleagues introduce the application of data warehouse techniques and
data mining approaches to utilise real-world TCM clinical data, which are mainly
electronic medical records. In chapter “Data Mining in Real-World Traditional
Chinese Medicine Clinical Data Warehouse,” the main framework of clinical data
mining applications in TCM field is also introduced. The sticking points and/or
issues to improve the research quality are discussed and future directions are pro-
posed. They emphases that there still needs a reliable and efficient pre-processing
step to filter the useful data set from a large scale clinical data source, clean and
integrate the data to provide high-quality data for further analysis.

Chan and co-workers of biomedicine, information technology and TCM practi-
tioners express their view on evidence-based and medical informatics in TCM prac-
tice and research in chapter “An Overview on Evidence-Based Medicine and
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Medical Informatics in Traditional Chinese Medicine Practice.” They conclude that
there is a need in using modified modalities that can focus on a holistic assessment
of TCM diagnosis and treatment outcomes of individual patients. Their reported
outcomes are linked with biomedical parameters for evidence of treatment efficacy.
Using TCM formulae in treating female infertility they suggested that continuing
feedback between practitioners in each field will help refine TCM informatics in
general.

In chapter “TCM Data Mining and Quality Evaluation with SAPHRON™
System”: Yang and colleagues describe the development of a proprietary SAPHON
TCM data system to quantitatively evaluate the quality of TCM information, which
ranks TCM prescriptions, CMM, active ingredients and lead compounds based on
the reliability of available information for recommendation.

This book consists of 13 chapters arranged in no special order due to the multi-
plicity of experts’ presentations from various disciplines. It is anticipated that more
research in the Informatics for TCM will emerge in the near future as a reference
point for quality data that may guide future TCM research and development. The
way forward to identify evidence in TCM. Multidisciplinary collaborations among
different professionals of both conventional medical and TCM practices with exper-
tise from biomedical, bioinformatics, pharmaceutical and TCM disciplines. These
approaches are particularly important for the scientific evaluation of effectiveness,
safety and quality of ethnic traditional medicine. The progress in globalisation and
modernisation of TCM will form the guiding example for R&D of other ethnic tra-
ditional medicine supported by the World Health Organisation.

The book serves as a gathering of the latest information from IT aspects on TCM,;
it also offers directions and guidance of the logical way to decipher the mystery of
TCM: How an experience-based medical practice receives such an enormous attrac-
tion from the conventional scientific and medical arenas.

NSW, Australia Kelvin Chan
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Searching for Evidence in Traditional Chinese
Medicine Research: A Review and New
Opportunities

Simon K. Poon, Shagun Goyal, Albert Cheng, and Josiah Poon

Abstract Traditional Chinese medicine (TCM) is growing in popularity worldwide.
In order for this complementary medicine system to gain official recognition in the
health-care policies of Western countries, the evidence for the effectiveness of TCM
interventions will need to be rigorously established. It is generally agreed that many
research techniques used for evaluating western medicine (such as the randomized
controlled trial study design) are not methodologically suited to appraise the effi-
cacy and safety of TCM interventions. In this chapter, we aim to introduce and
discuss issues relating to establishing scientific evidence for TCM.

1 Introduction

Traditional Chinese Medicine (TCM) has been practiced over thousands of years.
The underlying principles of TCM are found to be quite different from the current
popular western medical approaches. The underpinning philosophies like theory of
Yin-Yang and Five Elements subscribe to a holistic approach that pays attention to
interrelations between different parts of the body. It is different to the reductionist
approach in Western Medicine (WM) in the way that TCM treatments are personal-
ized rather than standardized.

Each TCM prescription is personalized for a particular diagnostic assessment,
i.e. the herbs in a prescription and their dosages not only vary among patients, but
they may be different for the same patient at different times according to the current
circumstances of that patient. Hence, the TCM prescriptions taken by a patient have
usually not undergone clinical trial assessment as compared to biomedicines pre-
scribed by WM doctors. Standard formulae exist but they often serve as a template
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Table 1 Key differences between TCM and Western Medicine

TCM

Western Medicine

(Syndrome-differentiation approach)

(Disease-based approach)

Diagnosis TCM tongue diagnosis, TCM pulse Standardised and straightforward
diagnosis, looking, listening, procedure for each patient
smelling, asking

Treatment A particular patient can receive distinct A particular patient will receive the

recipient TCM remedies from different TCM same biomedical treatment from
practitioners based on the syndrome- all WM doctors
patterns detected by each practitioner
Treatment ‘Personalized’ — a TCM practitioner will ~ ‘One-size-fits-all’— the WM doctor
provision provide personalized treatment to will offer similar biomedical
each patient depending upon the treatment to all patients with a
patient’s unique syndrome-patterns particular disease
Treatment Restoring the flow of ‘Qi’ through the Treating the specific disease,
focus meridians in the entire body reducing the known symptoms

Treatment Multiple modalities — such as combination ~ Single medication or combination

procedure of different herbs, acupuncture, of medications and surgery

dietary therapy etc

for modification and adaption during the personalization process. These standard
formulae have been passed down from history without the rigorous biomedical
examinations or clinical trials found in WM. They were essentially created from the
clinical experience of the master TCM doctors.

There are several pragmatic differences between the underlying mechanisms of
TCM and WM. While TCM operates on a ‘syndrome-differentiation’ approach, a
‘disease based’ methodology is followed in WM. The distinctions between these
approaches are summarized in the table above (Table 1).

It is not uncommon to find around 10 to 20 different kind of herbs in a typical
TCM formula. A herb in a formula carries a particular role in the treatment process;
however the same herb may have a different role in another formula. This is unlike
WM that aims to focus on the efficacy of a singleton drug, i.e. interactions between
the drugs are to be minimized. It is known that the efficacy of a TCM formula comes
from the synergistic interaction of herbs. Although these formulae are considered
useful and effective, they have not been necessarily validated or supported by scien-
tific or statistical evidence.

Randomized controlled trials (RCT) are widely accepted in medical research for
evaluating the efficacy and safety of a medical intervention. This study type is com-
monly accepted as the gold standard for conducting evidence-based medicine
(EBM) research. However, the RCT study design has distinct limitations when used
to evaluate TCM due to several methodological and logistical issues. Thus, many
TCM interventions have wrongly been shown to be ineffective or even harmful by
applying conventional RCT procedures (Tang and Wong 1998). Accurate clinical
evaluation for TCM can only be sought if the RCT study design is augmented to
make it adaptable with the TCM principles or if new methodologies such as
Comparative Effectiveness Research (CER) are utilized.
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In order to advance this traditional practice in the modern world, rigorous
scientific methods are sought to search for evidence. Owing to the long history of
TCM, there are many sources of literature and clinical records available for analy-
sis. The methods and techniques to study TCM can be large and diversified; it
stretches from system biology all the way up to systematic reviews. In the next
sections, we seek to explore the augmentation of Randomized Controlled Trials
(RCT) and Comparative Effectiveness Research (CER) in establishing scientific
evidence for TCM.

2 Augmentations to the RCT ‘Gold Standard’

In this section, we systematically examine novel augmentations presented in the lit-
erature for adapting the ‘design’, ‘conduct’ and ‘evaluation’ phases of a RCT study.
The aim of these modifications is to augment the RCT methodology in a manner that
will make the clinical trial procedures appropriate for examining TCM interventions.

The conventional RCT procedure has many limitations when it is applied to eval-
uate the efficacy and safety of TCM. This is because the interventions in TCM fol-
lows the ‘patient-centered research’ paradigm which involves varying the medical
approach based on the unique characteristics associated with each individual patient.
This approach is inconsistent with the ‘evidence-based research’ paradigm which
involves assessing the average effects of a homogeneous treatment provided to a
group of participants (Verhoef et al. 2002). Hence, without proper adaptation, the
RCT study design is not suitable for evaluating TCM and it could lead to inconsis-
tent results (Lee and Shen 2008).

There are three main reasons for the proposition that the notions of TCM and
conventional RCT are contradictory with one-another. Firstly, patients in a RCT
study are given a particular intervention based on the treatment arm that they were
randomly assigned at the commencement of the clinical trial. Such methodological
basis is inconsistent with the fundamental TCM notions of personalized medicine.
Secondly, conducting a placebo-controlled clinical trial becomes complex when
physical TCM treatments such as acupuncture and acupressure are involved. This is
because according to the EBM guidelines, a true placebo should have no therapeutic
impact on the patient. However, when sham acupuncture or acupressure massages
are provided, it acts as a stimulus to generate a ‘limbic touch response’ that can
result in psychosomatic benefits for the patient (Lund et al. 2009). Lastly, it is
known that the RCT methodology usually tries to limit the impact of the patient-
provider relationship on the outcomes measured in the study. However, the thera-
peutic effects of the patient-provider relationships are a crucial component of TCM
practice (Verhoef et al. 2002).

The adaptations described below are based on three perspectives of the RCT
study, namely the ‘design’, ‘conduct’ and ‘evaluation’ phases. The aim is to make
the clinical trial methodology suitable for evaluating the efficacy and safety of TCM
interventions.
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2.1 RCT Adaptations from the ‘Design’ Perspective

Adaptations from the ‘design’ perspective of a RCT study include variations made
to the manner in which patients are selected into the study. The two solutions dis-
cussed below are two-stage stratified protocol and n-of-1 trials.

2.1.1 The Two-Stage Stratified Protocol

A two-stage stratified protocol has been put forth by Zhang et al. (2011) in order to
incorporate information about TCM syndrome-patterns in the RCT study design.
The stage-1 is an open-label trial which aims to explore which types of symptoms
(i.e. TCM syndrome-patterns) correlate with better efficacy of the herbal formula-
tions. It begins by administering the TCM herbs for a particular ailment to all the
patients in the clinical trial. This is followed by performing correlation analysis
between the TCM herbs and the symptoms of the patient sub-groups that made the
most recovery i.e. the participants who had the optimal outcomes at the end of the
study period. The stage-2 of the clinical trial is a typical double blind, placebo-
controlled RCT comparing TCM herbs to WM. However, the key differentiating
aspect in comparison to regular trials is that the group of symptoms identified in
stage-1 of the trial (which formulate the TCM syndrome-patterns) will become part
of the inclusion criteria for all the participants entering stage-2 of the trial. Hence,
the stage-2 trial evaluates the comparative effectiveness of TCM and WM among
only those participants who display the specific TCM syndrome-patterns correlat-
ing to the given TCM herbs.

A growing number of researchers are using similar concepts of stratified trials in
the design of RCT studies. For instance, Tong et al. (2010) only included partici-
pants with ‘damp-heat accumulation’ syndrome in a clinical trial conducted for
examining the efficacy of Composite Sophora Colon-Soluble Capsule (CSCC) in
the treatment of ulcerative colitis. Similarly, Wang et al. (2013) are conducting a
RCT to verify the efficacy of Shenyan Kangfu tablet (SYKFT) for diabetic nephrop-
athy in only those patients that display the ‘qi-yin deficiency’ syndrome. About a
decade back, Qi et al. (2004) conducted a stratified trial to evaluate the efficacy and
safety of Shugan Yiyang Capsule for treating erectile dysfunction in male patients
with ‘Gan stagnation and Shen-deficiency’ syndrome.

In summary, the two-stage stratified protocol utilizes the TCM syndrome-pattern
differentiation concept. Stage-1 of the trial uncovers the group of TCM symptoms
that correlate with the given TCM herbal formulations and these symptoms become
part of the inclusion criteria for participants entering stage-2 of the RCT.

2.1.2 The N-of-1 Trials

The adoption of n-of-1 trial design has been advocated by Lillie et al. (2011) as an
optimal way of establishing the evidence-base for personalized medicine. The
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authors have argued that conventional patient care does not take into account the
specific genetic composition and environmental circumstances of a patient. As
such, the physicians work on a “hit-and-miss” basis when choosing an intervention
for a particular patient from a given set of comparable treatments; as this is done
mostly without any systematic evidence or decision-making process behind their
choice. This problem can be solved by conducting ‘n-of-1" trials in which only a
single patient is the subject for the study. That patient is given the alternative treat-
ments (for instance ‘treatment A’ and ‘treatment B’) in a random sequential order
(AABB/ABAB/ABBA), and health outcomes are measured extensively throughout
the study period. However, it is important to note that confounding can be induced
into this study if there are carryover effects of the intervention or if the washout
period is not appropriate. In addition, while n-of-1 trials have the potential of con-
tributing significantly to personalized patient care, the generalizability of the results
from these trials to benefit the population at large is limited. This raises questions
about the cost effectiveness of the RCT and resource utilization by the researchers,
physicians and the study subject during the research study. The authors have sug-
gested that through conducting the meta-analysis of several n-of-1 trials, it will be
feasible to derive meaningful results that can be used in the treatment plan for wider
sets of patients. In addition, the advancements in wearable medical monitoring
devices will make the data-collection process efficient, thereby facilitating the con-
duct of the single-subject trials.

One of the earlier examples of the application of n-of-1 trial design has been by
Satoh et al. (2005). The researchers applied this framework when conducting a clini-
cal trial at the Toyama Medical and Pharmaceutical University in Japan to verify the
efficacy of Hochuekkito medicine in elderly patients suffering from general weak-
ness. Moreover, Chen (2008) highlights that “Chinese medicine stresses on single
case study and treats each individual on a case-by-case basis”. This signifies the
crucial role that n-of-1 trials will play in establishing the evidence for TCM in the
coming years. Finally, Li et al. (2013) have proposed three recommendations that
will enable greater use of this trial methodology, namely a call for increased govern-
ment funding of n-of-1 trials, systematic training of researchers and clinicians who
are involved in the conduct of these trials, and increasing awareness about the sig-
nificance of single-subject studies in meeting the medical needs of patients.

In summary, n-of-1 trials technique seems to have promising potential in
researching efficacy of TCM treatments in the near future. This RCT methodology
enables the co-existence of personalized medicine as well as the rigorousness
required by the EBM guidelines.

2.2 RCT Adaptations from the ‘Conduct’ Perspective

Adaptations from the ‘conduct’ perspective of a RCT study include variations made
to the manner in which treatment is administered to the patients. The two solutions
discussed below are Creation of Treatment Manuals an conducting Pragmatic Trials.
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2.2.1 Creation of Treatment Manuals

The method of creating ‘treatment manuals’ was proposed by Schnyer and Allen
(2002) to enable the co-existence of standardization as well as flexibility during
treatment provision in the clinical trials of TCM interventions. The authors explain
that the guidelines for the treatment provision in a RCT study should be carefully
constructed using a two-part process and needs to be documented in a reference
manual. In Part I, the conceptual framework for the TCM intervention is established
by conducting meticulous literature reviews and by surveying a number of TCM
practitioners. In Part II, the contents of the manual are created which includes sec-
tions on the biomedical perspective of the intervention, theoretical framework, clin-
ical developments, applications of theoretical framework during diagnosis and
treatment, assessment of treatment provision, case studies and clinical issues. As a
result, the final treatment manual will consist of guidelines for the uniform proce-
dure to be followed when TCM interventions are given to the patients during the
clinical trial, as well as description of the scenarios where modifications to the stan-
dardized procedures could be made at the discretion of the TCM provider.

This proposed solution of creating treatment manuals has been applied in many
acupuncture trials. This technique was referred by Napadow et al. (2004) as a cur-
rent development to improve the RCT methodology whereby “a fixed set of acu-
points are augmented depending on individualized signs and symptoms (TCM
patterns)”. Indeed, the process of creating treatment manuals was followed in the
German Acupuncture Trials (GERAC) study which sought to evaluate the efficacy
of acupuncture in restoring the health of patients who had migraine or ‘tension-type
headaches’ (Molsberger et al. 2006). The researchers in that study established a
semi-structured treatment protocol through carrying out a broad literature review of
acupuncture treatment procedure, along with conducting face-to-face, email and
phone interviews with acupuncture specialists. Similarly, in a RCT conducted to
evaluate the effectiveness of Japanese acupuncture as an intervention for
endometriosis-related pelvic pain, the research team created treatment manuals as
well as carried-out focus group sessions for establishing the diagnostic criteria
(Schnyer et al. 2008).

In summary, it is recommended that treatment manuals should be created prior to
administering the TCM interventions in a RCT study. This will enable a balance
between the conflicting requirements of ‘standardization’ as mandated by the EBM
guidelines with the need for providing ‘personalized’ treatment which is a core
aspect of TCM.

2.2.2 Pragmatic Trials

MacPherson (2004) proposed the use of pragmatic trials for evaluating complemen-
tary medicine systems such as TCM. Pragmatic trials allow for the comparison of
two active treatments in the backdrop of every-day community settings. The author’s
proposal is based on the rationale that TCM offers a ‘package’ of care comprising
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multiple modalities unlike western medicine which provides standardized treatment
to patients. Moreover, the therapeutic impact of the patient-provider relationships
and the patient’s expectations of the treatment effect are a key component of this
‘package’ provided by TCM. These aspects can only be incorporated reasonably in
a RCT study through conducting a pragmatic trial. Finally, pragmatic trials involves
the comparison of two active treatments, and hence do not involve a placebo inter-
vention. This has twofold advantages in terms of evaluating TCM: firstly, it is not
always possible to provide a suitable placebo for physical TCM interventions like
acupuncture or acupressure. Secondly, the results from the pragmatic trials will be
more useful as patients normally have to make choices between active treatments in
real-life, and therefore the findings regarding the effectiveness of a treatment in
comparison with a placebo are irrelevant to them.

During pragmatic trials, very few exclusion criteria are set for participants so that
patients with diverse characteristics can enter the study. This increases the general-
izability of the results for all members of the population. In addition, MacPherson
(2004) has suggested that pragmatic trials should be conducted for conditions such
as ‘lower back pain’ where the WM treatments are not satisfactory. This will allow
the outpatient clinics to easily gauge the interest of their patients for taking part in
the RCT and subsequently becoming a participant in the TCM treatment arm of the
clinical study. The author is also a supporter of using treatment manuals during the
trials to ensure that the practitioners operate using a defined framework, whilst hav-
ing the flexibility to provide personalized treatment within the realms of the guide-
lines. Finally, the outcomes measured in a pragmatic trial are of a holistic nature, i.e.
measures such as ‘quality of life’ indicators are evaluated rather than just assessing
the physical improvements (for instance, variation of pain level in a particular joint
etc). This is because TCM interventions have an effect over a longer period of time
and this affect is not limited to a particular organ, but instead it has broad implica-
tions on the physical, mental and social health of the patient.

It is interesting to note that many researchers in western countries have used
pragmatic trials for evaluating the effectiveness of TCM. MacPherson et al. (2010)
conducted a pragmatic trial in the United Kingdom to examine the efficacy of acu-
puncture in treating irritable bowel syndrome. Patients were recruited from 10 GP
databases and they were provided with acupuncture plus usual GP care or only the
usual GP care. In Germany, a pragmatic trial was conducted by Molsberger et al.
(2010) to assess the effectiveness of Chinese acupuncture in comparison with con-
ventional orthopedic treatment for patients with chronic shoulder pain who attended
one of the 31 outpatient centers taking part in the RCT. In Australia, an acupuncture
RCT based on pragmatic trial notions was commenced in 2012 involving patients
with chronic knee pain (Hinman et al. 2012).

In summary, it is suggested that conducting a pragmatic trial is an efficient and
more realistic way of evaluating TCM interventions in a RCT study. This is because
pragmatic trials involve examining the therapeutic benefit of TCM for a heteroge-
neous group of patients in routine clinical settings, rather than evaluating the impact
of the intervention on a group of homogeneous participants in an experimental
setting.
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2.3 RCT Adaptations from the ‘Evaluation’ Perspective

Adaptations from the ‘evaluation’ phase of a RCT study includes variations made to
the manner in which the outcomes of the clinical trial are interpreted and communi-
cated. The two solutions discussed below are qualitative assessment of outcomes
and ‘CONSORT for TCM’ publication guidelines.

2.3.1 Qualitative Assessment of Qutcomes

It has been argued that many RCT studies have disproved the effectiveness of TCM
because the clinical trials failed to assess the impact of the intervention on holistic
health outcomes (Verhoef et al. 2002). The statistical measures of frequency and
association do not always capture the overall therapeutic impact of ‘whole-body’
treatments such as TCM. The authors have recommended that in order to accurately
evaluate the effectiveness of TCM remedies in a clinical trial, qualitative research
methods such as interviews, focus groups and patient observations should be used
in conjunction with quantitative tools like standardized questionnaires and labora-
tory tests.

Alraek and Malterud (2009) utilized a qualitative assessment technique to
understand the impact of acupuncture on women with menopausal hot flashes. The
participants in the clinical trial were asked to record their experiences and write
about any perceived impact of acupuncture on their health. The written records
were assessed using systematic text condensation, which allowed the researchers to
comprehend the therapeutic impact of acupuncture in a more enhanced manner
compared with solely relying on the quantitative results. It is important to note that
qualitative assessment becomes even more crucial in assessment of interventions
directed at having a psychosomatic impact. In a RCT conducted to assess the
impact of TuiNa (or remedial massage) on children with autism, Silva et al. (2011)
did not limit themselves to only conducting objective assessment of sensory and
self-regulation outcomes. The research team collected additional data from the
school teachers and the parents of the participating children to comprehensively
understand the impact of the Tui Na intervention on the severity of autism and
parental stress respectively. In another example of qualitative assessment,
Thompson et al. (2012) conducted interviews with the TCM practitioners who took
part in a RCT that evaluated the impact of acupuncture on women with ovarian
dysfunction. After the conclusion of treatment administration, the acupuncturists
were asked to describe their views about the clinical trial through written question-
naires, open-ended interviews and focus group sessions. It was concluded that by
striving to understand the clinician’s perspective about the treatment provision, the
results from the RCT can be evaluated in the right context.

In summary, the meaning and impact of TCM interventions can be understood
more thoroughly from the perspective of the patients, patient’s family, and the
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practitioners if qualitative assessments are conducted in conjunction with
quantitative measurements. This is vital for gaining insight into the real-life impact
of TCM outside of ‘controlled’ clinical settings.

2.3.2 “CONSORT for TCM’ Publication Guidelines

It has been argued repeatedly that evidence created through clinical trials adds little
value to enhance adoption of TCM because of inadequately written RCT publica-
tions. A study of 70 Cochrane Database System Review (CDSR) of TCM found that
evidences are inconclusive due to poor methodology and heterogeneity of the stud-
ies reviewed (Manheimer et al. 2009). The reporting of TCM clinical trials has been
generally of poor quality because the researchers do not provide sufficient informa-
tion about the trial methodology in the publications. The meaning and quality of the
results cannot be fully understood and validated by the users of the publications.
Hence, it has been proposed that the ‘CONSORT for TCM’ publication guidelines
should be adopted to increase the accuracy of the research reports published about
clinical trials of TCM interventions (Bian et al. 2011). It is not only to standardize
the reporting of trial results, and also to enable TCM evaluations to be conceptual-
ized and improved, but also as a way to help TCM research studies into the “main-
stream” literature. The CONSORT (Consolidated Standards of Reporting Trials) is
an internationally accepted guide for reporting of RCT studies. It includes a check-
list of 25 items which the author must discuss in the journal paper. The customized
‘CONSORT for TCM’ guidelines ensure that discussion about specific Chinese
medicine principles are also included in the publication report (such as the impact
of TCM ‘zheng’ classification on the inclusion criteria for participants in the RCT,
diagnosis of baseline characteristics, and interpretation of results).

It has been stated that encouraging the reporting of trials based on CONSORT
guidelines will be highly beneficial and it will help in assessing the scientific rigour
and the ethical implications of the clinical trial (Zhong et al. 2010). The significance
of this solution can be understood further by putting it in the context of the report by
Wang et al. (2007). After conducting a systematic search of RCT studies in TCM
journals from mainland China, the researchers found that the quality of reporting
was generally poor. This is because on average only 39.4 % of the items from the
modified CONSORT statement were published in the reports which disseminated
the results of the clinical trial. Similar findings were stated in a study by Wei et al.
(2009) who found that though the quality of reporting for TCM trials is improving,
it remains relatively poor in comparison with clinical studies conducted for western
medicine. The researchers called for leading journals to endorse the CONSORT
statement so as to guarantee high-quality reporting.

In summary, the quality of reporting can be improved if all researchers who con-
duct clinical trials for TCM are required to publish results using the ‘CONSORT for
TCM’ guidelines. The policy-makers, physicians, and patients will then be able to
objectively evaluate and understand the results of those RCT studies, and the results
will be more acceptable by various stakeholders in the medical field.



10 S.K. Poon et al.
3 Using Comparative Effectiveness Research for TCM

A critical component of Comparative Effectiveness Research (CER) is to generate
evidence about the effectiveness, benefits and harms of a particular intervention in
comparison with the alternative therapies available for treating the given ailment
(AHRQ 2013) In 2010, the Unites States government legislated the Patient
Protection and Affordable Care Act (PPACA), and with it a new organization called
Patient-Centered Outcomes Research Institute (PCORI) was established to promote
the development and adoption of CER in health-care research. D’ Arcy and Rich
(2012) have stated that better information on the clinical effectiveness of alternative
treatments and other complementary interventions is needed to improve the quality
of medical care and restrain growth in health-care expenditures.

The establishment of PCORI is a positive step for EBM in terms of shifting
research funding solely from RCT-based evidence to now incorporating other
sources such as data from observational studies and decision analysis (Pedulli
2013). One of key agenda promoted by PCORI is to reframe the focus of research
studies by placing less emphasis on ‘internal validity’ and more emphasis on ‘exter-
nal validity’ (i.e. the typical patients). This view recognizes that data for evaluating
the effectiveness of an intervention is not just generated by the experimental clinical
trials, but rather the data can come from multiple real-world sources such as elec-
tronic health records (EHR) and health insurance claims forms.

The Multi-Payer Claims Database (MPCD) was developed by PCORI in 2011 to
become a repository of Medicare data and private health insurance claims, thereby
facilitating the researchers to implement observational studies (Mohr 2012). In addi-
tion, funding has been allocated to create a National Clinical Research Network that
has the potential to revolutionize the manner in which data for health-care research
is generated. The significance of it can be best summed up in a quote by NIH
Director Francis Collins “if each patient were an active and informed participant in
clinical research as part of their regular health care, a visit to a doctor’s office
would have the potential to transform the health of millions of individuals™ (Rukovets
2013). As part of this initiative, the clinical data research networks (CDRNs) and
patient-powered research networks (PPRNs) will be developed (Winkler 2012).

3.1 Progress of CER

Historically, the research community has placed great emphasis on using evidence
from RCT studies based on the rationale that if a drug/medical device is effective for
a group of participants in the clinical trial, then it can be reasonably inferred that it
will be effective in an individual patient as well. But this notion is beginning to come
under scrutiny, as many clinical trials are now conducted to find out the risk and
benefit of an intervention at not only the population level, but also with a sharp focus
to identify the individuals who could benefit the most from the therapy. This trend is
synonymous with the syndrome-differentiation approach of TCM. Shi et al. (2012)
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marked the beginning of linking the CER methodology with TCM research and pro-
posed various ways to harness the retrospective study and compare effectiveness
based on historical data to provide insights and partial evidence prospective studies.

Many statistical methods have been developed to overcome the main drawback
regarding the absence of randomization in observational studies (Velentgas et al.
2013). Propensity Score Method (PSM) is a technique that has gained popularity
and is known to be able to mimic the advantage of randomization in terms of limit-
ing the influence of confounding factors. The ability to develop computational tech-
niques that can harness a diversity of data sources and subsequently process data
with statistical rigor will be an important factor in establishing evidence for TCM
by using CER.

With CER, the focus has shifted from group medicine to personalized medicine,
and this brings new hope for TCM which is rooted in a patient’s individual syndrome
diagnosis. Even in WM, there is growing acceptance of individualization of treat-
ment based on a patient’s unique characteristics, particularly at the genetic level. In
the past, the use of n-of-1 or single subject clinical trial has been sparingly used in
medical research, possibly because of the difficulty in monitoring the patient’s health
outcomes throughout the RCT. As discussed previously, the concept of n-of-1 trial is
synonymous with TCM philosophy since it assumes there is variability from indi-
vidual to individual, so treatment should be personalized based on an individual’s
particular characteristics. Furthermore, it has been showed that results from indi-
vidual treatment can be combined to give comparative treatment effect estimates at
the population level by using Bayesian mixed method (Zucker et al. 1997).

3.2 PICOTS Typology and Its Potential for TCM Research

As the basis for developing a protocol for CER, the Agency for Healthcare Research
and Quality (AHRQ) outlined the six elements of the PICOTS typology that enables
the development of research questions for CER (Velentgas et al. 2013). The six ele-
ments shown in Table 2 highlight the various factors to consider when conducting a
CER study.

PICOTS, as recommended by PCORI, could be a valuable protocol for evaluat-
ing comparative effectiveness of TCM as the model has similarities with the classi-
cal Chinese medicine philosophy. These six components should form the basis for
designing any observational studies for CER that evaluates the effectiveness of
TCM interventions:

1. Population — As treatment assignment in TCM is based on syndrome differentia-
tion, it is expected that patient characteristics will be matched within each syn-
drome subgroup. By making comparison across different subgroups, it can be
uncovered which syndrome would most benefit from the treatment, or alterna-
tively which patient subgroup would suffer the greatest harm. This additional
homogeneity will enable analysis of treatment effect within each subgroup to be
more meaningfully performed.
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Table 2 PICOTS typology for developing research questions

Component Relevant questions

Population What is the patient population of interest? Are intervention effects expected to
be homogeneous or heterogeneous between different subgroups of the
population? What subgroups will be considered in terms of age, gender,
ethnicity, etc....?

Intervention What is the intervention of interest (e.g. a drug, device, procedure, or test)?

Comparator What are the alternatives?

Outcomes What are the outcomes and endpoints of interest?

Timing What is the time frame of interest for assessing outcomes? Are stakeholders
interested in short-term or long-term outcomes?

Setting What is the clinical setting of interest (e.g. hospital, private practice,

community health center, etc.)?
Source: Velentgas et al. (2013)

2. Intervention — Various modalities of interest in TCM under different contexts
can be explored or compared such as interventions for etiology, prevention, diag-
nosis, prognosis or treatment.

3. Comparators — There are many possible scenarios of comparison: TCM vs.
TCM, TCM vs. Western Medicine (WM), or TCM vs. Integrative Medicine
(TCM +WM). One of the challenges of comparing Chinese herbal treatments is
that they are multi-agent and multi-target, i.e. a concoction usually consists of
multiple herbs, with each of them having its own effects and targets. Hence, one
single herbal formulation may need to be considered as many simultaneous treat-
ments when performing statistical analysis.

4. Outcomes — Use of Patient Reported Outcome (PRO) is gaining popularity in
CER, and it is also an integral part of many TCM treatments. Quality of Life
(QoL) measures such as ability to walk (mobility) or eat (appetite) are com-
monly used in addition to biomedical diagnostic tests like X-Rays. TCM reme-
dies has the further benefit of having relatively few side effects, and this argument
is often used to justify TCM as an adjunct treatment. CER studies involving
integrative medicine can provide evidence about the impact of TCM in counter-
ing the side-effects of WM interventions like chemotherapy or radiotherapy used
in treatment of cancer. When comparing TCM with WM, it is also important to
select common endpoints or surrogate endpoints as evidence of analyzing the
treatment effects.

5. Timing — The timeframe for measuring treatment outcome should be carefully
considered as TCM often has a longer time to response (TTR).

6. Settings — The clinical settings for the delivery of TCM treatments is a key factor as
different clinics can offer varying quality of TCM treatments. Analyzing the
research data by using the clinical settings as a data parameter is important for
reducing selection bias. For instance, patients going to hospital versus patients vis-
iting a TCM community clinic could have very different health status or severity of
disease. Moreover, it is generally considered that patients often choose to visit the
local TCM clinic if they have a chronic condition rather than a terminal illness.
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3.3 Future of CER: Big Data Analytics

Recent literature suggests that the future of conducting CER will not solely rely on
RCTs or its derivatives, but rather a big data approach will be followed that lever-
ages on semantic web technology, linked data and data mining. Patient information
and treatment prescriptions will need to be captured at the point of care in the com-
munity rather than only being generated by research institutions during the conduct
of clinical trials. Electronic health records can be mined to identify research patient
objects which would have satisfied the inclusion and exclusion criteria for a clinical
trial. By linking data across diverse healthcare organizations (such as primary GP
care, private and public hospitals) together with insurance claims data from multiple
insurance providers, the CER researchers can have a more longitudinal view of the
patient’s treatment progress and uncover novel insights about the comparative effec-
tiveness of alternative interventions.

Big data could essentially save millions of dollars by enabling more efficient
planning, selection and analysis of patient data. Big data also has the potential to
efficiently implement n-of-1 trials in which remote monitoring medical devices
used by millions of individual patients can be networked together to provide real-
time treatment results for analytical research. Undoubtedly, the advent of big-data
will revolutionize the manner of evaluating the effectiveness of medical interven-
tions, but how fast this can be realized will depend on whether a mutually agreeable
CER standard or protocol can be established for generating credible evidence from
comparative effectiveness analysis.

4 Conclusion

A rigorous evidence-base of Chinese medicine remedies will lead to far-reaching
acceptance of TCM amongst the general population, greater use of TCM techniques by
the medical community, and incorporation of TCM in the health-care policies by gov-
ernments world-wide. In the previous sections, the benefits of augmenting the design,
conduct and evaluation phases of the RCT methodology were articulated to partially
account for the perspectives of personalized medicine prescribed in TCM philosophy.
The principles and concepts of Comparative Effectiveness Research (CER) were
explored so that a procedure can be developed by using the PICOTS typology that will
enable researchers to aggregate evidence for TCM interventions in comparison with
biomedicine. Observational research using electronic-health records and insurance-
claims data with such considerations will be highly useful as the studies will take into
account the distinct TCM notions of syndrome-based personalized prescriptions and
the focus on restoring the holistic health of the patients. Nevertheless, both RCT and
CER have restricted scope when attention is drawn towards the extensive monetary
cost, time-consumption and resource utilization by these studies. This makes it vital
that going forwards, new methods using advanced computational and pharmacological
techniques are devised with the aim of establishing evidence for TCM.
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Many data-driven techniques (also called knowledge discovery approaches) have
been developed to uncover the implicit patterns in patient data. The main goal of
using machine learning and data mining to discover implicit patterns from prescrip-
tion records is to establish evidence for the effectiveness of TCM in treating a given
medical condition. These techniques have the potential to tap into the clinician’s
experience and thereby, facilitate the transition of novel insights into new drug dis-
covery and improved patient care. For example, Poon et al. (2011) proposed a new
statistical technique to facilitate the extraction of all high dimensional statistically
significant synergistic interactions amongst herbs in TCM prescriptions. Zhou et al.
(2010) and Yan et al. (2013) utilized association rules in conjunction with networks
analyses to find subsets in TCM prescriptions that are effective in treating a condi-
tion. As well, Poon et al. (2012) incorporated the evolution approach to search for
relationships amongst symptoms and herbs in prescriptions. Zhang et al. (2008) and
Ouyang et al. (2011) used the Bayesian methods to model the concept of ‘syn-
drome’ which is uniquely found in TCM philosophy.

At the current state of research, electronic health records are still not fully uni-
form and data systems across institutions are not compatible to each other, particu-
larly between TCM and Western Medicine databases. Greater effort is needed in the
coming years to build an electronic information infrastructure that can be used for
big data analytics. This chapter aimed to familiarize the readers with the advance-
ments in the RCT methodology and the emergence of CER protocol. But given the
restrictions of these research studies, this rest of the book aims to introduce the
reader to the prime computational and pharmacological techniques used for evaluat-
ing TCM interventions. We aim to enable readers to appreciate the kind of diverse
solutions that can be applied by researchers to establish evidence for TCM and,
hence we explore issues surrounding computations of data and analytics of evi-
dence. The foci are particularly placed on study of clinical data and the analysis of
herbal data.
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Causal Complexities of TCM Prescriptions:
Understanding the Underlying Mechanisms
of Herbal Formulation

Simon K. Poon, Alan Su, Lily Chau, and Josiah Poon

Abstract Traditional Chinese Medicine (TCM) is a holistic approach to medicine
which has been in use in China for thousands of years. The main treatment, Chinese
Medicine Formulae is prescribed by combining sets of herbs to address the patient’s
syndromes and symptoms based on clinical diagnosis. Although herbs are often
combined based on various classical formulas, TCM practitioners personalize pre-
scriptions by making adjustments to the formula. However, the underlying princi-
ples for the choice of herbs are not well understood. In this chapter, we introduce a
framework to explore the complex relationships amongst herbs in TCM clinical
prescriptions using Boolean logic. By logically analyzing variations of a large num-
ber of TCM herbal prescriptions, we have found that our framework was able to
show some herbs may have different pathways to affect effectiveness and such
herbs have often been overlooked but can play a weak yet non-trivial role in enhanc-
ing the overall effectiveness of the TCM treatment. To achieve this goal, two com-
putational solutions are proposed. An efficient set-theoretic approach is first
proposed to study the effectiveness of herbal formulations, and followed by com-
plex network analysis to study the role each herb plays in affecting the outcome.

1 Introduction

TCM prescriptions depend on not just the herbs that make up a prescription, but the
inter-relatedness between herbs. The interactions may strengthen the positive effects
of a herb, reduce harmful effects, or produce a new effect not seen with only one of
the components. Each prescription may contain as many as 20 components selected
from a wide range of potential herbs. Quantitative assessment of the effect of
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prescriptions depends on models that are capable of measuring the complex
interactions that are part of the final treatment outcome (Poon et al. 2011a).

Traditionally, analysis of causality has relied on a correlational approach such as
multivariate regression, however, it has been demonstrated by several researchers
that such an approach cannot account for the phenomena of conjunctural causation,
equifinality and causal asymmetry (Ragin 2000; Fiss 2007) which are critically rel-
evant to study causal complexities of TCM.

Conjunctural causation is derived by the fact that an outcome can be achieved
from the interaction between multiple causal variables whereas interactions of more
than two variables are difficult to interpret using correlational methods such as
regression (Fiss 2007). The phenomenon of equifinality suggests that outcomes can
be achieved by utilizing different combinations of variables (Katz and Kahn 1978),
however, correlational methods such as multivariate regression analysis is unable to
account for equifinality as the model produces only a single solution (Fiss 2007).
Finally, causal asymmetry addresses the fact that causal relations are asymmetrical
in nature (Ehring 1982) which cannot be addressed through correlational analysis as
the correlational connections established are symmetrical in nature (Ragin 2008).

Motivated by the inefficiencies with the correlational approach, a new methodol-
ogy called Qualitative Comparative Analysis (QCA) was outlined in (Ragin 1987).
QCA is described by Ragin as “an analytic technique designed specifically for the
study of cases as configurations of aspects, conceived as combinations of set mem-
berships”. Unlike in correlational methods whereby variables are considered “ana-
lytically separable”, the set-theoretic approach combines variables into sets thus
enabling its asymmetric nature (Ragin 2008). This is to address the fact that some
factors may have asymmetrical effects on outcome. The set of factors that affect
positively to effectiveness can be different from the set of factors hindering the
effect, i.e. factors that positively affect project success do not necessarily have a
reverse effect when they are reduced or removed. In view of the above, we apply an
efficient method to analyze data such as prescription records for effective configura-
tions of herbs. The output of our framework is both a measure of the effectiveness
of herbal configurations and the consistencies of the analysis.

2 Background of QCA

The implementation of the original QCA that we will discuss here is called Crisp-
Set QCA, (or cs/QCA), which deals with cases that have membership scores that are
binary in nature (Ragin 1987). For example, in our application to TCM prescrip-
tions, the membership score for a herb is either zero (0) if it is not used in the pre-
scription, or one (1) if there is a presence of the herb in that particular prescription.
Note that the dosage information of herbs is ignored in this study to keep our focus
on the logical selection of suitable herbs based on inclusion (or exclusion) of a herb
in the TCM prescription. The underpinning procedure in cs/QCA is a process of
logically eliminating the herbs in the prescription dataset until only the most
important herbs remain — this process is termed Boolean minimization.
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In cs/QCA, the algorithm used to implement Boolean minimization is called the
Quine-McCluskey algorithm first introduced in (Quine 1952, 1955) and later
extended in (McCluskey 1956). The algorithm uses a two-level approach similar to
solving a Karnaugh map.

The first stage of the Quine-McCluskey algorithm generates a set of prime impli-
cants from a given truth table. An implicant is defined as a covering of one or more
minterms' of a Boolean function, and a prime implicant is an implicant that cannot
be covered by a more general implicant. The process of generating prime implicants
is as follows:

1. Rows in the dataset truth table are grouped based on the number columns with a

1-membership score.

2. Rows in the truth table are combined if they differ by a single variable and this
produces an implicant. (e.g. 1,0,1,1,0,1 and 1,1,1,1,0,1 is combined to form the
implicant 1,-,1,1,0,1).

. Repeat step 2 until no more merges are possible in the truth table.

4. Terms which cannot be combined are termed the prime implicants.

(O8]

Once the prime implicants are determined, a prime implicant chart is generated
from the output of the first step of the algorithm and the final solution is generated
by the second stage of the algorithm. The solution is achieved by removing essential
prime implicants, and implicants with row and column dominance and repeating the
process until no further reduction can be achieved (Jain et al. 2008).

While the Quine-McCluskey algorithm produces the exact minimal solution for
the problem, there is a tradeoff for runtime. It is the problem that is NP-Complete
with exponential runtime complexity proportional to the number of causal condi-
tions (Hong et al. 1974; Jain et al. 2008), which presents a major overhead for large-
scale analysis. Since the QCA framework was first applied to social and political
sciences research, the number of causal conditions that QCA has been used to ana-
lyze have been relatively small in quantity and this limitation has gone largely
unnoticed. However, in our research, the scale of data analysis that is required is
immense as the dataset contains hundreds or even of remedies — for datasets of this
magnitude, the Quine-McCluskey algorithm is unable to perform analysis within an
adequate timeframe due to the vast number of logical comparisons that will have to
be performed.

In order to overcome this issue, we use an alternative algorithm as substitute for
the Quine-McCluskey algorithm called BOOM developed by (Fiser and Hlavicka
2003). This algorithm originated from a field of research known as computer aided
design and was motivated by the same inefficiencies discussed previously in exist-
ing Boolean minimization algorithms. The intended application for the BOOM
algorithm was for programmable logic arrays (PLAs), which, similar to our applica-
tion in TCM prescription data, have vast numbers of variables. Unlike the Quine-
McCluskey algorithm which produces an exact solution using a two-level logic

! A minterm is a product term of n-variables whereby each variable appears only once. For example,
iven an input function with variables a, b and c, there are 23=8 minterms, abc, abc’, ab’c, ab’c’,

g p

a’bc, a’be’, a’b’c, and a’b’c’ respectively.
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minimization process, the BOOM algorithm produces a near minimal solution using
a three-level heuristic approach, which we found to be much more efficient in our
testing than previous methodologies.

3 Methodological Implementations

In this work we apply a two-step framework to analyze causal complexities from
TCM patient data record for insomnia treatment. This approach integrates two tech-
niques to provide a holistic analysis of the complex structures of resource interde-
pendencies. It also helps to abstract complexities through the notions of synergistic
bundle. The first step of this framework is to identify core herbal components from
data using Network Analysis (NA). The second step is to analyze herbal prescrip-
tions using a more efficient QCA algorithm. The aim is to identify herbal combina-
tions that are likely to appear on configuration leading to effective herbal treatment,
as hidden relationships amongst herbs in prescriptions.

3.1 Network Analysis

A descriptive summary of a binary herb usage data can be visualised with a
frequency network. A frequency network can be constructed by drawing an undi-
rected edge for every pair of herbs that is used in one prescription record. The
thickness of the edge connecting two herbs increases proportionally to the fraction
of the prescription records that contain the herbs together. Where an undirected
edge appears in the next set of a prescription record, the edge will increase in
weight and thickness. When all edges and weights have been established, the num-
ber of edges for each node is computed as a means to adjust the node size. This
measure is known as degree centrality in Network Analysis. In a core herb network,
a high degree centrality indicates the importance of a herb to working effectively
with many other herbs in achieving a treatment. The calculation of the degree cen-
trality is essential in the purpose of breaking ties in next stage of the methodology,
the BOOM algorithm.

Strong usage and correlated herbs can be summarised and visualised in a core
herb framework. Introduced in the computation of centrality values, a core-herb
network based on the frequency of herbs summarises the common herbal combina-
tion usage by TCM practitioners. This network is constructed by computing from
the raw data, the number of records where Herb A and Herb B are used together.
This is the support of the association rule, indicating the proportion of transactions
which contain an edge itemset. An undirected edge is therefore constructed between
Herb A and Herb B with edge weights determined by the support. For each edge,
confidence calculations are also useful in order to determine if the edge itemset has
a large percentage of transactions leading to a positive outcome. Confidence in
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association rule determines the strength and reliability of the edge itemset. Herb A
and Herb B are represented by nodes and the existence of non-zero support and
confidence calculations between the two nodes is indicated by an undirected edge.
A correlation-based network can similarly be constructed with strength and reli-
ability estimators of herbal combinations.

A core-herb network based on pairwise correlation summarises the association
between two herbs as an effective pair. As the raw data is binary, the correlation
between herbs is computed using the phi correlation coefficient defined in Eq. 1.
The phi coefficient has a maximum value determined by the distribution of the two
herb variables A and B. Assuming the data has an equal distribution of positive and
negative combinations, the ¢ coefficient will range from —1 to +1. ¢ closer to *1
indicates strong association while a phi closer to zero indicates weak association.

1y Mg — Pyl

¢= M

where

111, Moo, M0, Moy are record counts of two herb usage; 1 indicates the presence of the
herb and 0 indicates the absence of the herb
n is the total number of observations

Similar to the frequency-based core herb network, Herb A and Herb B is repre-
sented by nodes and the correlation between the two nodes is represented by an
undirected edge. To estimate the reliability of each correlation coefficient, confi-
dence values are also calculated for each edge. Foundational frequency and correla-
tion networks can therefore be constructed with strength and reliability estimators
on each herbal combination edge.

3.2 BOOM Algorithm

The three stages of the BOOM algorithm are Coverage-Directed Search, Implicant
Expansion and Covering Problem Solution, respectively. These will now be dis-
cussed in detail.

3.2.1 Coverage-Directed Search

The coverage directed search (CD-Search), is named by (Fiser and Hlavicka 2003)
as the most innovative part of the algorithm. The algorithm searches for suitable
literals (or variables), which are added iteratively to construct an implicant. The
strategy for the selection of the initial literal is to use the most frequent literal as it
covers the (n—1)-dimensional hypercube. If the (rn—1)-dimensional hypercube
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found does not intersect with the off-set, it becomes an implicant, otherwise, another
literal is added in the same manner described above (Fiser and Hlavicka 2003). One
other advantage of the CD-Search is the use of immediate implicant checks when
adding literals to a hypercube — when two or more literals have the same frequency,
the only ones that will be combined to form a new hypercube is if the new hyper-
cube does not intersect with the off-set. This improves the runtime comparing to the
Quine-McCluskey algorithm and generates a higher quality result.

Algorithm 1 CD_Search(F,R) (Fiser and Hlavicka 2003).

Input: F — the set of prescriptions with positive outcomes; R — the set of prescrip-
tions with negative outcomes.

Output: A set of implicants covering F.

CD_Search(F, R) {
H=y
do
F/'=F
t =¢
do
v=most frequent literal (F’)
t=t-v
F’=F' - cubes not including(t)
while (t N R !=9)
H=HUt
F=F - F/
until (F == @)
return H

}

In the Algorithm (1), F is the on-set, R is the off-set, and H is the set of
implicants.

One modification that we have made to the original CD-Search algorithm is that
we incorporate the use of domain knowledge in the form of centrality values
obtained by analyzing the data using network analysis in part A of the methodology.
The degree centrality values measure the amount of interaction that a particular herb
may have with other herbs in the network. Essentially the centrality values are a
measure to influence the selection algorithm when there exists a tie for the most
frequent literal — instead of a randomized selection for the most frequent literal, we
propose the use of the centrality value ranking as a tie breaker in order to produce a
more meaningful result. This approach would favor herbs that have less direct effect
on the outcome, but have strong interactions with other herbs, to higher probably to
be selected.
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Example
Given the data set in Fig. 1, we will follow the BOOM outlined algorithm to
find an implicant.

X0 | X1 |X2|X3|X4|X5|X6|X7|X8|X9| O
o[ofofofoJofofo[z]o]2
1|ofofof1|2f21]Oo|1|2(12
ofofofofof2]2]o]of2]2
1(a]1]1]o2]2]o]o]o]0
1{ofa]2fo]of2]2]0]0]0
1]1]1|2]o|o]o[21]0]0]2
o[i]|ofofo]|1|o][1|0]0]0
olo[1]1lof2f2]o[2]2]0
olo[ifo[a]a]a]2]0]0]z
1{a]a]ofala]a]ofo]o]2

Fig. 1 Example dataset used to demonstrate the BOOM algorithm

In the first iteration, the most common literal in the on-set is x5, but as this
term intersects with the off-set, it cannot be an implicant, and as a result,
another literal will have to be appended (Fig. 2).

X | XXy X350 X, X5 X6 X7 Xg Xg| O
olofofolololofol1]o]2

Xl X1 | Xy | X2 | Xg| Xs| Xg| X7 X | X o
01°1 -"21-3 "4 -5 -6 "7 "8 -9 1lofofolzlalz]of2]z]2

ojo/o0/0 000101
ATITITIEEEEERT IR ERE] olofofololzlz]olol1]2
1/1[2f2lolz]z]olo]0l0
ojofojojol1]1]0)0/1 2] T e alololzilo o o
1l11f{1jo|ofo|1fo|o|2| [{lil1l1lolololzlololz
ojo|1jo|1|1|1|1]o]o0|2]| [ol7 Ono lolilololo
1(1(1|0|1|(1|1/0|0|0|1 o/'o/1/1/0/ 1/1/0/1 10
3043 3(2|2/alala olof2folzlalz]2]olol2
3l213|2]al3]|3]2]|2]2 1l1]2]olzlz]z]ololol2

Fig. 2 Coverage-directed search algorithm demonstrating the intersection of x; with the
off-set

Ignoring the previously discovered term x;” and the row in the on-set which
is not covered by the term, we continue to find the next literal. In this next
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step, there are four literals that have the same frequency, in this case, all four
combinations with x;” are tried, with the combinations that intersect with the
off-set removed and the literal with the greatest centrality value is then chosen
from the remaining literals (Fig. 3).

The only combination which intersects with the off-set is x;3’xs and thus

X0 | X1 | X2| X3 |X4|X5|X6| X7 X8| X9 | O
0/0(0|0|O|O|O|O|1 |01

X0 | X1 |X2| X3 |Xa|X5|X6|X7|X8|X9| O
i{0/0/0|2|2|1|0|1 1|1

0|00 0/o0/0/0 101
o(fojo0jO0|O0O|1T|1|0|0|1]|1

1 1|11 1|11
00 0 1 1(1Q212fo0ofj2f1j0j0f0]|0
g tjr)o Y falolafxlololz]2]0]0]0
1|1/1|1(0f(0|0f1|0|0|1
0|01 1/1|1(1(0|0]1 ol1]o0 Onl ol1lo0lo0lo0
1111 1j1}]1]0]0]0)1 ojof1fajofz]zlo|1|1]o0
0|3 3 2111 3|3 0|0|1|of1lf1|1|{1|0]0]|1
12|12 3 1122 1(1/1j0|1|1|1|0|0|0]|1

Fig. 3 Coverage-directed search algorithm demonstrating ties in literals

Xx3’x1”, x3’xg, and x3’x; form the three possible implicant candidates as these
sum of products do not intersect with the off-set.

Suppose x has the highest centrality value rank out of the three remaining
literals, we choose x;’xs as an implicant, and then the next step would be to
find another implicant which covers the remainder rows, shown in green in
the diagram below (Fig. 4):

Xo | X1 | X2 | X3 | X4 | X5 | Xe | X7 | X8| X9 o

Fig. 4 Coverage-directed search algorithm demonstrating the next stage of finding
implicants that cover the remaining rows
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The previous steps are repeated until all rows of the on-set are covered and
the resultant sum of products (or implicants) is the solution to the coverage-
directed search, in this case, a possible solution to the CD-search is
X3 Xe+X5" X .

The original CD-search algorithm was non-deterministic in nature due to
the randomized selection in the presence of multiple literals that are equally
frequent. Our modification to the algorithm, which introduces the use of cen-
trality values, aims to eliminate the uncertainty by using a centrality value
rank as the tie-break selection criteria.

3.2.2 Implicant Expansion

With the set of implicants generated from the CD-search, the next stage of BOOM
called implicant expansion is run in order to produce the prime implicants. The term
expansion can be somewhat misleading, as the number of literals in the implicants
is actually reduced. However, by removing literals from implicants, their coverage
is expanded and thus the name.

Individual literals in each implicant are tried for removal and if the new expres-
sion does not intersect with the off-set, then the literal removal is made permanent
(Fiser and Hlavicka 2003). There are three strategies for implicant expansion, which
are exhaustive expansion, sequential expansion and multiple sequential expansion,
respectively. In our testing it was found that the sequential expansion strategy’s
performance was the most acceptable and the results produced were adequate.

The sequential expansion method simply tries to remove all literals from the
implicants one by one and once no further removals are possible, then the newly
reduced implicant becomes a prime implicant (Fiser and Hlavicka 2003). One minor
downside of this expansion strategy is that it is a greedy algorithm, that is, for each
original implicant; only one prime implicant is produced because it does not con-
sider the benefits and costs of removing one implicant as opposed to another.
Nonetheless, as noted by the authors, the “simplest sequential expansion is better
for very sparse functions” which is the case for our research due to the limited diver-
sity present in the dataset (Fiser and Hlavicka 2003).

3.2.3 Covering Problem Solution

Once the prime implicants are obtained from the implicant expansion process, ide-
ally we would like to reduce the number of prime implicants so that a minimal num-
ber of them still cover the given dataset. This is an instance of an NP-hard problem
called the Unate Covering Problem, i.e. the best known algorithms have exponential
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complexity. As noted in (Fiser and Hlavicka 2003), an exact solution to the covering
problem is time consuming and that a heuristic approach is the only viable method.

The heuristic proposed in BOOM is called Least Covered, Most Covering
(LCMC) whereby prime implicants covering minterms which are covered by the
least number of other prime implicants are preferred and if there are more than one
such prime implicant, then the one which covers the most number of minterms
which are not yet covered is chosen (Fiser and Hlavicka 2003).

While the performance of this heuristic is efficient, we felt like the quality of the
results could be improved. As a result, we introduce an alternative heuristic as a
slight modification to BOOM called Literal Weights and Output Weights (WLWO)
proposed in (Kagliwal and Balachandran 2012). The Unate Covering Problem can
be transformed into a well-known Set Cover Problem. This heuristic, unlike the
LCMC heuristic, is designed for the sole purpose of logic minimization and takes
into account the relationship between implicants and minterms.

This heuristic defines several weights:

1. Literal Weights (LW) — this is defined to be the number of prime implicants
which contain such a literal

2. Output Weights (IC) — this is defined to be the number of implicants in the on-set
or don’t-care-set for each output. In our case with only a single output function,
this is simply the cardinality of the on-set and don’t-care-set.

Along with the weights, the sub-section then goes on to define several weight
functions:

1. Weighted Literal Count (WL): WL, = ZLWX

xeX;

2. Weighted Output Count (WO): WO, = »'IC,
yeY;

Using these weight functions, the sub-section introduces a three-stage heuristic.
Firstly, select prime implicants for inclusion into the final solution if they cover the
most number of yet uncovered minterms. If there is a tie, then select the ‘shortest’
implicant, that is, the one with the lowest literal count. Finally, if there is another tie,
then the prime implicant with the highest WLWO heuristic value is used whereby
WLWO,=WL,;x WO,. (Kagliwal and Balachandran 2012)

The final set of prime implicants produced by the solution to the covering prob-
lem forms our final causal configurations with each prime implicant forming a sin-
gle configuration that leads to the outcome.

3.3 Integration of Results

The set of prime implicants can subsequently be super-imposed on the Herbal
Network to verify and determine strong herb-herb interactions and other interesting
patterns. Note that as analysing the prime implicant’s negative or NOT(herb) result
is confounded by the ambiguous definitions of negative, therefore these negative
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herbs will be ignored in visualisation. Two comparative core herb networks can
therefore be generated and compared to observe interesting patterns; a herb
frequency of usage network; and a pairwise herbal correlation network.

Atop either of the two foundational base networks, prime implicants can be
super-imposed to visualise interesting results. For each prime implicant set, an undi-
rected edge is created between every pair of herbs in the set. This undirected edge
will have a thick line if this edge exists in the base network and a dashed line other-
wise. When all edges and weights have been established, the number of edges for
each node is computed based on the degrees centrality measures. Interesting factors
can thus be inferred by super-imposing positive outcome prime implicants.

4 Data

The described methodology was performed on the insomnia dataset described in
(Zhou et al. 2010a). A clinical data warehouse was developed (Zhou et al. 2010b) to
integrate and to manage large-scale real-world TCM clinical data. This data ware-
house consists of structured electronic medical record from all TCM clinical
encounters, including both inpatient and outpatient encounters. There are about
20,000 outpatient encounters of the TCM expert physicians. These encounters
included clinical prescriptions for the treatment of various diseases, in which insom-
nia is a frequently treated disorder.

Total of 460 insomnia outpatient encounters were extracted. The outcome of
each encounter was annotated by TCM clinical experts who went through the
changes of the insomnia-related variables over consecutive consultation; these
include the sleep time per day, sleep quality and difficulty in falling asleep. The
outcomes are then classified into two categories: good and bad. When a treatment
was effective, which means that if the patient recovered completely or partly from
insomnia in the next encounter, then the prescription of the current encounter would
be categorized as ‘good’; otherwise, the herb prescription would be categorized as
‘bad’. After labelling these 460 outpatient encounters, there are 68 encounters with
bad outcomes in this dataset; in other words, it is an imbalanced dataset to the
advantage of the target class. The average good outcome rate (GOR) of the whole
data set is 392/460=85.21 %. There are 261 distinct herbs in the dataset and there
are on average 14 herbs in a formula.

5 Results

5.1 Analytical Results from Set-Theoretic

Another important modification to the BOOM algorithm was made such that when
two prescriptions are present in the dataset but contributes to both a positive out-
come and a negative outcome. Instead of marking these as don’t-care terms (whereby
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the outcome is marked by ‘-’ instead of 0 or 1), we calculate the ratio of the desirable
outcome and the occurrence of this prescription. This is similar to calculating the
odds ratios in a case-control study where effectiveness is compared between a set of
herbs in a prescription and another prescription with one of more herbs removed. If
this ratio were higher than a threshold value, the outcome for this prescription would
be set to the desired outcome, otherwise, the undesired outcome. In our case, the
threshold used was the overall ratio of desirable outcomes to the total number of
prescriptions (Su et al. 2013).

5.1.1 Results from Analysis of Positive Outcomes

We first analyze the causal configurations that lead to a positive outcome, in this
case, the on-set of the dataset is set to where the outcome equals to 1. The results
produced along with the frequency of these configurations in the prescriptions are
shown in Table 1:

5.1.2 Results from Analysis of Negative Results

Next we analyze the causal configurations that attribute to a negative outcome, in
this case, the on-set of the dataset is where the outcome is equal to 0. The results
produced along with the frequency of these configurations in the prescriptions are
as follows (Table 2):

5.2 Results from Network Analysis

Prior to analysis, it is possible to observe descriptive statistics summaries from the
described core herbal network. A larger node size indicates a herb is core to a desired
outcome. The edge weights between two nodes indicate a dependent association
between two nodes. To visualise core herb summaries, both frequency and correla-
tion networks can be generated from the insomnia dataset. The insomnia frequency-
based network is shown in Fig. 5 with frequency and confidence of pairwise herb
usage indicated on the edges. As the full graph is too dense to quickly extract any
important information visually, a threshold of 46 frequency counts was used for
visualisation purposes only. This 46 threshold is equivalent to a 10 % support
threshold in association rules. The centrality values are derived from the frequency
network, as used in the BOOM algorithm. The centrality values are tabulated in
Table 3.

After converting the frequencies for each prime implicant (shown in Fig. 5) into
pair-wise edge weights, the results generated by this approach are shown to be con-
sistent to the earlier work described in (Zhou et al. 2010b). In regards to the



Table 1 Positive prime implicant results from insomnia dataset

Configuration Freq.
~VAR117+~VAR202*VAR235VAR237 79
~(FRB2)~(1 BAR)-(HliZR) (W BEL)

VAR34+~VAR43+VAR200 76
(BiE)~(REH)(EHE)

~VAR43+~VAR1Z20*VAR196+*~VARZ35 53

~(REH)~(BRTF) (AR ~(BEE)
~VAR1*~VARS5*~VAR34 +~VAR35¢~VAR39+~VAR]113+~VARZ200+~VARZ236+~V 46
AR241+~VARZ242

~(RFB)~(ER)~(BE)~(H D) ~(E F )~ (T~ W R)~(518)~ (495

Y~(JIIE)

VAR175+VAR237 45
(LLZ5) (O EREL)

VAR40+~VAR112~VAR210+~VAR238 44
(B~ E)~(EF H)~(5H)

~VAR76+VAR117 37
~(FT%)-(FR 52)

~VAR151*~VAR178B+~VAR235*VAR236*VAR237*~VAR242 36
~(JREE 1)~ (IR ) ~(BUIE R ) () (D EBIEL)~()I1 )

VAR79+VAR203 36
(B#)-(B %))

VAR33+VAR34+~VAR113+~VAR196+VAR237 34
(TRFF) (B )~ (S B )~ (KRR (W ERRLD)

~VAR34+VAR113+*VAR235 34
~(EIE) (£ 1 F) (i)

~VARB *~VAR48+~VART 9+ ~VAR202+~VAR236+VAR237 29
~(RB)~(REB)~(AE)~(WBER)~(AN 1) (DEEL)

VAR40+~VAR235 29
() ~(BIE )

VAR35+VAR237*VAR238 28
(B (W EA) (52 H)

~VAR33+~VAR35+~VAR46*~VAR112+~VAR113*~VAR175+~VAR198 *~VARZ20 26
2+~VAR238

~(R )~ (BB )~ (BRI~ (B )2 1 )~ (T8~ (L TBER)~(80 I R+~ (5

i

~\3AR8 *~VAR112+~VAR113+~VARLI75¢~VAR196+VAR202+~VAR241 22
~(3B)~(FNE)~(E B )~ (LU ZH)~(KET) (1 HAR)~(4L95)
VAR117+~VAR202+~VAR210 18
(FREZ )~ AR)~(E¥H)

VAR33+~VAR36+VARL74+*VAR236 17
(RF)~(EZ)(HB)(AT])

VAR43+~VAR196+~VAR238 14
(3 ) ~( )~ (%)

VAR46+VAR203+~VAR241 13
(BRR)-(A%)-~(4t%5)

~VARS5*VAR35+VAR113+~VAR236 13

~(BE)(HZ) (L E)~(AF)
~VAR34 *VAR178 *VAR210 *VAR238

~(BE)- (P ARFR)- (5 H)- ()
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Table 2 Negative prime implicant results from insomnia dataset

Configuration Freq.
VAR33¢~VAR113+~VAR117*~VAR178~VARZ01+~VARZ202+~VAR235~VARZ |4
37

(R )o~(E M B~ (BR R o~ (IR )~ (£ ) ~(B BR)~(BhER)~ (W BEL)
~VAR40*~VAR113*~VAR117 *~VAR130+VAR175+~VAR237 1
~(BERE)~(EHBE)~(BRE) ~(R 1)+ (L Z5)-~(WDBIHL)
VAR33+~VAR34*~VAR36+~VAR196*~VAR198*~VARZ202+~VARZ235+~VAR238 10
*~VAR241

(TR~ (BFE) o~ (R )~ (K)o~ (L EE ) ~(4D B R )~ (BT )~ (5 EH )~ (4L 95)

~VAR34 *~VAR40*+~VARB4 *~VAR113+~VAR117 *~VAR1 96+ VAR200 *~VAR202 7
«~VAR235

~(BLE)~ (A B ) ~(E )~ (£ H)~(BRR)~(KF)(£ HE)~( BR)~(Fliz
)

~VAR79*~VAR113+~VAR117+~VAR175VAR203+~VAR236+VAR241 7
~(BIHE) o~ iy B )o~(BR BZ)~(LLZH)+( B 55~ (15} )~ (4L 955)

VAR34 *~VAR40+~VART 9+ ~VAR117 *~VAR198 ¢ ~VAR202 +~VAR203+~VAR241 7
(B )o~( R ) ~(PAE )~ (PR )~ (WL EE PY)~ (1 B R)~( B %))~ (4L45)
VAR30+~VAR43+~VAR113+~VAR120«~VAR200~VAR203 «~VAR241 «~VAR24 7
2

(EFO)~(REE)~(E W E)~(ERF)~(EHE)~(BE)~(4HF)~IE)
VAR76¢~VAR130+~VAR178+~VAR200«VAR210*~VAR241 6
(T8 )o~(B )~ (RO ARTT) o~ (4 H B (FR 2K B )o~(HL95)
~VAR46%~VAR120+~VAR130+~VAR175~VAR196+~VAR200+~VAR202 +~VAR §
235+VAR236

~(BARE)~( BT ) ~(B )~ (L ZE ) ~(KT)~(E HE)~(AR)~(HIZE)-(A

)

VAR35+~VAR40*~VAR46+~VART9*~VARL13 »~VAR210*~VAR237 5
(BE)~(AEHE)~(DRR)~ (P )~ (£ H)~ (R H)~(DBEL)

VARB *~VAR35+~VAR79*~VARL74 *~VAR200+~VAR201 *~VAR242 4
(HB)~(HZ)~(HE)~(HB)~(EHE)~(E£E)~(IIB)
~VAR35+VAR113+~VAR174+~VAR202 «~VAR237+~VAR242 3

~(BE) () ~()T)~(B BR)~ (R BR)~()I|1Z)
~VAR34+~VAR35+~VAR39+~VAR48+~VAR200+~VARZ01+*VAR203+~VAR210+ 3
~VAR241+~VAR242

~(BE)~(ET)~(E T ) ~(EXE)~(EHE)~(EE) (B E)~CEELE)~(H %)
~(JIIE)

VAR1*VAR235+~VARZ38 2
(AF2) (BT &) ~(%1)

VAR34+VAR113+VARZ202+VARZ238 1
(BLEE)- (£ M BT ) (B0 BEAR) (5 )
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Fig.5 Energy layout of insomnia frequency-based core herb network with 46 frequency threshold
(10 % support threshold). The node size represents frequency of interaction and the edge label
highlights the pairwise interaction frequency. (Figure 5 in high resolution with colour can be

accessed at http://www.sydney.edu.au/it/~itcm/book/images/figure2-5.jpg). The full color version
of this image may be viewed in the eBook edition

correlation network, in order to identify reasonably strong pairwise correlations,
correlations greater than 0.2 threshold and less than —0.2 threshold of the insomnia

dataset is shown in Fig. 6. The +0.2 threshold is arbitrarily chosen to avoid a heavily

dense network and thus to ensure a quick visual summary of core herbal combina-
tions. Negatively correlated combinations are indicated with a dashed line and
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Table 3 Degree centrality values and frequency calculated for each herb, using the full insomnia
frequency network

Herb Herb name Chinese name  Centrality Frequency
VAR237  Stir-frying spine date seed KRR 2,419 257
VAR33  Indian bread [ 2,249 253
VAR34 Golden thread HHE 1,580 165
VAR238  Chinese thorowax root LB A 1,576 174
VAR235 Prepared thinleaf milkwort root il & 1,554 166
VAR200  Fresh liquorice root AEHTE 1,456 165
VAR203  White peony root =L} 1,377 153
VAR236 Common anemarrhena rhizome EANSs 1,362 151
VAR210  Prepared pinellia tuber tr= ] 1,358 148
VAR196  Chinese date KA 1,248 132
VAR174 Chinese angelica s 1,200 139
VAR40 Grassleaf sweetflag rhizome i 1,167 130
VAR113  Dried/fresh rehmannia [root] Az il 1,127 131
VAR241  Oyster shell LR 1,111 120
VARI121 Dragon bone o 1,028 105
VAR79  Cassia bark P 995 98
VAR117  Dried tangerine peel W Bz 972 106
VAR46 Stir-frying immature orange fruit e 969 106
VAR242  Szechwan lovage rhizome JI= 958 112
VAR35 Baical skullcap root A 940 109
VAR76 Bamboo shavings radi 858 87
VAR39 Lotus plumule ST 754 79
VAR130  Dragon teeth ki 750 77
VAR202  Stir-frying largehead atractylodes IEIAR 673 86
rhizome
VAR5 Lily bulb HE 640 72
VAR36  Dwarf lilyturf tuber L& 617 84
VAR48 Tuber fleeceflower stem AT 594 74
VARS8 Tangshen WS 565 64
VAR112  Light wheat FANE 565 58
VAR201  Fresh ginger 42 557 58
VAR175  Common yam rhizome 12y 536 70
VARS4 Peppermint THE AT 510 54
VAR198  Asiatic cornelian cherry fruit 1L Ay 455 58
VAR120  Chinese magnoliavine fruit kKT 372 46
VAR178  Stir-frying orange fruit YR 357 50
VAR3 Phyllanthus ussuriensis HHE 317 40
VAR43 Fermented soybean R 278 33
VARI51  Arabic cowry shell s S0y 275 26
VARI1 Heterophylly falsestarwort root K15 121 14

positively correlated combinations with a solid line where phi correlation values are
indicated on the edges. Foundational frequency and correlation networks can
therefore be constructed with strength and reliability estimators on each herbal
combination edge.
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Fig. 6 Energy layout of insomnia correlation-based core herb network with +0.2 threshold and
correlation weighted edge weights, dotted edges indicate negative correlation, and node size indi-
cate frequency of interaction for the given node. (Figure 6 in high resolution with colour can be
accessed at http://www.sydney.edu.au/it/~itcm/book/images/figure2-6.jpg)

5.3 Results from Interaction Analysis

Frequency and correlation networks can suggest possible interactions between
herbs that are interesting to test for. As the reduced frequency network displayed the
majority of threshold prime implicant sets, only the cycles will be analysed as pos-
sible pair-wise interactions. Mathematically, this is expressed in Eq. 2 and can be
similarly expanded for higher dimensions (e.g. Poon et al. 2011b).

(I’l“ +”00) > (”01 + nlO) 2)

where n; is the frequency of Herb i and Herb j where 1 indicates the presence of a
herb and 0, absence.
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Table 4 Interaction analysis of pairwise combinations derived from prime implicant connections
in frequency and correlation networks

Combination Frequency Good outcomes Good outcome rate  Additiveness
VAR241 11+00 35+122 31+102 84.71 Sub-additive
VAR33 01+10 218+85 190+ 69 85.48
VAR210 11+00 81+140 70+112 82.35 Sub-additive
VAR33 01+10 172+ 67 151+59 87.87
VAR210 11+00 46+238 41+204 86.27 Super-additive
VAR241 01+10 74+102 59+88 83.52
VARI175 11+00 46+179 46+ 142 83.56 Sub-additive
VAR237 01+10 211+24 191+13 86.81
VAR113  11+00 56+219 53+174 82.55 Super-additive
VAR235 01+10 110+75 99+ 66 89.19
VARI13 11+00 51+227 47+186 83.81 Super-additive
VAR203 01+10 102+80 87+72 87.36
VARI13 11+00 24 +244 21+200 82.46 Super-additive
VAR35 01+10 85+107 73+98 89.06
VAR203 11400 344232 31+195 84.96 Super-additive
VAR35 01+10 75+119 63+103 85.57
VAR200 11+00 90+220 89+ 180 86.77 Super-additive
VAR34 01+10 75+75 60+63 82.00
VAR237 11+00 48+142 47+108 81.58 Sub-additive
VAR35 01+10 61+209 47+190 87.78
VAR235 11400 143+180  132+135 82.66 Super-additive
VAR237 01+10 114+23 105+20 91.24
VAR203 11+00 46+247 43+214 87.71 Super-additive
VAR46 01+10 60+ 107 44+91 80.84
VARI113 11+00 34+293 34+248 86.24 Super-additive
VARI175 01+10 36+97 25+85 82.71
VAR203 11400 100+150 93+114 82.80 Super-additive
VAR237 01+10 157+53 144 +41 88.10
VAR238 11+00 374211 34+169 81.85 Super-additive
VAR242 01+10 75+137 68+121 89.15
VAR33 11+00 32+175 32+144 85.02 Sub-additive
VARS 01+10 32+221 27+189 85.38

Table 4 summarises results of pairwise interaction analysis. Interpretation of the
interaction analysis results will not be described here as the purpose of this chapter
is to introduce a cause and effect methodology between herbs. Common node and
cycle analysis can therefore identify effective higher order combinations by taking
advantage of low correlated or low frequently ignored herbs.

5.4 Overall Results and Visualization

In order to visualise causal herb combinations, prime implicants are superimposed
on the base frequency and correlation networks. The resulting frequency and
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Fig. 7 Insomnia frequency network with superimposed prime implicants; green edges represent
base frequency network; red edges represent prime implicant edges whereby the node pair results
in a sub-additive effect; blue edges represent prime implicant edges whereby the node pair results
in a super-additive effect. The node size represents degree of interaction in the base graph. Blue
nodes represent nodes in the base network whereas the red nodes are prime implicant nodes. The
degree of redness indicates frequency of presence in prime implicants (Figure 7 in high resolution
with colour can be accessed at http://www.sydney.edu.au/it/~itcm/book/images/figure2-7.jpg)

correlation graphs are shown in Figs. 7 and 8. An energy layout is similar to the
Kamada-Kawai algorithm was used for both core herb networks in Pajek (Batagelj
and Mrvar 2003). This layout positions the graph such that the edge weights repre-
sent the edge length between two nodes. Higher frequency and correlated edges are
therefore positioned closer together, and outlier frequency and correlation are
further away from the primary network.
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Fig. 8 Insomnia correlation network with super-imposed prime implicants; green edges represent
base frequency network; red edges represent prime implicant edges whereby the node pair results
in a sub-additive effect; blue edges represent prime implicant edges whereby the node pair results
in a super-additive effect. Edges with a dashed style represent correlation <—0.2, edges with a solid
style represent correlation >0.2 and edges with a dotted style represent correlation between —0.2
and 0.2. The node size represents degree of interaction in the base graph. Blue nodes represent
nodes in the base network whereas the red nodes are prime implicant nodes. The degree of redness
indicates frequency of presence in prime implicants (Figure 8 in high resolution with colour can be
accessed at http://www.sydney.edu.au/it/~itcm/book/images/figure2-8.jpg) (The full color version
of this image may be viewed in the eBook edition)

6 Discussion

The previous section describes the methodology and demonstrates its application on
the insomnia dataset. Thus, general observations can be made from visualization of
the results, though further analysis is necessary to conclude its validity.
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Although two base visualisation and analysis methodologies, frequency and
correlation, have been introduced the complexity of herb-herb interactions may
affect the validity of these inferences. In the illustrated network construction, nega-
tive NOT(herb) results were ignored. These confounding factors remain to be
addressed in future work. Confounding in statistics is where a factor that may exert
an effect is not measured in the experiment; thus biasing any analysis performed.
Herbal combinations that appear in both positive and negative frequency and cor-
relation networks indicate there may be possible confounding herbal or background
factors that are affecting accurate analysis of core herbs. Confounding may arise
through herb to herb interactions and extend to different and higher order herbal
configurations, particularly when herbs are interacting amongst other herbs.
Auxiliary herbs may also give rise to confounding due to their dependencies on
other core herbs. While auxiliary herbs may not contribute to core therapeutic
effects, their high frequency of usage may cumulate to significant effects. In com-
plex disease patterns, the use of auxiliary herbs may exceed those of principal herbs.
Further, though confounding herbs may be observed, this does not necessitate the
removal of those herbs, which may further bias and confound the analysis.
Addressing confounding and the absence of an herb can therefore be useful to illu-
minating more significant core herbs and less useful herbs.

7 Conclusion

Successful TCM prescriptions depend on not just the presence of chosen herbs
that make up a prescription, but the absence of other herbs may be equally impor-
tant, especially for those herbs that are tightly connected to other herbs, as the
later may impact negatively on the outcome. In this chapter, we have described
and demonstrated an approach to discover the intertwining patterns of herbs in
TCM prescriptions. Applying techniques in set-theoretic may distil the configura-
tion where necessary herbs are required for the successful treatment. In addition,
a network tool based on frequency of usage and correlation aided the understand-
ing of domain knowledge choice of herbs as well as interesting factors that are
worthwhile testing for. By further super-imposing positive outcome prime impli-
cant results, a map of strong herb combinations with large positive outcome cov-
erage can be inferred. This framework not only has validated results in consistence
with earlier work performed by Zhou et al. (2011b), and also introduced a more
efficient approach to reach configuration solutions form the causal complexity
perspective.

Although this chapter introduces a computational approach for finding the use-
ful herb combinations in the context of clinical outcomes. Several key issues still
exist to be addressed in the future work. Firstly, two important information compo-
nents, namely herb dosage and clinical manifestation (e.g. symptoms, co-morbid
conditions), of the clinical data should be considered. Because it is widely recog-
nized in the medical field that the herb dosage has an important effect for treatment
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and also performs a significant role for complex interactions amongst herbs.
Secondly, by incorporating dosage information, the computing cost of moving
crisp-set QCA to fuzzy-set QCA to find the optimal complex herbal formulations
should be further studied.

References

V. Batagelj, A. Mrvar, Pajek — Analysis and Visualization of Large Networks. Graph Drawing
Software, 3ed edn. (Springer, Berlin, 2003)

D. Ehring, Causal asymmetry. J. Philos. 79(12), 761-774 (1982)

P. Fiser, J. Hlavicka, BOOM - a heuristic Boolean minimizer. Comput. Inform. 22, 1001-1033
(2003)

P.C. Fiss, A set-theoretic approach to organisational configurations. Acad. Manage. Rev. 32(4),
1180-1198 (2007). doi:10.5465/amr.2007.26586092

S.J. Hong, R.G. Cain, D.L. Ostapko, MINI: a heuristic approach for logic minimization. IBM.
J. Res. Dev. 18(5), 443-458 (1974). doi:10.1147/rd.185.0443

T.K. Jain, D.S. Kushwaha, A.K. Misra, Optimization of the Quine-McCluskey method for the
minimization of the Boolean expressions, in Autonomic and Autonomous Systems, 2008. ICAS
2008. Fourth International Conference on, 16-21 Mar 2008, pp. 165-168. doi:10.1109/
icas.2008.11

A. Kagliwal, S. Balachandran, Set-cover heuristics for two-level logic minimization, in VLSI
Design (VLSID), 2012 25th International Conference on, 7-11 Jan 2012, pp. 197-202.
doi:10.1109/v1sid.2012.70

D. Katz, R.L. Kahn, The Social Psychology of Organizations, 2nd edn. (Wiley, New York, 1978)

E.J. McCluskey, Minimization of Boolean functions. Bell. Syst. Tech. J. 35(5), 1417-1444 (1956)

S.K. Poon, K. Fan, J. Poon, C. Loy, K. Chan, X. Zhou, R. Zhang, Y. Wang, J. Xie, B. Liu, P. Kwan,
J. Gao, D. Sze, Analysis of herbal formulation in TCM: infertility as a case study, in Proceedings
of the International Workshop on Information Technology for Chinese Medicine, In Conjunction
with the IEEE International Conference on Bioinformatics & Biomedicine (BIBM 2011),
Atlanta, 12—15 Nov 201 1a.

S.K. Poon, J. Poon, M. McGrane, X. Zhou, P. Kwan, R. Zhang, B. Liu, J. Gao, C. Loy, K. Chan,
D. Sze, A novel approach in discovering significant interactions from TCM patient prescription
data. Int. J. Data. Mining. Bioinform. 5(4), 353-367 (2011b)

W.V.O. Quine, The problem of simplifying truth functions. Am. Math. Mon. 59(8), 521-531
(1952)

W.V.O. Quine, A way to simplify truth functions. Am. Math. Mon. 62, 627-631 (1955)

C.C. Ragin, The Comparative Method: Moving Beyond Qualitative and Quantitative Strategies
(University of California Press, Berkeley, 1987)

C.C. Ragin, Fuzzy Set Social Science (Unuversity of Chicago Press, Chicago, 2000)

C.C. Ragin, Redesigning Social Inquiry: Fuzzy Sets and Beyond (University of Chicago Press,
Chicago, 2008)

A. Su, S.K. Poon, J. Poon, Discovering causal patterns in TCM clinical prescription data using
set-theoretic approach, in Proceedings of the International Workshop on Information
Technology for Chinese Medicine, In Conjunction with the IEEE International Conference on
Bioinformatics & Biomedicine (BIBM 2013), Shanghai, 18-21 Dec 2013

X. Zhou, S. Chen, B. Liu, R. Zhang, Y. Wang, P. Li, H. Zhang, Z. Gao, X. Yan, Development of
traditional Chinese medicine clinical data warehouse for medical knowledge discovery and
decision support. Artif. Intell. Med. 48(2-3), 139-152 (2010a)

X. Zhou, J. Poon, P. Kwan, R. Zhang, Y. Wang, S.K. Poon, B. Liu, D. Sze, Novel two-stage ana-
lytic approach in extraction of strong herb-herb interactions in TCM clinical treatment of
insomnia, in Medical Biometrics, ed. by D. Zhang, M. Sonka, vol. 6165 (Springer, Berlin/
Heidelberg, 2010b)


http://dx.doi.org/10.5465/amr.2007.26586092
http://dx.doi.org/10.1147/rd.185.0443
http://dx.doi.org/10.1109/icas.2008.11
http://dx.doi.org/10.1109/icas.2008.11
http://dx.doi.org/10.1109/vlsid.2012.70

Medical Diagnosis by Using Machine
Learning Techniques

Mingyu You and Guo-Zheng Li

Abstract There are many challenges in data analytic research for TCM (Traditional
Chinese Medicine), like various clinical record sources, different symptom descrip-
tions, lots of collected clinical symptoms, more than one syndrome attached to one
clinical record and etc. Novel methods on feature selection, multi-class, and multi-
label techniques in machine learning field are proposed to meet the challenges. Here
in this chapter, we will introduce our works on discriminative symptoms selection
and multi-syndrome learning, which have improved the performance of state-of-arts
works.

1 Introduction

With the increasing digitized data collection, TCM clinical data analysis has
attracted more interests from TCM researchers and machine learning scientists.
Various established machine learning techniques help to achieve remarkable
improvements in TCM data analysis. Considering its own characteristics, TCM data
analytic research still brings great challenges to machine learning techniques.

— Numerous symptoms can be recorded in clinical process. But high dimensional
features will hurt the modeling performance of machine learning methods. How
to select appropriate symptom subset for a certain disease in the data analytic
process is a critical problem for data modeling and understanding.

— Usually, a patient is diagnosed as having more than one syndrome in TCM. Clinical
data modeling can be abstracted as multi-class or even multi-label problem.
Existing machine learning techniques are excellent on binary classification. Multi-
class and multi-label modeling is still a challenge to machine learning researches.
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To face the above challenges in clinical data analysis, this chapter describes the
novel techniques on discriminative symptoms selection and multi-syndrome learn-
ing. Applications include feature selection for lip diagnosis, symptom selection for
inquiry diagnosis of coronary heart disease, multiple syndrome classification for
medical diagnosis and syndrome classification of hypertension with feature fusion.

Most TCM machine learning works does not consider the medical meaning and
links among features. However, TCM data contain a large quantity of symptoms or
syndromes which have specific medical meaning. Therefore, seeking the links
between features including symptoms and syndromes in TCM data analysis is also
important.

Among a large number of symptoms in TCM diagnosis data sets for a certain
disease, some symptoms may be redundant. Therefore, selecting major or relevant
symptoms is crucial to the performance of machine learning. Wang et al. (2009a)
used SVM (Support Vector Machine) to generalize symptom weights in CHD
(Coronary Heart Disease) predictions. Liu et al. (2010)used symptom frequency
analysis to enhance modeling results in learning. Zhou et al. (2010) developed a
clinical RIM (Reference Information Model) and a physical data model to manage
various entities and relationships in TCM clinical data. PCA (Principal component
analysis) (Jolliffe 1986), PLS (Partial Least Squares) (Helland 1990), MRMR
(Maximum Relevance and Minimum Redundancy) (Peng et al. 2005) have been
used to perform symptom selection to improve prediction accuracy.

The results from conventional primary symptom selection or reduction methods
are difficult to be interpreted in TCM. For instance, PCA reduces symptom dimen-
sionality at the expense of losing medical meaning (Lu et al. 2011). Although
MRMR can predict fairly using only a few major symptoms (Hu and Wu 2007), the
results are often inconsistent with basic TCM theory (Deng 1984; Wang 2004). This
study aims to use RAD (Relative Associated Density) to perform symptom selec-
tion, and evaluate whether the results can be better explained by TCM theory (Deng
1984; Wang 2004).

Multi-label learning is usually referred to high-dimensional data, but there are
very few dimension reduction methods and feature selection methods available for
multi-label data due to the complexity of multi-label learning. As to feature dimen-
sionality reduction, the recently published MDDM (Multi-label Dimensionality
reduction via Dependence Maximization) (Zhang et al. 2010) is a feature extraction
method which uses the HSIC as the performance criteria and attempts to project the
original data into a lower-dimensional feature space to maximize the dependence of
the original feature description on the associated class labels. Experiments show
MDDM is slightly superior to PCA and nonlinear dimensionality reduction method
LPP, and is significantly superior to the multi-label dimensionality reduction method
MLSI (Yu et al. 2005). Linear Dimensionality Reduction (Ji et al. 2009) shows
improved performance when the least squares and other loss functions, including
the hinge loss and the squared hinge loss, are used in multi-label classification. One
problem of MDDM and Linear Dimensionality Reduction is that the original low-
dimensional features cannot be obtained, which poses an obstacle to scientific
understanding of scientific problems.
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Feature selection attempts to remove irrelevant and redundant features and
entails choosing the smallest number of features to adequately represent the data
and maximizing the prediction or classification accuracy. Feature selection dis-
tinctly improves the comprehensibility of the classification model and builds a
model which can better predict the unknown samples. It has practical significance.
For example, extensive experiences are needed to grasp the main symptom in TCM
differential treatment. The current feature selection methods are divided into three
broad categories: wrappers, filters, and embedded methods (Guyon and Elisseeff
2003). Wrappers depend on the learning machine and utilize the learning machine
of interest as a black box to score feature subsets according to their predictive power.
Although the wrapper methods are comparative time-consuming, they are widely
used in scientific data analysis because the selected feature subset is optimal to the
specific learning machine due to its mechanism that the selection result is based on
the learning algorithms. In multi-label feature selection, MEFS (Embedded Feature
Selection for Multi-Label Learning) (Ge et al. 2009) was proposed last year, in
which sequential backward search algorithm is adopted to search the feature subset,
and the prediction risk criterion (Moody and Utans 1992) is used to evaluate the
performance of the feature subset. In wrappers, a comparatively good result was
achieved when the genetic algorithm was introduced (Zhang et al. 2009).

Multiple possible syndromes in TCM clinical diagnosis result raise a multi-class
problem, which is more popular in real-world applications. Meanwhile, a few works
have been devoted to the study of multi-class data sets with skew distribution (Zhou
and Liu 2006). In designing data mining algorithms, it is often easier first to devise
algorithms for distinguishing between only two classes. Some data mining algo-
rithms, such as K-Nearest-Neighbour, Neural Network and C4.5 (Quinlan 1993)
can then be naturally extended to handle the multi-class case. For other algorithms,
such as AdaBoost (Schapire and Singer 1999) and the SVM algorithm (Cortes and
Vapnik 1995), a direct extension to the multi-class case may be problematic.
Typically, in such cases, the multi-class problem is reduced to multiple binary clas-
sification problems that can be solved separately. SVM is a classifier widely
researched and applied. There are many ways designed to use a combination of
several binary SVM classifiers to solve a given multi-class problem. In one-versus-
rest SVM, the ith SVM will be trained with the examples in the ith class with posi-
tive labels, and all other examples with negative labels. In one-versus-one SVM,
each classifier will be trained on only two out of N classes. DAG (Directed Acyclic
Graph) SVM is a decision tree structured graph, with each node distinguishing two
classes (Platt et al. 2000). Hastie and Tibshirani (1998) proposed a strategy called
pairwise coupling for combining posterior probabilities provided by individual
binary classifiers for multi-class classification. As SVMs do not naturally output
posterior probabilities, they suggested a particular way of generating these probabil-
ities from the binary SVM outputs. Based on their idea, Platt (1999) suggested a
properly designed sigmoid applied to the SVM (shortly, sig_SVM) output to form
these probabilities. All these methods are sophistically designed and propose supe-
rior performance. However, the imbalanced data distributions among classes are not
taken into consideration.
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The imbalanced problem is concerned by many researchers (He and Garcia
2009). Sampling methods, cost-sensitive methods and kernel-based methods are all
devoted to imbalanced classification. Most of them concentrate on two-class imbal-
anced mining problem. In the previous works, an APLSC (Asymmetric PLS
Classifier) is proposed to balance the sensitivity of minority class and the specificity
of majority class (Qu et al. 2010). It inherits the advantage of PLSC, which is prone
to protect the minority class and to boost the performance on the majority class.
However, APLSC is still confined to binary problems. In this paper, we focus on the
multi-class problem, which is a remarkable characteristic of TCM clinical data. In
addition, the severe distribution imbalance among classes is elaborated researched.
As APLSC is devised for binary classification, this paper ensembles multiple
APLSC:s to establish MAPLSC (Multiple Asymmetric PLS Classifier) for the multi-
class problem. Each APLSC classifier in MAPLSC distinguishes a pair of classes
and the posterior probability calculated from the classifier’s output is used for finally
combination. A new coming example is labeled as the class with maximal posterior
probability sum.

Syndrome in TCM means a characteristic profile of all clinical manifestations
that can be identified by a TCM practitioner. In the field of data mining, differentia-
tion of syndrome is modeled as a classification problem. For traditional classifica-
tion methods, every instance should have one and only one label. However, TCM
diagnostic result usually consists of several syndromes. In other words, one patient
could have more than one syndrome. Professionally, it is called multi-label data, the
learning of which is a rather hot topic recently in the fields of data mining and
machine learning. International workshops about multi-label learning are held in
recent 3 years respectively to promote the development of this topic (Zhang 2010;
Tsoumakas et al. 2009). Multi-label learning has been applied to TCM (Guo-Ping
et al. 2010), which compared the performance of ML-kNN and kNN on a coronary
heart disease dataset. You et al. and Shao et al. proposed embedded multi-label
feature selection method MEFS (Ge et al. 2009) and wrapper multi-label feature
selection method HOML (Shao et al. 2011) respectively to improve multi-label
classification’s performance on a coronary heart disease dataset.

One characteristic of TCM syndrome differentiation is “Fusion use of four clas-
sical diagnostic methods”. Inspection, auscultation and olfaction, inquiry and palpa-
tion are the four classical diagnostic methods in TCM. How to use information from
these four diagnostic methods to make better syndrome differentiation is an impor-
tant research area in TCM field. Some theories of traditional Chinese medicine
diagnosis even claim that only by using information from all the four classical diag-
nostic methods can we differentiate correctly the syndrome (Deng 2004). And
“Fusion use of the four classical diagnostic methods” is treated as an important
direction in computerization of TCM diagnosis (Wang 2010). In fact, it is called
information fusion in the field of data mining. Therefore, fusion of information
from different sources should be considered seriously in building syndrome classi-
fication with multi-label learning techniques. Nowadays, no researchers have tried
to bring techniques of information fusion into the field of multi-label learning.
Wang et al. have done some work in TCM information fusion using traditional
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single-label methods, which mainly focus on the data acquisition and medical
analysis on experiment results (Wang 2010; Wang et al. 2009a, b). But as described
above, multi-label learning should be more appropriate for syndrome classification.
So more attentions should be paid on the research of information fusion for multi-
label learning.

In this chapter we will introduce our works on medical diagnosis processing by
using novel machine learning techniques, we focus on how to select appropriate
symptom features, and improve the medical diagnosis performance. RAD (relative
associated density) and HOML (Hybrid Optimization based Multi-Label) feature
selection methods, MAPLSC (Multiple Asymmetric Partial Least Squares Classifier)
and Fusion-MLKNN (Fusion-Multilabel K Nearest Neighbor) analytic models will
be described and demonstrated on CHD, lip color, and hypertension data sets. The
rest of this chapter is arranged as follows: Sect. 1 presents computational methods
including RAD, HOML, MAPLSC and Fusion-MLKNN; Sect. 2 describes the
TCM applications of all the methods proposed; Then Sect. 3 gives the description
of data sets. The chapter ends in the summery of Sect. 4.

2 Computational Methods

2.1 The RAD Method

Conventional methods usually use only one numerical value to describe the
relationship of two symptoms. In this study, we use a pair of characteristic values to
describe a relative link between the symptoms as a relative associated density
(RAD). By analyzing the characteristic value pairs, we searched significant one-
way links between symptoms and confirmed the links according to CM theory
(Deng 1984; Wang 2004). The RAD method was also used to find one-way links
among multiple syndromes in the clinical data.

Probability and statistics in the medical diagnosis of CHD, frequency of symp-
tom occurrence may be different. For instance, the chest tightness symptom and the
dizziness symptom are frequent symptoms, while the sleepiness symptom and
the diarrhea with undigested food symptom are rare symptoms. In the data analysis,
the first step is to distinguish between the frequent and the rare symptoms.

In probability of symptoms, Pf; stands for the appearance probability of the ith
symptom across all cases, which is defined as

N
ZF;'m

Ff = N ey

where F;,=1 if the ith symptom appears in the mth case, or else F;,=0. N denotes
the number of the cases.
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Similarly, PI; stands for the appearance probability of the ith syndrome across all
cases, which is defined as

N
ZLim
Pl =l

i=TN @)

where the ith syndrome appears in the mth sample, L;,=1, or else L;,=0.

2.1.1 Building the Symptom-Symptom Interaction Network

Equations 1 and 2 calculate the appearance probability of all symptoms and syn-
dromes. But these values cannot reveal their potential connections. Symptom symp-
tom interaction (SSI) network in the same manner as used for human social networks
was used to find the connections (Hu and Wu 2007; Kerstin and Wolfgang 2009).

When two different symptoms occur simultaneously in the same case, sign
G;»=1 indicating that symptom F; and symptom F; appear at the same time in the
mth case, or else G;,=0. F;F; stands for the number of simultaneous occurrences of
F;and F. Then for N cases,

N

FF, =>G, 3)

ijm
m=1

which contains two types of information: the frequency of features and the rele-
vancy of two features.

2.1.2 Relative Associated Density

Equation 3 is largely concerned with the frequency of symptoms. In other words,
frequent relationships between symptoms are obvious, while less frequent relation-
ships are hard to be detected. The difference is even more than 300 folds. Therefore,
this study used RAD, which uses conditional probability to measure the relation-
ships of symptoms and syndromes.

The term C(F;, F;) represents the RAD values of symptom F; associated with F; and
use C(F,, F)) represents the RAD values of symptom F; associated with F;. According,

FF.
C(F.F)=5— (4a)
F,
m=1
C(FF) = )

F.
jm

m=1
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2.1.3 Symptom Selection with RAD

In the mth case, if symptom F; appears with syndrome L;, H;,,= 1; otherwise, Hy;,,=0.
Then for all N cases,

FL; = H,, ©)

RAD estimates the influence of the appearance probability on the interaction
between a symptom and a syndrome. Equation 6 calculates the RAD value between
symptoms and syndromes,

C(FL)=5" ©

This kind of association could be recognized as the contribution of one symptom
to the syndrome.

Each syndrome was considered a single label; thus we selected corresponding
symptoms regardless of their RAD values. For each single label prediction, the
symptoms with low RAD values were removed one by one, and the predictions
were calculated with SVM and KNN. The symptoms that lead to the highest predic-
tion were recorded as the result of symptom selection.

2.2 The HOML Algorithm

Genetic algorithm has been used to analyze feature selection for multi-label data
(Ge et al. 2009), but the algorithms only combine the MLNB algorithm, and the
genetic algorithm has its limitation in optimization. The performance of feature
selection may be further improved if advantages of different optimization tech-
niques are combined together to search for an optimal subset of features. We pro-
pose to combine three search algorithms in this chapter: mutation-based simulated
annealing, genetic algorithm and the greedy algorithm hill-climbing. HOML com-
bines the ability to avoid being trapped in a local minimum of simulated annealing
algorithm with a very high rate of convergence of the crossover operator of genetic
algorithm and the strong local search ability of the greedy algorithm to obtain the
optimal feature subset. Some work has shown that a hybrid technique generated
better feature subsets than separate search algorithms (Gheyas and Smith 2010).
Selection is an important aspect of evolutionary computation. It dictates what
members of the current population affect the next generation. More fit individuals
are generally given a higher chance to participate in the recombination process. The
primary concern of all selection schemes is what's known as the loss of diversity. As
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HC (FN)

Input :

FN: Feature subset

Output :

BF: The optimized feature subset

while (Th>0)
HC(BF) {
if (Th > 0) then
[NF] = CreateNeighbours(BF) ; %Change one feature each time and get N neighbors of BF
[EM] = EvaluateFitness(NF); %Evaluate the new feature subset
[ACC] = Replace(FS, NF); %If EM(i)>E(i), replace FS[i] with NF[i]. ACC represents set
% which contains improved feature subset.
for i=1:Num(ACC) %Make hill-climbing on each improved feature subset
BF = HC(ACC(i));
end for;
UpdateTime (Th); %Update time available for HC.
end if}
end for;}

Fig. 1 Procedure of hill climbing

a result, information encoded in the current population is not transferred into the
next generation in its entirety. Loss of diversity has been measured and analyzed for
a number of popular selection algorithms (Blickle and Thiele 1996; Motoki 2002).
For the problem of loss of diversity, unbiased tournament selection (Sokolov and
Whitley 2005) yields better results, and it is used in HOML.

In the feature selection process of HOML, experiment shows better result when
using Average Precision than using (hammingloss+rankingloss). And Average
Precision is used as the fitness of feature subset. That is to say, in the training pro-
cess, we adopt the test result Average_Precision, which is obtained by modeling the
validation set using multi-label learning techniques such as ML-KNN (Zhang and
Zhou 2007), BP-MLL (Zhang and Zhou 2006), Rank-SVM (Elisseeff and Weston
2002) and MLNB-BASIC (Zhang et al. 2009), as the fitness function to evaluate the
performance of feature subset.

Hill climbing is a recursive process, as shown in Fig. 1. Figure 2 shows the algo-
rithm flow of HOML, which organizes a search in three stages.

Stage 1: HOML employs a SA (simulated annealing) to guide the global search in a
solution space. As long as the temperature is very high, SA accepts every solu-
tion, thus yielding a near random search through the search space. On the other
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HOML (X,Y, Tk, Tg, Th)

Input :

X:  NxD feature matrix

Y: NxQ label matrix

Tk: Run time for Simulated Annealing (SA)
Tg: Run time for Genetic Algorithm (GA)
Th: Run time for Hill Climbing (HC)

Output .

BF  :Optimal feature subset

Procedure :

FS = InitIndividual();
%Simulated annealing
E = EvaluateFitness(FS);
Tc = UpdateTime(Tk);
while (Tc > 0)
FM = Mutate(FS, Pm);
0.5-0.5exp(Te/ 1) ,A=Tk/log2(0.5)
for i=1:100
if (Fitness(FM(i)) >= E(i))
FS(i) = FM(i);
else if (exp(-(E(i)-Fitness(FM(i)) < rand)
FS(i) = FM(i);
end if}
UpdateTime(Tc);
end for;
end while;
%Genetic algorithm

while (Tg>0)

Y%lnitialize FS with 100 feature subsets

% E(i)=Average_Precision(FS(i))
%Update the time available time for SA

%Mutate FS with probability Pm, Pm =

%Replace FS(i) with FM(i)

%Selectively accept the new feature subset

%Update time available for SA.

[FS,E] = Select(FS);
[FS,E] = Crossover(FS, 0.65);
[FS,E] = Mutation(FS,0.01);
[E] = EvaluateFitness(FS);
UpdateTime(Tg);
%Hill climbing
while (Th > 0){
Order(FS);
for i=1:100
BF =FS(i);
BF = HC(BF);
End for;
End while.

%Select with unbiased tournament selection
% Cross with probability 0.65

% Mutate with probability 0.01

% Evaluate the new solutions

% Update time available for GA

%Sort FS by fitness value descending.

Fig. 2 Procedure of HOML
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hand, as the temperature becomes close to zero, only improvements are accepted.
The SA is run for approximately 50 % of the total time available.

Stage 2: HOML employs a GA (genetic algorithm) to perform optimization. The
GA population is set at 100. The initial population consists of the best solutions
detected by SA. The crossover operator enables the good solutions to exchange
information, and the mutation operator in GA introduces new genes into the
population and retains genetic diversity. The GA runs for about 30 % of total
time spent by HOML to find the optimal feature subset solution.

Stage 3: HOML applies a hill-climbing feature selection algorithm. The greedy
algorithm performs a local search on the k-best solutions on the k-best (k repre-
sents the dimensionality of feature) solutions given by two global optimization
algorithms (SA and GA) and selects the best neighbors. The hill-climbing algo-
rithm is run in the remaining execution time.

The HOML algorithm is implemented on the platform of MATLAB, which is
downloaded at http://levis.tongji.edu.cn/gzli/code/homl-code.zip.

2.3 The MAPLSC Algorithm

APLSC is an asymmetric PLS classifier, which sophisticatedly researches into the
imbalanced distribution between classes. MAPLSC is an extension of classifier
APLSC to the multi-class problem. Before demonstrating the algorithm of
MAPLSC, we review the main steps of APLSC (Qu et al. 2010). The APLSC algo-
rithm can be summarized as the following two steps. Firstly, normalized feature
vectors are conducted feature extraction by PLS method. Secondly, compressed
vectors are classified by translated hyper plane, which is influenced by the variance
of low dimensional data.

PLS is a supervised feature extraction method (Li et al. 2008; Zeng et al. 2009).
Consider a set of M-dimensional features and its class label vector denoted as
X eRMM and y € R¥, where N is the number of examples. PLS is used to model the
relations between the two blocks. Its classical form is based on the Nonlinear
Iterative Partial Least Squares (NIPALS) algorithm (Wold 1975). NIPALS finds
appropriate weight vectors w and ¢ such that:

max [cov (t, u)]2 =max [cov (Xw,yc)]2 ©)

where t and u are score vectors of X and yy, respectively. cov(t,u)=t"u/N denotes
the sample covariance between score vectors. The iteration process of PLS is sum-
marized as Fig. 3.

Introduce a two-dimensional binary toy data set for illustration in Fig. 4. The
majority class is signed by ‘cross’, whereas the minority class by ‘circle’. Class
distribution obeys Gaussian distribution. As observed from Fig. 4, feature vectors
after PLS have prominent separable property. The first projection direction of PLS
(the dot dash line in Fig. 4) contains most of the feature information and a dashed
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Input: Feature set X
Label Yy

Number of components &

Output:  Projection matrix W, score vectors T and U, parameter V and loading Q
1 Ey =X, F=y w=[; T=[; U=[; V=[; Q=[] u, =y

2: for i=1tok do

3 w,=E u, /(u u,,);

| >

4: W, =W, /||w,.

6: ¢, =F t/(t]t,);

7: c.=c/

1 1

C

ill?

8: u =F_c,;

9:  v,=ult/(t't);
10: q; = Fiilui/(u?ui) ;

1:  E,=E_ —tt/E_ /(t/t);

1 14

12: F.=F_ —vtgq,;

i i-1

13: W:[W,WI-]; T= [T’tz]’ U:[Uaut]; v =[V,V[]; QZ[Q>Q1‘];

14: end for

Fig. 3 Partial Least Squares (PLS)

line going through the data centre point and perpendicular to the first projection
direction can act as a distinguish line between the two classes. The PLS classifica-
tion model is represented as:

k

Y = sign(Zmitij =sign(t-m) (8)

i=1
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Fig. 4 A toy dataset for pls-bias
APLSC demonstration (see 3} |
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where t; is the ith score vector of X, and m;=vg,.

Because of the imbalanced distribution, the data center point is closer to the
examples of majority class. As the distinguish line passes across the majority class
and away from the minority class (shown in Fig. 4), the PLS Classifier (PLSC) mis-
classifies some majority class examples to minority class. The previous work (Qu
et al. 2010) solves the problem of PLSC by moving the distinguishing line, which is
demonstrated in Fig. 4. Classification model is revised as (namely APLSC):

?=sign(t-m—b) ©

where b=m;x(M,—r,xc), c=(M,—M,)/(r,+r.). M, and M. are the centers of score
vectors belonging to the positive and negative classes on the first dimension, r, and
r. indicates radius of two circles. For more information about APLSC, please refer
to Qu et al. (2010).

APLSC is designed for binary problems. Multiple APLSC classifiers are com-
bined to form MAPLSC for multi-class classification. Hastie and Tibshirani (1998)
suggested a pairwise coupling strategy for combining the probabilistic outputs of all
the one-versus-one binary classifiers to obtain estimates of the posterior probabili-
ties py, p, *++, p, for all candidate classes. The p;s are computed using the following
iterative procedure in Algorithm 2.

In Fig. 5, p;=pd(p:+p,), n; is the number of examples in class C; and class C;. r;
is the posterior probability of the positive class in the binary classifier. Output
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Algorithm 2. The Pairwise coupling Algorithm

1). Start from an initial guess of p; s and corresponding s

2). Repeat (i=1, 2, K, 1,-“) until convergence:

Z J#i nij r;'j

-p, < D
2 Mty

J#i

—renormalize the p; s

— recompute ,uij s

Fig. 5 The pairwise coupling algorithm

function of APLSC is f=t-m-b, and it cannot be interpreted as probability. Platt
(1999) proposes approximating the posterior by a sigmoid function for SVM, which
can be easily transferred to APLSC:

1

1+exp(Af +B) (10

Prob(C, | x)=

where fis the output of the APLSC associated with example x. Platt (1999) uses a
Levenberg-Marquardt (LM) algorithm to calculate the parameters A and B in Eq. 4.
Li et al. (2008) and Lin et al. (2007) criticise the disadvantage of LM algorithm
when solving Eq. 4, and propose Newton’s method. In MAPLSC, we adopt Newton’s
method to decide the parameters A and B.

For combining the posterior probabilities from multiple binary APLSC, pairwise
coupling described in Fig. 5 is adopted in MAPLSC. Actually,

B, =27, 1k(k-1) (11)

J

is an easier way for binary combination. In which, & is the number of classes. As
proved by the theorem 1 in (Hastie and Tibshirani 1998), p, > p, if and only if
pi>p;, which is also revealed in our experimental results stated in section 3.3. In
MAPLSC, we actually want to get the sequencing of the p;s of all classes, instead of
the exact value of each p;. So, for simplicity, P; instead of p; is mostly employed in
MAPLSC implementation.

The algorithm of MAPLSC is summarized in Fig. 6.
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Algorithm 3. The MAPLSC Algorithm

Training section

Input: training dataset D, the number of classes k
Output: MAPLSC classifier

1) Set up k(k —1)/ 2 subsets from the dataset D, each subset Sij is composed of the
examples from class C,; and class Cj .

2) Train classifier APLSCU with the examples in SU, and obtain output £ from

APLSC,.]. for each example X, in S, .

ij
3) Calculate parameters AI,/ and Bi,, in Equation (4), with output f n S of examples X s

in §..

i

4)  Output classifier MAPLSC with k(k—l)/ 2 APLSC'_,_ and the corresponding posterior

probability parameters Aij and Bij.

Test section:

Input: MAPLSC classifier and the corresponding posterior probability parameters, test example

X

Output: predicted label )7, for test example X,

1) Calculate the output £,/ from APLSC; for test example x, , k(k—1)/2 outputs
totally.

2)  Calculate the posterior probability output K= Prob(Cioer [ x,) by Equation (4), with
parameters Ai/‘ and Bi/_ and the output ftlj .

3)  Combine the k(k—1)/2 output f7s, by Equation (5), get the probabilities on k

classes (ﬁl,ﬁz,"'aﬁk)'

4)  Predict label for x, by y, =argmax; p,

Fig. 6 The MAPLSC algorithm
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2.4 The Fusion-MLKNN Algorithm

In this work, we only discuss information fusion on the level of feature (Ross and
Govindarajan 2005; Ross and Jain 2003). Let A, B, C, D, E denote respectively the
five feature vectors with different dimensions illustrated in Tables 13, 14, 15, 16 and
17. The target is to combine these five feature sets in order to yield a new feature
vector, Z, which would better represent the individual or help build better classifica-
tion model (Ross and Govindarajan 2005). Specifically, information fusion is
accomplished by simply augmenting the information (feature) obtained from mul-
tiple diagnostic methods. The vector Z is generated by augmenting vectors A to B,
C, D and E one after another. The concrete stages are described below:

(1) Feature Normalization: The individual feature values of particular vectors, such
as a;; and b,,,, may exhibit significant variations both in their range and distribu-
tion. The goal of feature normalization is to modify the location (mean) and
scale (variance) of the values to ensure that the contribution of each vector to
the final vector Z is comparable. Min-max normalization techniques were used
in this work. It computes the value x" after normalization using the formula,

, x —min (Fx) .
X = - / , where x and x’ denote respectively a feature value
max(Fx)—mln(Fx)
before and after normalization and Fx is the feature value set that contains all
value of a specific feature. Normalize all feature value via this method and we
get the modified feature vectors A’,B,C’,D’,and E'.

(2) Feature Concatenation: Augment the five feature vectors, which results in a

new feature vector, Z'={a,,...,a,’,b/,....b, ,....e/’,....e/ }.

As illustrated in Sect. 1, multi-label learning model is believed to be more suit-
able classification model for TCM clinical data. Specifically, we constructed models
of the relationship between symptoms and syndrome by means of the multi-label
k-nearest neighbor (ML-kNN) algorithm (Zhang and Zhou 2007) in this study.
ML-KNN is a lazy multi-label learning algorithm developed on the basis of kNN
algorithm, which regards an instance as a point in synthesis space. kKNN’s idea is to
search for k training instances nearest to the testing instance, and then predict the
label of the test instance according to the nearest instances’ labels. Compared with
other algorithms, advantage of kNN lies in its simpler training process, better effi-
ciency, and competitive performance. Based on the theory of kNN, ML-kNN also
aims to find k nearest instances for each test instance. But rather than judging labels
directly by nearest instances, ML-kNN utilizes the “maximum a posteriori estima-
tion” principle to determine the label set based on statistical information derived
from the label sets of neighboring instances. The concrete steps are demonstrated
below (Guo-Ping et al. 2010):

(1) Calculate the conditional probability distribution of each instance associated to
each label;

(2) Calculate the distance between the x; test instance and the training instances;
then find k nearest instances for x;. Repeat for each test instance;
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(3) According to the labels of k training instances and the conditional probability
associated to each label, forecast the probability of the x; instance and then
acquire the forecast results (>0.5 is taken here); Repeat for each test instance;

(4) Evaluate the forecast results according to multi label evaluation criteria.

3 Applications

3.1 Symptom Selection by Using RAD on the CHD Data Set

RAD performed better than MRMR in feature selection for machine learning to
discover CM relationships among the symptoms, syndromes, and even between the
symptoms and syndromes in a CHD data set. RAD analysis found one-way connec-
tions among symptoms and the syndromes that are consistent with CM theory. RAD
not only improves prediction accuracy but also enhanced interpretability.

According to CM theory (Deng 1984; Wang 2004), a symptom is an expression
of internal syndrome, and a syndrome is essential to symptom appearance. The
RAD results (Table 1) calculated by Eq. 6 showed the one-way connections of
symptoms to syndromes, whose connections could be viewed as the contributions
of symptoms to syndromes.

Figure 7 illustrates the data in Table 2, where the x-axis represents the 63 symp-
toms and the y-axis represents the 10 syndromes. Red rectangles represent high
RAD values, and the blue ones represent low RAD values. From Fig. 7, the correla-
tions between symptoms and syndromes were determined. As shown in Fig. 7, the
symptoms of palpitation, chest distress, short breath, weakness, soreness, and weak-
ness of waist and knees were related to most of the syndromes. At the same time,
chills and some other symptoms showed strong connections to some syndromes,
such as heart kidney yang deficiency and yang asthenia. Table 3 lists the symptoms
and syndromes with high and low RAD values. In Table 3, chills showed a low rela-
tion to most of the syndromes except for heart-yang insufficiency and heart-kidney
yang deficiency, indicating that chills were closely related to the latter syndromes.

Table 1 Part of the RAD values of symptoms to syndromes

Symptoms
Syndromes Chills Cold limbs Night sweat Palpitation Chest distress Chest pain
Heart-gi deficiency 0.260 0.127 0.367 0.627 0.790 0.441
Heart-yang deficiency 0.592 0.437 0.310 0.684 0.782 0.546
Heart-yin deficiency ~ 0.294 0.182 0.509 0.696 0.827 0.453
Heart-blood deficiency 0.250 0.250 0.250 0.625 0.750 0.250
Turbid phlegm 0.354 0.239 0.373 0.701 0.802 0.522
Blood stasis 0.348 0.216 0.344 0.652 0.787 0.512

Qi stagnation 0.374 0.235 0.400 0.670 0.739 0.522
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Fig. 7 The correlations between symptoms and syndromes

Table 2 Symptoms with relative high and low RAD values to syndromes

Symptoms

Syndromes

Strong relation
Chills

Night sweat

Cough

Soreness and weakness of waist and
knees

Constipation

The frequent and increased urination
at night

Edema

Chest pain

Weak relation

The frequent and increased urination
at night

Edema

Heart-yang deficiency syndrome, Heart-kidney yang
deficiency syndrome

Heart-yin deficiency syndrome, Cardiopulmonary-gi
deficiency syndrome

Cardiopulmonary-gi deficiency syndrome

Heart-blood deficiency syndrome

Heart-blood deficiency syndrome
Heart-kidney yang deficiency syndrome

Cardiopulmonary-gi deficiency syndrome
Heart-blood deficiency syndrome

Heart-blood deficiency syndrome, Cardiopulmonary-gi
deficiency syndrome
Heart-blood deficiency syndrome

CM theory (Deng 1984; Wang 2004) holds that weakness of yang and qi and lack
of warmth may cause chills. The high RAD values of night sweats to insufficiency
of heart-yin did confirm the CM theory that yang cannot be restricted by yin asthe-
nia, and then deficiency fire will be an internal disturbance and cause night sweats
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Table 3 Statistical results of TPR, TNR and G-means by using SVM and KNN with RAD and
MRMR or without symptom selection

Syndromes 1 2 3 5 6 7 Average

No symptom TPR 0708 0463 0.729 0472 0.799 0906 0.680
selection-SVM ~ TNR  0.411 0770  0.535 0.602 0516 0.667 0.583
G-m 0539 0597 0.625 0533  0.642 0.777 0.630

RAD-SVM TPR 0.723 0518 0.786 0.588 0.796 0.771 0.713
TNR 0429  0.781 0.547 0536 0592 0.865 0.609

G-m 0557 0636 0.656 0.561 0.686 0.817 0.652

MRMR-SVM TPR 0955 0337 0.131 0412 0955 0.020 0.468
TNR 0.070 0.893 0970 0.704 0.027 0970 0.606

G-m 0259 0549 0356 0539 0.161 0.141 0.334

No symptom TPR 0.757 0553 0439 0461 0826 0.534 0.595
selection-KNN  TNR 0.380 0.795 0.732 0.657 0.673 0.784 0.670
G-m 0536 0663 0567 0.550 0.746 0.647 0.631

RAD-KNN TPR  0.749  0.670 0.509 0485 0.887 0522 0.607
TNR  0.391 0712  0.729 0.663 0.704 0.851 0.706

G-m  0.541 0.691 0.601 0.567 0.790 0.667 0.643

MRMR-KNN TPR  1.000  0.401 0.170 0354 0942 0.161 0.505
TNR 0.146  0.901 0981 0.783 0.018 0.897 0.621

G-m 0382  0.601 0409 0526 0.130 0.379  0.405

(Deng 1984; Wang 2004). Constipation and insufficiency of heart blood showed a
strong connection. Inner Canon of Yellow Emperor points out that “people over 40
years old may lose half of the yin qi”, and CM theory (Deng 1984; Wang 2004)
holds that insufficiency of the heart blood causes body fluid deficiency, which in
turn causes insufficient lubrication of the colon, leading to constipation. The strong
connections between nocturnal frequent micturition and heart-kidney yang defi-
ciency can be explained by the lack of yang in the heart and kidney which resulted
in a decrease of the controlling and qi transformation functions, bladder retention
failure, and then nocturnal frequent micturition.

The weak connections (Table 3) of chest pain and insufficiency of the heart
blood, nocturnal frequent micturition and insufficiency of the heart blood, and
edema and insufficiency of the heart blood were also significant and consistent with
CM theory (Deng 1984; Wang 2004).

In this study, RAD was used for symptom selection, and then SVM (Yuan et al.
1998) and K-nearest neighbors (KNN) (Bernardini et al. 1999) were used for the
prediction.

Table 2 shows individual contributions of symptoms to the syndromes.

The predictions were not sound as the syndromes 4, 8, 9, and 10 in this data set
showed serious imbalance; therefore, we omitted these results. For syndromes 1, 2,
3,5, 6,and 7, (Table 3), the results were much better. Table 3 indicates that the pre-
diction results with MRMR favoured either the positive class or the negative class.
In the G-means results of the syndromes, these maximum values were obtained by
the RAD method, indicating that RAD achieved a good balance between the positive



Medical Diagnosis by Using Machine Learning Techniques 57

class and the negative class. Although for some syndromes, the prediction results of
RAD and MRMR were close when the TPR, TNR, and G-means values were all
considered. In general, the results obtained by RAD were more reasonable.

3.2 Feature Selection by Using HOML on the CHD Data Set

(a) Settings

In this chapter, several state-of-the-art multi-label learning algorithms including
ML-KNN (Zhang and Zhou 2007), BP-MLL (Zhang and Zhou 2006), Rank-SVM
(Elisseeff and Weston 2002) and MLNB-BASIC (Zhang et al. 2009) are adopted by
HOML as base classifiers and compared on the dataset of CHD in TCM. We com-
pare HOML with the following benchmark algorithms: SA (Ronen and Jacob 2006),
GA (Yang and Honavar 1998), sequential floating forward selection (SFFS) (Pudil
et al. 1994), sequential floating backward selection (SFBS) (Pudil et al. 1994),
Multi-label Dimensionality reduction via Dependence Maximization (MDDM)
(Zhang et al. 2010) and Embedded Feature Selection for Multi-Label Learning (Ge
et al. 2009). The target dimensionality d of MDDM is decided by thr=99 % (Zhang
Y et al. 2010). The inner product of label matrix Y is set as the kernel function
(Zhang et al. 2010).

Parameters of the multi-label classifiers are set as follows: (1) For ML-KNN, the
best parameter k and smoothing factor in (Zhang and Zhou 2007) are used, which
are 10 and 1. (2) For BP-MLL, the number of hidden neurons is set to eight after
which its performance does not significantly change. (3) For Rank-SVM, the type is
set to linear SVM. (4) For MLNB-BASIC, the smoothing factor is set to 1.

Tenfold cross-validation is carried out to compute the fitness value. In each fold,
the time simulated annealing (SA), genetic algorithm (GA) and hill-climbing are
allocated 5 h, 3 h and 2 h, respectively. SA adopts the same mutation probability and
selective acceptance strategy as in HOML when SA is used as independent optimi-
zation techniques. GA adopts the same selection operator, crossover probability and
mutation probability as they are in HOML when it is used as independent optimiza-
tion techniques. When simulated annealing (SA) and genetic algorithm (GA) are
used as independent optimization techniques, in each fold, they are allocated 10 h,
which is the same time duration for SFFS, SFBS, MDDM, and MEFS. In the train-
ing process, 2/3 of the training data are taken as training set, 1/3 as validation.

We also made paired ¢ test on the experimental result on the base classifiers to
compare the performance of the feature selection/feature reduction algorithms.

(b) Evaluation metrics

The following multi-label evaluation metrics proposed in (Gheyas and Smith
2010) are used in this paper: (1) Hamming loss evaluates how many times an
instance-label pair is misclassified. (2) One error evaluates how many times the top-
ranked label is not in the set of proper labels of the instance. (3) Coverage evaluates
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Table 4 Comparison of HOML and other feature selection/reduction methods on the TCM CHD
dataset: Hamming loss, one-error, and coverage. For each criteria, the less the better

CRI Hamming loss!

FS
ML-KNN BP-MLL Rank-SVM  MLNB-BASIC  AVE
ORI 03148 03733 0.3809 03118 0.3452
SA 0.3000 0.3492 0.3370 0.2870 0.3183
GA 0.3051 0.3468 0.3235 0.3124 0.3220
SFFS 0.2897 0.3690 0.3421 0.2942 0.3237
SFBS 0.2876 0.3263 0.3845 0.3214 0.3300
MDDM 0.3009 0.3569 0.3012 0.2899 03122
MEFS 0.3006 0.3422 0.3265 0.2912 0.3151
HOML 0.1964 0.2577 0.2411 0.2246 0.2295
CRI One-errord
FS ML-KNN BP-MLL Rank-SVM  MLNB-BASIC  AVE
ORI 0.2536 0.2620 0.3550 0.3028 0.2936
SA 0.2391 0.2603 0.2885 0.2681 0.2640
GA 0.2410 0.3003 0.3609 0.3083 0.3026
SEFS 0.2356 0.2182 0.3746 0.2693 0.2744
SFBS 0.2458 0.2285 0.3638 0.2145 0.2631
MDDM 02111 0.2678 02111 0.2412 0.2328
MEFS 0.2464 0.2774 0.2484 0.2492 0.2553
HOML 02143 0.1200 0.1455 0.1986 0.1696
CRI Coveragel
FS ML-KNN BP-MLL Rank-SVM  MLNB-BASIC  AVE
ORI 2.8201 3.1236 3.4000 3.6691 3.2604
SA 2.7669 2.8688 2.9745 2.6473 2.8143
GA 2.8284 2.9675 3.0902 2.9545 2.9601
SFFS 2.6334 3.9107 3.2929 2.8188 3.1639
SFBS 2.6537 2.9864 3.2105 3.1764 3.0067
MDDM 2.8556 3.0700 3.8667 3.3044 3.2967
MEFS 2.7190 2.9976 2.2863 2.4630 2.6164
HOML 23750 2.5214 2.5179 2.1421 2.3891

how far we need, on the average, to go down the list of labels in order to cover all
the proper labels of the instance. (4) Ranking loss evaluates the average fraction of
label pairs that are reversely ordered for the instance. (5) Average precision evalu-
ates the average fraction of labels ranked above a particular label yeY which actu-
ally are in Y.

(c) Results

After the TCM CHD dataset is preprocessed, we made experiment on it and the
experimental results are shown in Tables 4 and 5. FS represents feature selection/
reduction method, CRI represents performance criteria, and ORI represents the
original classification results. Average means the average value of the four classifiers
under the same condition.

Tables 4 and 5 show that compared to the original classification results, predica-
tion accuracy have been improved after feature selection/feature reduction for all
the five evaluation criteria: hamming loss, one-error, coverage, ranking loss,
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Table 5 Comparison of HOML and other feature selection/reduction methods on the TCM CHD
dataset: Ranking loss and average precision. For each criteria, “y” indicates “the smaller the better”

et}

while the “§” indicates “the bigger the better”

CRI Ranking loss!

FS ML-KNN BP-MLL Rank-SVM MLNB-BASIC AVE
ORI 0.2271 0.2728 0.3724 0.2209 0.2733
SA 0.2139 0.2365 0.2623 0.2072 0.2300
GA 0.2236 0.2627 0.3028 0.2399 0.2572
SFFS 0.1957 0.1786 0.3251 0.2294 0.2322
SFBS 0.1876 0.2402 0.3368 0.2018 0.2416
MDDM 0.2178 0.2566 0.2207 0.2124 0.2268
MEFS 0.2063 0.2397 0.3294 0.1875 0.2407
HOML 0.1193 0.1536 0.2672 0.1642 0.1760

CRI Average precisionT

Fs ML-KNN BP-MLL Rank-SVM  MLNB-BASIC AVE
ORI 0.7754 0.7651 0.6985 0.5194 68.96%
SA 0.7940 0.7727 0.7583 0.7994 78.11%
GA 0.8055 0.7960 0.7289 0.7418 76.80%
SFFS 0.8027 0.7842 0.7254 0.7890 77.53%
SFBS 0.8146 0.7882 0.7235 0.7087 75.87%
MDDM 0.7856 0.7529 0.7842 0.7746 77.43%
MEFS 0.7933 0.7318 0.7456 0.8231 77.35%
HOML 0.8819 0.8533 0.8604 0.7443 83.50%

average precision. On the other hand, we can see that the corresponding feature
selection/feature reduction methods of the optimal value of the five evaluation cri-
teria are all HOML. The optimal values of the five evaluation criteria, which are the
corresponding values of HOML, are as follows: hamming loss 0.2295, 0.1157 lower
than the original result 0.3452; one-error 0.1696, 0.1240 lower than the original
result 0.2936; coverage 2.3891, 0.8713 lower than the original result 3.2604; rank-
ing loss 0.1760, 0.0913 lower than the original result 0.2733; average precision
83.50 %, significantly increased by 14.54 % than the original result 68.96 %.

HOML outperforms all the other six feature selection/feature reduction methods
(SA, GA, SFFS, SFBS, MDDM, and MEFS): HOML is significantly lower than the
six feature selection/reduction methods in terms of hamming loss,one-error,coverage
and ranking loss, and has significantly outperformed the six methods in terms of
average precision: SA by 5.44 %, SFFS by 5.52 %, SFBS by 7.63 %, MDDM by
6.07 %, and MEFS by 6.15 %

Excluding the average value, the separate corresponding classifiers of the opti-
mal values of the five evaluation criteria are as follows: the corresponding classifier
of the optimal value of hamming loss (0.1964) is ML-KNN; the corresponding clas-
sifier of the optimal value of one-error (0.1200) is ML-KNN; the corresponding
classifier of the optimal value of coverage (2.1421) is MLNB-BASIC; the corre-
sponding classifier of the optimal value of ranking loss (0.1193) is ML-KNN; the
corresponding classifier of the optimal value of average precision (88.19 %) is
ML-KNN.
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CHD belongs to the scope of heart diseases family in TCM. The main physiolog-
ical functions of the heart are to control the blood vessels and govern the mind. In
TCM, heart diseases result in dysfunction of blood vessels and bring on symptoms
such as chest pain, choking sensation in chest, palpitation and numb of hands or
feet. Dysfunction of “governing the mind” results in symptoms such as insomnia,
anxiety and amnesia. In the TCM, heart is the monarch organ: it pumps blood to
warming the body, and thereby it pertains to fire. Therefore, heart diseases may lead
to decreased function of warm, presenting chilly or cold limb, soreness and weak-
ness of waist and knees and night-time frequency or nocturia. Heart dominates
sweat in secretion, so heart diseases may lead to self-sweating and night sweat. If
the heart-fire flames up with liver-fire, it may cause irritability, impatience and bitter
taste. Heart and spleen have a mother-child relationship, so heart disease may result
in spleen disease and bring on the symptoms like anorexia, decreased appetite,
abdominal fullness and distension.

The duration, inducing (or aggravating) factors and relieving factors of chest
pain are the main factors to determine the feature of CHD. Basically, most of the
information about general pathology of CHD is listed in the table, and these items
comprise the optimal symptom subset. Our results suggest that combination of
symptom feature selection with classification algorithms could simplify symptom
information and further improve both the comprehension and forecast accuracy of
the syndromes of CHD.

(d) Discussions

Tables 4 and 5 reveal that of the seven feature selection/feature reduction meth-
ods (SA, GA, SFFS, SFBS, MDDM, MEFS and HOML); HOML outperforms all
the other six methods in terms of hamming loss, one-error, coverage, ranking loss
and average precision. Whether for the average predication or for the optimal value
of the single evaluation criterion, the corresponding feature selection/feature reduc-
tion method is HOML. As mutation operator is introduced in SA and each newly
generated feature subset is selectively accepted, the better feature subset is retained
with a greater probability. On the other hand, genetic diversity is maintained in GA
since unbiased tournament selection is adopted. Finally, feature subset is further
optimized by hill-climbing greedy algorithm based on the optimization by SA and
GA. Therefore, HOML has greatly increased the effectiveness of feature selection.
It can be observed from Table 4 that HOML is optimal among the seven feature
selection/feature reduction methods (SA, SFFS, SFBS, MDDM, MEFS, and
HOML). As for the yeast dataset, compared to the original results, hamming loss,
one-error, coverage, ranking loss were decreased by 0.0429, 0.1312, 1.0900, and
0.0635, and the average precision was increased by 10.62 %; As for the TCM CHD
dataset, hamming loss, one-error, coverage, ranking loss were decreased by 0.1157,
0.1240, 0.8713, and 0.0913, and the average precision was particularly significantly
increased by 14.54 %.
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3.3 Multi-Value Classification by Using MAPLSC on the 10S
and Liver Data Sets

(a) Settings

MAPLSC is compared with six other multi-class classification methods.
APLSC_PWC is similar to MAPLSC. It is also based on APLSC classifier for
binary classification, but when combining the posterior probability output from
APLSC, pairwise coupling described in Fig. 5 is employed instead of the Eq. 11.
APLSC_Vote is based on one-vs-one combination strategy, and uses APLSC as the
binary classifier. SVM_PWC includes SVM as the binary classifier, and adopts pair-
wise coupling when combining. Posterior probability calculation in Eq. 10 is also
used by SVM_PWC before pairwise coupling. SVM_Prob refers to posterior prob-
ability output and voting combination in Eq. 11, with SVM binary classifier. SVM_
Vote refers to the one-vs-one multi-class SVM, which is widely applied. J48 is an
implementation for Decision Tree. KNN implemented in TCM clinical data set
stands for K-Nearest-Neighbor, in which parameter K is set to 1.

SVM computes a decision plane to separate the training samples belonging to dif-
ferent classes and use this plane to predict the class labels for test samples. There are
a number of kernels used in SVM for decision plane computing. RBF kernel is used,
and the parameter c and o are carefully selectedin therange of c € {1.0e -3, -+, 1.0e + 3}
and 6*€ {1.0e-3, ---,1.0e+ 3} respectively by elaborated experiments.

To compare the results of different methods, we have conducted stratified five-
fold cross-validation. The folds are stratified so that the training set contains approx-
imately the same proportions of class labels as the original data set. The whole
process is repeated 20 times and the average result of them is taken as the fivefold
cross-validation classification result.

(b) Evaluation Criterion

In order to measure the performance of MAPLSC, multiple evaluation criterions
are included. Marco-average accuracy, micro-average accuracy and macro-average
Fl-measure are inspected. The macro-average weights equally all the classes,
regardless of how many examples belong to it. The micro-average weights equally
all the examples, thus favoring the performance on major classes. F1-measure is
calculated based on precision and recall, which are defined as follows:

|{correct _ labels} f\{ predicted _ labels}|

recision = 14
P | predicted _ labels| 4
|{correct _ labels} M { predicted _ labels}|
recall = (15)
|correct _ labels|
Fl— measure 2 - precision -recall (16)

precision +recall
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In multi-class classification task, prediction result of every class is important. All
of them should be inspected carefully. precision and recall are calculated for every
class. If none of the examples are predicted into some class, in other words, pre-
dicted _labels=0 in the Equations above, we set precision to 0. If preci-
sion+recall=0, precision and recall all equal to 0, F1 —measure is set to 0.

(c) Results

In the following subsection, experimental comparison and more related results
are presented and analyzed. After evaluating the performance of MAPLSC on pub-
licly available microarray data sets, MAPLSC is applied to analyzing the TCM
clinical data. Tables 6 and 7 demonstrate the comparison results. From the two
tables, we can observe that:

* On macro_average accuracy and macro_average F1-measure, MAPLSC outper-
forms other algorithms in both two TCM data sets. On micro_average accuracy,
SVM_ Vote is better.

¢ On TCM clinical data sets, APLSC_PWC is worse than MAPLSC on all the
measurement rules.

* APLSC_Vote is slightly better than APLSC_PWC, but still loses to the proposed
algorithm MAPLSC.

* SVM related methods get more poor performance than APLSC related tech-
niques on macro_average accuracy and macro_average F1-measure. However,
SVM_Vote gets higher micro_average accuracy values on both of the TCM clini-
cal data sets.

» Similar to the results got on microarray data sets described above, SVM_Vote is
still stronger than SVM_Prob and SVM_PWC here.

* On macro_average accuracy and macro_average F1-measure, KNN is superior
to J48. The micro_average accuracy values achieved by J48 are usually higher
than that of MAPLSC, but it is worse on macro_average accuracy and macro_
average F1-measure.

e The accuracies of TCM clinical data sets are all dissatisfactory.

* An interesting phenomenon should be mentioned in Table 7, the variance of
SVM_ Vote is zero for all the three measures.

(d) Discussions

As we have observed, there is a parameter k in the APLSC algorithm (Qu et al.
2010), which refers to the number of components used in PLS. Does the value of k
influence the performance of APLSC? Out of curiosity, we record the variation
F1-measure with different k on all the six data sets involved in the experimental
results above. Figure 8 plots the variation curve.

From Fig. 8, we find out that APLSC achieves similar performance with different
k. APLSC is insensitive to the parameter choice. In addition, k=3 may be a suitable
choice on all six data sets, which is actually adopted in the comparison experiments
presents in the subsections above.
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Fig. 8 Fl-measure variations with different k in MAPLSC

5.

After studying into the experimental results summarised in Subsections 5.1 and
2, some ideas and discussions can be aroused.

Hastie and Tibshirani (1998) proposed that pi is inferior to pi for multiple binary
classes’ combination. In our results presented, pi is mostly superior to pi for
SVM combination, but inferior to pi for APLSC combination. The combination
strategy should be selected according to the attribute of the binary classifier. At
the same time, calculation of pi is more complicated.

For APLSC combination, posterior probability output is more suitable than the
vote technique. It may be because that in APLSC_Vote, some classes get the
same number of votes and the decision is partly arbitrary.

SVM_Vote seems better than SVM_PWC in all cases. It disagrees to the evalua-
tion results reported in Duan and Keerthi (2005). With detailed comparison,
Duan and Keerthi (2005) adopt test set error as the evaluation criterion, which
may be similar to the micro_average accuracy in our paper. In our idea, test set
error or micro_average accuracy favours over the majority class and is unsuitable
for the evaluation on imbalanced data sets. More experiments on macro_average
measures in more data sets listed in Duan and Keerthi (2005) should be con-
ducted in the future work for sophistic ranking of SVM_Vote and SVM_PWC.
Performances of SVM on Lung and MLL data sets are dissatisfactory. A most
possible reason is that the parameters of SVM are not set to appropriate values.
The search range for the parameters proposed in Sect. 4.2 should be wider.
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Fig. 9 Fl-measure of each class in Mr. Wang’s clinical data

While losing on macro_average measures, SVM related methods always win on
micro_average ones, especially in TCM clinical data sets. It is because SVM
does not take the imbalanced problem in data sets into consideration. They usu-
ally classify all the examples into majority class. In addition, this result is unac-
ceptable in real world applications.

MAPLSC has the ability of balancing performance among classes. In imbal-
anced TCM clinical data sets, MAPLSC sometimes sacrifices the accuracy of
majority class and save that of minority class. Balanced performance leads to
higher macro_average measure. Performance distributions on different classes in
TCM clinical data sets are demonstrated in Figs. 9 and 10. From the figures, we
can find out that on some difficult classes, SVM_Vote and J48 cannot correctly
identify any of the examples, and their diversity among classes is huge. MAPLSC
successfully recognise some examples of the difficult class, although the accu-
racy remains poor. At the same time, MAPLSC tries to balance the performances
among the classes, which is required in the future applications.

APLSC is insensitive to different choice of parameter k in its algorithm and its
calculation is simpler. SVM is very sensitive to the decision of parameters c and
o and has a complicated calculation process.

Comparing with the microarray data sets, accuracies achieved in TCM clinical
data sets are very low. It may be attribute to the imperfect data pre-process for
TCM clinical data sets. Moreover, insufficient data may be another important
reason. More analysis should be considered in the next work.
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Fig. 10 Fl-measure of each class in Mr. Zhang’s clinical data

3.4 Diagnosis by Using Fusion-MLKNN
on the Hypertension Data Set

(a) Settings

Firstly, five single-diagnosis datasets are retrieved from LEVIS Hypertension
TCM Database. Secondly, data preprocessing is conducted on all the five datasets.
Thirdly, feature-level information fusion is applied to the single-diagnosis datasets
and yield fusional-diagnosis dataset. There are five single diagnosis datasets and
one fusional-diagnosis dataset. Fourthly, ML-kNN is used to train models and test
models on all the six datasets with parameter k set to be 10; to better reveal perfor-
mance of models, 10-fold cross-validation is conducted, and the average results of
each fold are taken as the final results.

3.4.1 Evaluation Criterion
In order to measure and compare effectively and comprehensively the performance

of ML-kNN, multiple evaluation criterions are computed, including Precision,
Macro-Average Fl1-Measure, Micro-Average F1-Measure, Coverage, Hamming
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Table 8 Experimental results of ML-kNN on six datasets

Dataset type Face Tongue Inquiry Palpation Others Fusional
AveragePrecision 0.84 0.7905 0.7814 0.7627 0.7674 0.8623
Coverage -0.5236 -0.6527 -0.6532  —-0.7005 -0.7084  -0.4462
HammingLoss -0.2595 -0.3098 -0.3186  —-0.3526 -0.3163 -0.2493
macroF1Measure 0.4569 0.3184 0.2879 0.3554 0.2448 0.5256
microF1Measure 0.6273 0.5385 0.5357 0.5101 0.4583 0.6475
OneError -0.2704 -0.3476 -0.3753  -0.4109 -0.3876  -0.2451
RankingLoss -0.2153 —-0.2808 -0.2806  —-0.3159 -0.3102  -0.1739

Loss, One Error and Ranking Loss. Each criterion has its own characteristic which
display one aspect of a model’s performance. More information about these criteri-
ons can be found on (Tsoumakas et al. 2009).

(b) Results and Discussions

Table 8 summarizes the experimental results on the five single-diagnosis datasets
and the one fusional-diagnosis dataset. All the seven evaluation criterions are con-
figured to be the bigger the better, even for negative number (the closer to zero, the
better).

From the Table 8, we can find that:

(1) The model built on face-diagnosis dataset perform the best in all the evaluation
criterions, among the five models built on single-diagnosis datasets, which
demonstrates that inspection of face may be the best way to differentiate syn-
drome about hypertension.

(2) For all evaluation criterions, performance of fusional-diagnosis model are the
best, which may prove strongly the TCM theory that “Fusion use of the four
classical diagnostic methods” is essential and help improve the accuracy of
syndrome differentiation.

4 Data Sets

4.1 Coronary Heart Disease

In this chapter, a heart system inquiry diagnosis scale is designed, in which the
symptoms are defined clearly, and the detailed collecting methods are listed.

The patients with coronary heart disease are selected in Cardiology Department
of Longhua Hospital Affiliated to Shanghai University of Traditional Chinese
Medicine, Shuguang Hospital Affiliated to Shanghai University of Traditional
Chinese Medicine, Shanghai Renji Hospital and Shanghai Hospital of Chinese
Medicine. The cases with incomplete information or inconformity with the diagno-
sis criteria of CHD are removed. This work has been approved by the Shanghai
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Society of Medical Ethics. All the patients have signed the informed consent form.
Finally, a total of 555 cases were obtained in the study.

Three senior chief TCM physicians performed diagnosis individually for the 555
cases by referring to the diagnosis criteria established in the study, and the data with
consistent results between two physicians are recorded; as for the inconsistent
results, the data was not recorded until the result was consistent after discussion
with the other experts.

Among the 555 patients, 265 patients were male (47.7 %, with mean ages of
65.15+13.17),and 290 patients are female (52.3 %, with mean ages of 65.24 +13.82).
The symptoms collected for inquiry diagnosis include eight dimensions: cold or
warm, sweating, head, body, chest and abdomen, urine and stool, appetite, sleeping,
mood, and gynecology, a total of 125 symptoms. There are 15 syndromes in dif-
ferentiation diagnosis, of which six commonly-used patterns are selected in our
study, including: z1 Deficiency of heart qi syndrome; z2 Deficiency of heart yang
syndrome; z3 Deficiency of heart yin syndrome; z4 Qi stagnation syndrome; z5
Turbid phlegm syndrome and z6 Blood stasis syndrome.

The data had been preprocessed in [shaol2]. Experimental results show that the
predication accuracy was the highest on the set of 52 symptoms. We made experi-
ments based on the set with 52 syndromes, three redundant features like "edema"
were manually removed before the experiments, and then we got a dataset with 49
symptoms, which may be downloaded at http://levis.tongji.edu.cn/gzli/data/chd-
data.zip. The minimum number of labels for each instance is 0, and the maximum
number of labels for each instance is 5. The average number of labels of the sample
is 2.58. The attributes of the sample are all discrete.

4.2 10S and Liver

TCM clinical records from veteran practitioners not only embody the theory under-
standing and clinical practice of the experienced TCM doctor but also reveal their
personalised diagnostic thought. As most of the famous TCM practitioners are get-
ting older, preserving and researching into their clinical records, books or publica-
tions become urgent and important. In our previous work, we set up a personalised
online system (PTCMS) for preserving the precious materials of TCM veteran prac-
titioner (You et al. 2008). After 3 years’ cooperation with 11 old TCM practitioners,
we have collected more than three thousand clinical records. In this paper, we report
our analytic results on the diagnostic data of two specialists from the 11 ones. Zhang
Yunpeng is a famous TCM liver specialist. In all, 64 clinical records on fatty liver
from Zhang are gathered here for syndrome differentiation. A total of 137 symp-
toms (called feature in data mining) are recorded in the collected clinical data and
totally three syndromes (called objective class in data mining) are taken into consid-
eration. In all, 137 symptoms are illustrated in Table 9. The number of clinical data
belonging to each syndrome class is shown in Table 10. Another TCM veteran
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Table 9 TCM symptoms collected in Mr. Zhang Yunpeng’s clinical records

S1 wake up early
S4 profuse dreaming

S7 hypochondriac caused by diet

S10 hypochondriac caused by
overexertion

S13 persistent hypochondriac
S16 hypochondriac

S19 stabbing pain

S22 red center purple margins of
the tongue

S25 moist tongue

S28 white withered tongue

S31 red tip of the tongue

S34 red prickly tongue

S37 pale red tongue

S40 red tip and margins of the
tongue

S43 wollen tongue

S46 spontaneous bleeding of the
tongue

549 enlarged tongue

S52 fissured tongue(disease)

S55 spotted tongue

S58 few fur

S61 slippery fur

S64 curdy slimy fur

S67 thin fur

S70 depression

S73 poor appetite

S76 lusterless complexion

S79 string-like pulse

S82 rapid pulse

S85 weak pulse

S88 pulse without vitality

S91 hollow pulse

S94 racing pulse

S97 surging pulse

S100 short pulse

S103 skipping pulse

S106 long pulse

S109 no dry mouth

S112 accidie

S2 normal sleep
S5 soreness of waist

S8 hypochondriac caused by

spirit

S11 paroxysmal
hypochondriac

S14 distending
hypochondriac

S17 oppressive
hypochondriac

S20 yellow urine

S23 ecchymotic tongue

S26 bluish purple tongue
S29 crimson wollen tongue
S32 mirror tongue

S35 red tongue

S38 pale white tongue

S41 gray tongue

S44 normal tongue body
S47 boil tongue

S50 tender-soft tongue
S53 tough tongue

S56 pale tongue

S59 gray slimy fur

S62 thick fur

S65 pale yellow slimy fur
S68 white slimy fur

S71 vomiting

S74 yellow eyes

S77 vacuous pulse

S80 fine pulse

S83 replete pulse

S86 soggy pulse

S89 forceful pulse

S92 tight pulse

S95 moderate pulse

S98 floating pulse

S101 intermittent pulse
S104 slow pulse

S107 bitter taste in mouth
S110 dry mouth no thirst
S113 lack of strength

S3 hard to sleep

S6 hypochondriac during
menstruation

S9 hypochondriac caused
by weather

S12 spasm hypochondriac

S15 no hypochondriac
S18 oppressive pain

S21 purple tongue with wet
S24 bluish purple tongue

S27 blue tongue
S30 crimson tongue
S33 red dry tongue
S36 dry tongue

S39 pale tongue
S42 dark tongue

S45 thin tongue
S48 luxuriant tongue

S51 fissured tongue(nature)

S54 withered tongue

S57 trembling tongue

S60 yellow slimy fur

S63 filthy fur

S66 rough fur

S69 dark red fur

S72 nausea vomiting

S75 sallow complexion

S78 small pulse

S81 faint pulse

S84 rough pulse

S87 weak pulse

S90 pulse with little vitality

S93 bound pulse

S96 slippery pulse

S99 hidden pulse

S102 large pulse

S105 sunken pulse

S108 thirst

S111 lassitude of spirit

S114 liver pain during
menstruation

(continued)
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S115 liver pain caused by diet

S118 liver pain caused by
overexertion

S121 persistent liver pain

S124 dull pain

S127 stabbing pain

S130 nausea

S133 freezing at first visit

S116 liver pain caused by
spirit
S119 paroxysmal liver pain

S122 distending liver pain
S125 fine

S128 abdomen distend
S131 mushy excrement

S134 thunderstorm at first
visit

S117 liver pain caused by
weather

S120 liver spasm

S123 distending pain

S126 oppressive pain

S129 acid regurgitation

S132 overcast and rainy at
first visit

S135 high temperature at
first visit

S136 constipation S137 bletching

Table 10 TCM syndrome classes and their number in Mr. Zhang Yunpeng’s clinical records

Syndrome classes Number
Intermingled phlegm and blood stasis and retained dampness heat toxin 46
Intermingled phlegm and blood stasis 13
Intermingled phlegm and blood stasis and ascendant hyperactivity of liver yang 5

practitioner, Wang Qiaochu is a well-known specialist in insomnia. A total of 217
clinical data on insomnia from Wang are assembled. In all, 122 symptoms and six
syndromes are focused. The information of the data from Wang is declared in
Tables 11 and 12.

4.3 Hpypertension

4.3.1 Data Source

The hypertension datasets used in this paper are from LEVIS Hypertension
TCM Database. The data are from the in-patient, out-patient cases of Cardio
Center, Cardiovascular Internal Department, Nerve Internal Department, and
Medical Examination Center, etc. in Guangdong Provincial Hospital of TCM in
China during November 2006 to December 2008, as well as some cases from
on-the-spot investigation in Li Wan District Community in Guangzhou of China
during March 2007 to April 2007. With strict control measures, 775 reliable
TCM hypertension clinical cases are recorded in this database. 148 features,
including 143 TCM symptoms from inspection, auscultation and olfaction,
inquiry and palpation, and five common indexes including gender, age, hyper-
tension duration, SBPmax, and DBPmax, are investigated and collected in this
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Table 11 TCM symptoms collected in Mr. Wang Qiaochu’s clinical records

s1 thin fur

s4 scatterbrained

s7 menstrual irregularities
s10 scant menstruation
s13 sleep 56 h per day
s16 frequent nocturia

s19 soreness of waist

s22 lockjaw

s25 oppression in chest
s28 flusteredness

s31 edema of lower
extremity

s34 stomach distending
pain

s37 poor appetite

540 take no sleeping pill

s43 dizziness

s46 hearing lose

549 hoarse

$52 crimson tongue
s55 pale red tongue

s58 dark tongue

s61 few fur

s64 rough fur

s67 breast pain

s70 general itching

s73 poor appetite

s76 lusterless complexion

s79 lactation

s82 dental ulcer

s85 painful neck

s88 unhappy

s91 discontinuity sleep

s94 mental disease

s97 poor hoursing
conditions

S100 foreign body
sensation in threat

S103 no desire to speak

S106 taken sleeping pill
S109 profuse though
S112 nervous

S115 sloppy stool

S118 dry stool

S121 numbness of hands

s2 fine pulse

s5 Joggled muscle

s8 scant menstruation

s11 seminal emission

s14 sleep 3-5 h per day

s17 antipyretic and analgesic

s20 eyes bulge

$23 distending pain in
hypochondrium

5§26 slump in interest

s29 vexation and fiery

$32 stomach distention
s35 distention and fullness

s38 fair appetite

s41 phalacrosis

s44 headache

s47 arouse

s50 lassitude of spirit

s53 red tip of the tongue
s56 pale tongue

$59 normal form of the tongue
s62 yellow slimy fur

s65 white slimy fur

s68 in low spirits

s71 fear of cold

s74 eye bulge

s77 face heat sore

s80 string-like pulse

s83 bitter taste in mouth

S86 hard neck

s89 mental fatigue

$92 weakening of the memory
s95 work at night

s98 environment change

S101 phlegm in threat

S104 fullness in the abdominal
and hypochondrium

S107 tinnitus

S110 profuse dreaming

S113 profuse vaginal discharge

S116 normal stool

S119 dry bound stool

S122 bletch acid vomiting

s3 fiddle

s6 early wake

s9 profuse menstruation

s12 sleep 68 h per day

s15 sleep 2-3 h per day

518 lumbago pain

s21 angina dry in the throat

$24 oppression in chest and
shortness of breath

s27 palpitations

$30 limp and numb of lower
limb

$33 stomach dull pain

$36 gastric discomfort

s39 torpid intake

s42 stretching headache

s45 insomnia

548 handshaken

s51 red center purple margins
of the tongue

s54 red tongue

s57 red tip and margins of the
tongue

s60 macroglossia

s63 pale yellow slimy fur

66 hard to sleep

s69 dry cough

s72 sound in head

s75 dry eye

s78 face rash

s81 soggy pulse

s84 dry mouth

s87 scared

s90 heel pain

s93 disease in body

$96 work in three shifts

s99 nightlife

S102 arthralgia
S105 abdominal pain

S108 nausea

S111 sweating when acting
S114 vaginal discharge

S117 diluted stool

S120 hectic fever and sweating
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Table 12 TCM syndrome Syndrome classes Number
classes and their number

in Mr. Wang Qiaochu’s A§cendant hy.pera?tivity of liver. yang 124
clinical records Liver constraint with Qi stagnation 34
Liver constraint transforming into fire (wind) 5
Liver constraint invading the stomach 15
Liver constraint invading the heart 11
Hyperactivity of liver yang with kidney deficiency 28

database. It also stores the 13 labels (TCM syndrome) of each case. Academic
and noncommercial users may access it at http://levis.tongji.edu.cn/datasets/
index_en.jsp.

4.3.2 Data Preprocessing

According to the theory of TCM, the characteristics of the LEVIS Hypertension
TCM Database, and our research target that evaluation of the performance of multi-
label classification model on datasets with information from particular diagnostic
methods only (we call them single diagnosis datasets later) and on dataset with
fusional information of all diagnostic methods (called fusional-diagnosis dataset),
five single-diagnosis datasets are retrieved from the LEVIS Hypertension TCM
Database. The information contained in each datasets is shown in Tables 13, 14, 15,
16 and 17, which comes respectively from face diagnosis, tongue diagnosis, inquiry
diagnosis, palpation diagnosis and other diagnosis. Analyzing the 775 cases, four
cases are found to have empty value in one of the features mentioned above in the
five tables. Thus, these four cases are removed from all the five single-diagnosis
datasets to ensure smooth progress of the following tasks -information fusion and
classification model building.

In the above data sets, we find some labels occur rarely, which will severely hurt
performance of classification methods. We randomly choose part of the data set in
this work. Firstly, labels are selected to decrease the degree of imbalance. In this
case, we chose label 6, 10, and 12, as they have the largest number of positive cases
and multi-label method should predict at least three labels simultaneously. Secondly,
cases are selected that are marked negative on all the selected labels to be the pend-
ing removable set, so that the entire positive cases in any label are preserved. Finally,
remove randomly enough cases from the pending removable set. Here, we removed
500 cases and retain 271 cases. The final used data set may be downloaded from:
http://levis.tongji.edu.cn/datasets/htn-ecam.zip.
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Table 16 Information from palpation diagnosis

Fine Rough Fine rapid Slippery wiry Fine rapid wiry Slippery Weak
Fine Rough Slippery ~ Rapid Intermittent Soggy slippery Rapid wiry
wiry wiry rapid bound
Wiry Fine weak Rough Fine wiry Soggy Fine rough Fine sunken
sunken

Table 17 Information from other diagnosis

Night Palpitate  Muscular Sputum Facial Spermatorrhoea Palpitation
sweating twitching paralysis
and cramp
Nausea Dry in the Stiffness of  Fogettery = Short breath Lusterless of Luxated
vomiting throat the neck hair tooth
Heavy body Impotence Shortness of Retch Fat
breath nausea
sputum
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Network Based Deciphering
of the Mechanism of TCM

Yi Sun, Qi Liu, and Zhiwei Cao

Abstract Currently, there has been increased global interest in traditional herbal
medicines because of the emerging systematic “multi-target” drug design strategy.
The herbal ingredients, their corresponding protein targets, the biological processes
its targets participate in, as well as the drug-target interactions and target-target
interactions are necessary to understand the molecular mechanism of TCMs.
Varieties of relevant databases have been set up. Additionally, the massive amounts
of data produced by ‘-omics’ technologies has also provided considerable support
for the exploration of TCM mechanism. They would be more useful for depicting a
global picture of the underlying mechanism of TCM, as network-based multi-targets
drug design methodologies could integrate relevant information across different
platforms. In this chapter, taking the study of herbal medicines against Alzheimer’s
Disease (AD) as an example, the value of the network-based integration of different
data sources for TCM is exemplified by the study for clinically tested anti-AD herbs.
Network-based integration of the various databases and ‘-omics’ data are discussed,
which will not only facilitate the holistic understanding of the disease pathogenesis,
but also suggest new clues for the usage of TCMs in future drug discovery.

1 Motivations and Introduction

Traditional Chinese Medicine (TCM) has long been used for the treatment of a wide
variety of complex diseases. A TCM formula is usually composed of several herbs
with considerable amount of chemical ingredients which may have multiple targets.
The “multi-component, multi-target” feature mainly leads to the unclear mechanism
for TCM, especially their combination effects including pharmacodynamically
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synergistic, additive or antagonistic and pharmacokinetically potentiative or
reductive effects. There raised the first question: How to decipher herb mecha-
nism comprehensively?

Now, it is possible to explore the mode of action (MOA) for TCM from different
views, as the various ‘-omics’ technologies have shown the promise to be a power-
ful technical platform during the past decade. Experimental platforms including
gene expression microarray, proteomic profiles and metabolomics analysis, as well
in-silico platforms involving pathway analysis, docking and inver-docking pro-
grams have been widely employed for uncovering the molecular mechanism of
TCM (Leung et al. 2012). Currently, ‘-omics’ technologies have produced massive
data, and it keeps growing. However, individual ‘-omics’ platform is not informa-
tive enough to elucidate the MOA of TCM, while tighter integration across different
platforms could facilitate to provide a global picture for the underlying mechanism
of TCM. There raised the second question: How to analysis the diverse data
integratively?

The newly developed network-based computational models can expand the
capacity of ‘-omics’ platforms by building tight correlations among them (Hopkins
2008; Wist et al. 2009). Thus, network-based methodologies could afford new pos-
sibilities to establish a multi-dimensional system for uncovering TCM mechanism
from a systematic point of view.

2 Data Sources of Herb Ingredients and Targets

The essence of TCM is natural products which contains many chemical constitutes.
Therefore, identifying the ingredients of TCM is very important for TCM pharma-
cology study. As drugs generally perform their functions by binding to target pro-
teins, the target information is also necessary. Currently, several databases have
been developed by text mining on literature and books, and they could provide
useful data for TCM study (Table 1). The information derived from each database
has its own focus and they could be complementary in application. TCM-ID data-
base (Traditional Chinese Medicine Information Database) collects comprehensive
information of TCM including prescriptions, constituent herbs, herbal ingredients,
molecular structure and functional properties of active ingredients, therapeutic and
side effects, clinical indication and application and related matters (Chen et al.
2006). HIT (Herb Ingredient’s Target) contains information related to therapeutic
targets for herbal ingredients from TCM, and a total of 221 direct targets of 586
herbal compounds are collected in the current version (Ye et al. 2011). HICD
(Herbal ingredient and content database) stores content information of more than
15,000 ingredients, and includes all potential factors affecting ingredient content,
e.g., collecting time and site, herb part, processing methods, method to measure the
content, therapeutic effects, as well as diseases. TTD (Therapeutic target database)
contains information related to therapeutic targets and has a user-friendly search
interface (Zhu et al. 2012). Although these databases are not complete, data mining
techniques could be employed to further expand them.
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Table 1 Available data sources for herb study

Database_Type Database_Name

Details

Herbal database TCM-ID

HIT

HICD

PPI database HPRD

Mint

Intact

BioGRID

DIP

MIPS

Containing 1,197 formulas, 1,102 herbs, 12,120
compounds

Containing 5,208 entries about 1,301 known protein
targets (221 of them are described as direct
targets) affected by 586 herbal compounds from
more than 1,300 reputable Chinese herbs,
overlapping with 280 therapeutic targets from
Therapeutic Targets Database (TTD), and 445
protein targets from DrugBank corresponding to
1,488 drug agents

Containing content information of more than 15,000
ingredients, and includes all potential factors
affecting ingredient content, e.g., collecting time
and site, herb part, processing methods, method
to measure the content, therapeutic effects, as
well as diseases

Containing information pertaining to domain
architecture, post-translational modifications,
interaction networks and disease association for
each protein in the human proteome. All the
information in HPRD has been manually
extracted from the literature by expert biologists
who read, interpret and analyze the published
data

Containing experimentally verified protein-protein
interactions mined from the scientific literature
by expert curators, and 235,000 binary interac-
tions have been captured from over 4,750
publications

Containing approximately 275,000 curated binary
interaction evidences from over 5,000
publications

Containing 347,966 interactions (170,162 genetic,
177,804 protein) curated from both high-through-
put data sets and individual focused studies, as
derived from over 23,000 publications in the
primary literature, and 48,831 are human protein
interactions that have been curated from 10,247
publications

Containing the diverse body of experimental
evidence on protein-protein interactions

Containing high-quality experimental protein
interaction data in mammals

(continued)
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Table 1 (continued)

Database_Type Database_Name Details

Pathway KEGG Containing over 300 pathways partitioned into seven
database sections, and the pathways having four formats
for download: KGML, BioPAX, SBML and
GPML

WikiPathways Open, collaborative platform dedicated to the
curation of biological pathways, and the
download format is GPML

BioCarta Could be downloaded in BioPAX Level 2 format
through NCI/Nature Pathway Interaction
Database (Gilbert et al. 2010)

PID Aiming at the cancer research community and others
interested in cellular pathways, such as neurosci-
entists, developmental biologists, and immunolo-
gists. The database focuses on the biomolecular
interactions that are known or believed to take
place in human cells. And data could be
downloaded in PID XML and BioPAX Level 2
format

Reactome Providing an intuitive website to navigate pathway
knowledge and a suite of data analysis tools to
support the pathway-based analysis of complex
experimental and computational data sets

Pathway commons A collection of publicly available pathway data from
multiple organisms. The database aims to collect
and integrate all public pathway data available in
standard formats, and currently contains data
from nine databases with over 1,400 pathways
and 687,000 interactions

To understand the molecular mechanism of a drug, it is critical to know the bio-
logical processes its targets participate in, as well as the drug-target interactions and
target-target interactions. With the development of high-throughput proteomics
technology, various online databases containing experimental information of
protein-protein interaction (PPI) have been set up, such as HPRD (Keshava
Prasad et al. 2009), Mint (Licata et al. 2012), Intact (Kerrien et al. 2012), BioGRID
(Stark et al. 2011), DIP (Salwinski et al. 2004), MIPS (Pagel et al. 2005), etc. In
addition, some cellular network or signaling pathway databases have systemati-
cally collected pathways associated with biological processes (Table 1). For exam-
ple, the KEGG database includes over three hundred pathways partitioned into
seven sections, in which the section of human diseases consists of pathways con-
cerning cancers, immune disorders, neuro-degenerative diseases, Substance depen-
dence diseases, Cardiovascular Diseases, Endocrine and Metabolic Diseases, and
infectious diseases, and the information is updated regularly (Kanehisa et al. 2012).
Other available collection of curated and peer-reviewed pathways could be found in
PID (Pathway Interaction Database) (Schaefer et al. 2009), Reactome (Matthews
et al. 2009) etc.
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3 Network-Based Deciphering of Herb Mechanisms

Complex diseases like cancers, cardiovascular diseases, and neurodegenerative dis-
orders are regulated by complex biological networks and depend on multiple factors
of genetic and environmental challenges to progress. Single-target drugs have been
shown with limited efficacy or too many adverse effects for these systemic diseases.
Drug discovery strategies show the favor for designing drugs to produce overall
therapeutic synergy based on mutual complements and drugs could interfere with
multiple avenues of pathological cross-talk. This new appreciation of the role of
polypharmacology has significant implications for tackling the two major sources
of attrition in drug development: efficacy and toxicity. Integrating network biology
and polypharmacology holds the promise of expanding the current opportunity
space for druggable targets. The concept of network pharmacology may establish
the foundation for the development of multi-target interventions.

TCM formulas and individualized treatment concept may provide the major
sources for developing multi-target intervention. They have been used to treat com-
plex diseases for thousands of years. Compared with the western drugs, TCM often
treats the function and dysfunction of living organisms in a more holistic way.

The development of ‘-omics’ technologies has produced massive amounts of
data, and it has provided considerable support for the exploration of TCM mecha-
nism (Table 2). These data would be even more useful for the understanding of the
holistic, complementary and synergic essence of TCM in the context of molecular
networks, if we have computational tools that could integrate relevant information
across genomics, transcriptomics, proteomics, metabolomics, microbiome, phar-
macogenomics and clinical samples. Currently, there are lots of computational and
mathematical models available for network-based multi-targets drug design
(Table 3). The conceptual diagram of integrating multiple “-omics” platforms using
computational tools for network-based drug discovery is shown in Fig. 1 (Leung
etal. 2012).

4 Case Study: Target Network Based Anti-AD Herbal
Mechanism

Here, we present the case study on applying TCM-related databases and various
high-throughput data sources to understand the anti-AD MOA for TCM from a
target network perspective (Sun et al. 2012). (i) We systematically collected and
reviewed anti-AD herbs, their ingredients, and the target proteins from public data-
bases and literatures; (Paez et al. 2004) We studied the anti-AD mechanism with the
application of network analysis (Fig. 2).

We performed a large-scale text mining of PubMed and the clinical trial database
(www.Clinicaltrials.gov), and extracted the available promising anti-AD herbs from
the English literatures (from 1995 to 2011) (Table 4). Then, the ingredients
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Fig. 1 Integrating “-omics” platform to network-based drug discovery

contained in each herb were collected from Traditional Chinese Medicine
Information Database (TCM-ID), “Pharmacopoeia of People’s Republic of China”
and PubMed (Table 4).

The information of target proteins for herbal ingredients was identified from
HIT, and 34 target proteins were retrieved. And, we found three of the herbal ingre-
dients are successful therapeutic targets against AD, and the majority of the herbal
targets (74 %) are either successful or research targets for AD-related diseases,
including cancer, inflammation, diabetes, ischemia reperfusion injuries and
Parkinson. These results imply that anti-AD herbs are primarily interacting with
tens of important proteins critical to disease treatment. Although the relationship
between these diseases is not fully understood, these targets are serving as the mate-
rial basis for the therapeutic effects of the anti-AD herbs, as well as suggesting
important cross-talks between AD and the other complex diseases.

To better elaborate the holistic modulation of the anti-AD herbal medicines, an
integrated “AD pathway” was compiled based on the “Alzheimer’s disease pathway”
from KEGG Pathway database (Kanehisa et al. 2012), and human PPI data from
online databases (Keshava Prasad et al. 2009; Licata et al. 2012; Kerrien et al. 2012;
Stark et al. 2011; Salwinski et al. 2004; Pagel et al. 2005). Of the 34 target proteins,
28 can be mapped or connected to the pathway. As shown in Fig. 3, several AD-related
processes were involved, including proliferation, AP degradation and cell death. The



92 Y. Sun et al.
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Fig. 2 Workflow for target network analysis of anti-AD herbal mechanism

Table 4 Anti-AD herbs and their ingredients

Herb Ingredient

Ginkgo biloba Quercetin, Kaempferol, Ginkgolide a, Ginkgolide b
Huperzia serrata Huperzine A, Huperzine B

Melissa officinalis Quercetin, Gallic acid

Salvia officinalis Apigenin, b-Sitosterol, Ursolic acid

targets can be organized into the following pathways: AD symptoms-associated
pathways, inflammation-associated pathways, cancer-associated pathways, diabetes
mellitus-associated pathways, Ca®*-associated pathways and cell proliferation path-
ways. Several possible anti-AD mechanisms for the herbal ingredients were sug-
gested in Fig. 3. The herbal ingredients could produce their anti-AD effect not only
by improving the symptom of AD patients, but also by targeting the fundamental of
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the disease pathophysiology such as the inflammation-associated pathways,
cancer-associated pathways, diabetes-associated pathways and so on. And, it is sug-
gested that Huperzia serrata might produce anti-AD effects mainly through a symp-
tom-improving way, while targets of Salvia officinalis are mainly involved in
inflammation and cancer-associated pathways. As for Ginkgo biloba and Melissa
officinalis, their targets are more diversely distributed in these fundamental pathways
of AD indicating their more extensive anti-AD effects.

5 Conclusions and Discussions

Network-based intervention has been a trend of curing complex diseases, and the
“multi-component, multi-target” nature of herbal medicine may provide resources
to network-based drug discovery. During the past decade, the rapid development of
“-omics” platforms and systems biology has facilitated systems-level understanding
of biological processes concerning the interactions of genes, proteins and environ-
mental factors, thus affording new possibilities for uncovering the molecular mech-
anisms related to the therapeutic efficacy of TCM from a systematic point of view.
Through integrating various high-throughput data, in-silico models could help
accelerating network-based multi-target drug discovery, especially for optimizing
molecular synergy of herbal formulas.

References

A.A. Borisy et al., Systematic discovery of multicomponent therapeutics. Proc. Natl. Acad. Sci. U.
S. A.100(13), 7977-7982 (2003)

X. Chen et al., Database of traditional Chinese medicine and its application to studies of mecha-
nism and to prescription validation. Br. J. Pharmacol. 149(8), 1092-1103 (2006)

J. Chen et al., Serum 27-nor-5beta-cholestane-3,7,12,24,25 pentol glucuronide discovered by
metabolomics as potential diagnostic biomarker for epithelium ovarian cancer. J. Proteome
Res. 10(5), 2625-2632 (2011)

E.H. Cheng, C.L. Sawyers, In cancer drug resistance, germline matters too. Nat. Med. 18(4),
494-496 (2012)

J.C. Clemente et al., The impact of the gut microbiota on human health: an integrative view. Cell
148(6), 1258-1270 (2012)

L. Dexlin-Mellby et al., Tissue proteome profiling of preeclamptic placenta using recombinant
antibody microarrays. Proteomics Clin. Appl. 4(10-11), 794-807 (2010)

X. Gao et al., Metabonomic study on chronic unpredictable mild stress and intervention effects of
Xiaoyaosan in rats using gas chromatography coupled with mass spectrometry.
J. Ethnopharmacol. 137(1), 690-699 (2011)

J.A. Gilbert et al., Meeting report: the terabase metagenomics workshop and the vision of an Earth
microbiome project. Stand Genomic Sci. 3(3), 243-248 (2010)

A.L. Harvey, I.A. Cree, High-throughput screening of natural products for cancer therapy. Planta
Med. 76(11), 1080-1086 (2010)

A.L. Hopkins, Network pharmacology: the next paradigm in drug discovery. Nat. Chem. Biol.
4(11), 682—690 (2008)



Network Based Deciphering of the Mechanism of TCM 95

S.S. Huang, E. Fraenkel, Integrating proteomic, transcriptional, and interactome data reveals
hidden components of signaling and regulatory networks. Sci. Signal. 2(81), ra40 (2009)

T. Ichinohe et al., Microbiota regulates immune defense against respiratory tract influenza A virus
infection. Proc. Natl. Acad. Sci. U. S. A. 108(13), 5354-5359 (2011)

M. Kane et al., Successful transmission of a retrovirus depends on the commensal microbiota.
Science 334(6053), 245-249 (2011)

M. Kanehisa et al., KEGG for integration and interpretation of large-scale molecular data sets.
Nucleic Acids Res. 40(Database issue), D109-D114 (2012)

Y.J. Kang, Herbogenomics: from traditional Chinese medicine to novel therapeutics. Exp. Biol.
Med. (Maywood) 233(9), 1059-1065 (2008)

S. Kerrien et al.,, The IntAct molecular interaction database in 2012. Nucleic Acids Res.
40(Database issue), D841-D846 (2012)

T.S. Keshava Prasad et al., Human protein reference database — 2009 update. Nucleic Acids Res.
37(Database issue), D767-D772 (2009)

A.D. Kostic et al., Genomic analysis identifies association of Fusobacterium with colorectal carci-
noma. Genome Res. 22(2), 292-298 (2012)

A. Lan et al., ResponseNet: revealing signaling and regulatory networks linking genetic and tran-
scriptomic screening data. Nucleic Acids Res. 39(Web Server issue), W424-W429 (2011)
E.L. Leung et al., Network-based drug discovery by integrating systems biology and computa-

tional technologies. Brief. Bioinform. 14(4), 491-505 (2013)

S. Li, B. Zhang, N. Zhang, Network target for screening synergistic drug combinations with appli-
cation to traditional Chinese medicine. BMC Syst. Biol. 5(Suppl 1), S10 (2011a)

Q. Li et al.,, A network-based multi-target computational estimation scheme for anticoagulant
activities of compounds. PLoS One 6(3), e14774 (2011b)

L. Licata et al., MINT, the molecular interaction database: 2012 update. Nucleic Acids Res.
40(Database issue), D857-D861 (2012)

L. Matthews et al., Reactome knowledgebase of human biological pathways and processes.
Nucleic Acids Res. 37(Database issue), D619-D622 (2009)

J.G. Paez et al., EGFR mutations in lung cancer: correlation with clinical response to gefitinib
therapy. Science 304(5676), 1497-1500 (2004)

P. Pagel et al., The MIPS mammalian protein-protein interaction database. Bioinformatics 21(6),
832-834 (2005)

J. Peterson et al., The NIH Human Microbiome Project. Genome Res. 19(12), 2317-2323 (2009)

L.W. Qi et al., Metabolism of ginseng and its interactions with drugs. Curr. Drug Metab. 12(9),
818-822 (2011)

R.C. Yue, L. Shan, S.K. Yan et al., Utilization of the chemical proteomics for the study of Chinese
medicines towards modernization. World SciTechnol. 12, 502-510 (2010)

L. Salwinski et al., The database of interacting proteins: 2004 update. Nucleic Acids Res.
32(Database issue), D449-D451 (2004)

C.F. Schaefer et al., PID: the pathway interaction database. Nucleic Acids Res. 37(Database issue),
D674-D679 (2009)

E.A. Sconce et al., The impact of CYP2C9 and VKORC1 genetic polymorphism and patient char-
acteristics upon warfarin dose requirements: proposal for a new dosing regimen. Blood 106(7),
2329-2333 (2005)

M. Shinawi, S.W. Cheung, The array CGH and its clinical applications. Drug Discov. Today
13(17-18), 760-770 (2008)

J.M. Silva et al., Profiling essential genes in human mammary cells by multiplex RNAi screening.
Science 319(5863), 617-620 (2008)

C. Stark et al., The BioGRID interaction database: 2011 update. Nucleic Acids Res. 39(Database
issue), D698-D704 (2011)

R. Stone, Biochemistry. Lifting the veil on traditional Chinese medicine. Science 319(5864),
709-710 (2008)



96 Y. Sun et al.

Y. Sun et al., Towards a bioinformatics analysis of anti-Alzheimer’s herbal medicines from a target
network perspective. Brief. Bioinform. (2012)

J. van der Greef et al., Systems biology-based diagnostic principles as pillars of the bridge between
Chinese and Western medicine. Planta Med. 76(17), 2036-2047 (2010)

Y. Wang, X. Wang, Y. Cheng, A computational approach to botanical drug design by modeling
quantitative composition-activity relationship. Chem. Biol. Drug Des. 68(3), 166—172 (2006)

L. Wang et al., Dissection of mechanisms of Chinese medicinal formula Realgar-Indigo naturalis
as an effective treatment for promyelocytic leukemia. Proc. Natl. Acad. Sci. U. S. A. 105(12),
48264831 (2008)

Y. Wang et al., A novel methodology for multicomponent drug design and its application in opti-
mizing the combination of active components from Chinese medicinal formula Shenmai.
Chem. Biol. Drug Des. 75(3), 318-324 (2010)

Z. Wen et al., Discovery of molecular mechanisms of traditional Chinese medicinal formula
Si-Wu-Tang using gene expression microarray and connectivity map. PLoS One 6(3), 18278
(2011)

A.D. Wist, S.I. Berger, R. Iyengar, Systems pharmacology and genome medicine: a future perspec-
tive. Genome Med. 1(1), 11 (2009)

P.K. Wong et al., Closed-loop control of cellular functions using combinatory drugs guided by a
stochastic search algorithm. Proc. Natl. Acad. Sci. U. S. A. 105(13), 5105-5110 (2008)

X. Xu et al., Single-cell exome sequencing reveals single-nucleotide mutation characteristics of a
kidney tumor. Cell 148(5), 886-895 (2012)

H. Ye et al., HIT: linking herbal active ingredients to targets. Nucleic Acids Res. 39(Database
issue), D1055-D1059 (2011)

B.J. Yoon, Enhanced stochastic optimization algorithm for finding effective multi-target therapeu-
tics. BMC Bioinformatics 12(Suppl 1), S18 (2011)

Q.X. Yue et al., Proteomics characterization of the cytotoxicity mechanism of ganoderic acid D
and computer-automated estimation of the possible drug target network. Mol. Cell. Proteomics
7(5), 949-961 (2008)

Q.Y. Zhang et al., A systems biology understanding of the synergistic effects of arsenic sulfide and
Imatinib in BCR/ABL-associated leukemia. Proc. Natl. Acad. Sci. U. S. A. 106(9), 3378-3383
(2009)

Y. Zhu et al., High-throughput screening for bioactive components from traditional Chinese medi-
cine. Comb. Chem. High Throughput Screen. 13(10), 837-848 (2010)

F. Zhu et al., Therapeutic target database update 2012: a resource for facilitating target-oriented
drug discovery. Nucleic Acids Res. 40(Database issue), D1128-D1136 (2012)

R.G. Zinner et al., Algorithmic guided screening of drug combinations of arbitrary size for activity
against cancer cells. Mol. Cancer Ther. 8(3), 521-532 (2009)



Prescription Analysis and Mining

Guang Zheng, Miao Jiang, Cheng Lu, and Aiping Lu

Abstract Prescription analysis is an important task in traditional Chinese medicine
(TCM), both in theoretical development and clinical practices. However, with the
rapid development of TCM researches, massive literature collected in databases
blocks end users from acquiring general knowledge of prescriptions. Fortunately,
with the rapid development of text mining technology, now, it is possible to extract
associated networks focused on prescriptions. In this chapter, focused on Liuwei-
Dihuang formula as an example, by executing discrete derivative algorithm in the
text mining process, prescription associated networks are mined out. These net-
works include prescription-pattern-disease, prescription-disease-Chinese herbal
medicine, prescription-pattern-Chinese herbal medicine, prescription-Chinese
herbal medicine-symptom, and prescription-pattern-symptom. These networks
might be good references for TCM research and clinical practices.
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1 Introduction

Over several thousand years of clinical research and theoretical thoughts, traditional
Chinese medicine has developed into a stable period both in theoretical re-search
and clinical practices. The therapeutic process in traditional Chinese medicine can
be called as “Li-Fa-Fang-Yao” which is of critical importance in clinical practices
(Deng 2008). Li-Fa-Fang-Yao, which means principles, methods, prescription/for-
mula, and Chinese herbal medicines respectively, indicate the four basic steps of
diagnosis and treatment: determining the cause, mechanism and location of the dis-
ease according to the medical theories and principles, then deciding the treatment
principle and method, and finally selecting a prescription as well as proper Chinese
herbal medicines.

In the history of traditional Chinese medicine, herbal prescription/formula has
been adapted in the clinical practices over 2,000 years. It is an important means in
the therapeutic system of traditional Chinese medicine. What’s more, with rapid
development on the research of traditional Chinese medicine, huge number of lit-
erature on prescriptions are published and collected in databases with electronic
version. So, it is a meaningful task to analyze the prescriptions with text mining
approach.

In the clinical practices of traditional Chinese medicine, the determination of
prescription is based on the determination of two other processes: (1) pat-tern/syn-
drome differentiation, and (2) treatment principle and method. In the theory of tra-
ditional Chinese medicine, pattern/syndrome can be defined as sets of symptoms.
As for the treatment principle and method, it is based on the analysis of pattern
differentiation. Based on this, the analysis of prescription involves its connection
with the symptom, disease, pattern, Chinese herbal medicine, treatment principle
and method.

In this chapter, take description of “Liuwei-Dihuang Formula” for example. We
explored the information or networks on several aspects within the framework of
traditional Chinese medicine. These aspects focused on symptom, disease, pat-tern,
Chinese herbal medicine, treatment principle and method.

2  Why Liuwei-Dihuang Formula?

In the textbook of Prescription of Chinese medicine (Fang-ji-xue in Pinyin, and
73752 in Chinese), there are 362 prescriptions (Deng 2008). Most of these descrip-
tions are widely used in clinical practice, in the form of both decoction and patient
medicine. Among them, Liuwei-Dihuang Tang is a famous one which has been
intensively studied (Chang et al. 2006; Chen et al. 1994, 2010; Cheng et al. 2007;
Deng et al. 2009; Fang et al. 2001; Gao et al. 2008; He et al. 2007; Hsiu et al. 2011;
Huang et al. 2012; Jiang et al. 1984, 1989; Lee et al. 2005; Li et al. 2010a, b; Liu
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Table 1 Top 10 prescriptions of traditional Chinese medicine mined from SinoMed

Chinese herbal medicine

ID Chinese name Pinyin name Frequency
1 FiliBy i F.5 Buyang-Huangwu Tang 3,302
2 A IR Shengmai San 3,036
3 MU IZ 7 Xuefu-Zhuyu Tang 2,825
4 THIE L Siaoyao San 2,685
5 il 45 R 5 Buzhong-Yigi Tang 2,676
6 AL/ SR Liuwei-Dihuang Tang 2,592
7 INSERG Xiao-Chaihu Tang 2,587
8 VUi Siwu Tang 2,365
9 B0 Xiexin Tang 2,204
10 FERG Guizhi Tang 1,821

et al. 2010, 2012; Mao et al. 1993; Qian et al. 2008; Song et al. 2006; Xue et al.
2005; Zhao et al. 2007). By scanning the literature database of SinoMed (http://
sinomed.imicams.ac.cn/index.jsp) which is focused on biological and medical pub-
lications, Liuwei-Dihuang formula is the 6th formula among the top 10 which can
be demonstrated in Table 1.

Liuwei-Dihuang was invented by famous doctor Qian Yi who wrote a book
named Xiaoer-Yaozheng-Zhijue (/)55 [E R in Chinese) in Song dynasty
(Deng 2008; Xu 2011; Zheng et al. 2011a). This formula is the basic description on
treating the pattern of kidney-yin deficiency by tonifying kidney yin. It is composed
by six Chinese herbal medicines, i.e., Shudidhuang (Radix Rehmanniae Preparata
in Latin, and %12 in Chinese), the chief medicinal for supplementing the kidney
yin and is combined with the flash of Shanzhuyu (Fructus Corni in Latin, and 1115
¥4 in Chinese) and Shanyao (Dioscorea opposita in Latin, and 1112# in Chinese), as
the deputy medicinals for addressing liver and spleen yin; it is assisted by Zexie
(Rhizoma Alismatis in Latin, and & in Chinese), Mudanpi (Cortex Moutan
Radicis in Latin, and #1:F} ¢ in Chinese) and Baifuling (Chinaroot Greenbrier
Rhizome in Latin, and 14X %" in Chinese) for clearing and removing fire in the liver
and kidney and concurrently dispelling dampness and turbidity, thus achieving a
famous formula for supplementing yin with the function of mainly supplementing
yin and draining while supplementing. These six Chinese herbal medicines form the
“three tonify and tree purge” of this description (Deng 2008).

Based on description of Liuwei-Dihuang formula, some other descriptions
(Qiju-Dihuang-Wan, Zhibai-Dihuang-Wan, and etc.) are composed by adding some
other Chinese herbal medicines into this description. Studied by modern medical
experiments, Liuwei-Dihuang formula shows many more functions under the
framework of western medicine. These functions are strengthen the immune sys-
tem, anti-aging, anti-fatigue, anti-freezing, hypoxia tolerance, reducing blood fat,
reducing blood pressure, reducing blood sugar, improve kidney’s function, improve
the metabolism.
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3 Data and Methods

3.1 Source Data

The data sets used in this chapter were downloaded from SinoMed (http://sinomed.
imicams.ac.cn/index.jsp). Our data sets were separated into different ones with
respect to different topics. For example, the primary data set is for Liuwei-Dihuang
formula which contains 3,046 records of literature on July 12, 2012. When it came
to the situation of analyzing the network of Liuwei-Dihuang formula with diseases
and patterns, in order to get a complete understanding of the whole network, data
sets of patterns and diseases were also required. By filtering the data set on Liuwei-
Dihuang formula, we got the network of diseases and patterns which are associated
with it. When it came to these diseases, it is natural to check whether the patterns
primarily associated with Liuwei-Dihuang formula are also the patterns associated
with diseases primarily. In order to fulfill this requirement, we downloaded the data
sets on these five diseases.

3.2 Methods

3.2.1 Principle

The text mining process on Liuwei-Dihuang formula is based on the principle of
co-occurrence which is a typical method in biomedical text mining (Zheng et al.
2011a, b, c).

4 Result

4.1 Aspects Focused

As Liuwei-Dihuang formula is a famous prescription in traditional Chinese medi-
cine, and we planned to get an overall view on it, so, the text mining process filtered
the disease, pattern/syndrome, symptom, Chinese herbal medicine, and treatment
principle.

4.2 Simple Networks

When these aspects were done, we built the one group of networks which are associ-
ated with Liuwei-Dihuang formula directly. These directly associated networks are:
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Fig. 1 Network of Liuwei-Dihuang formula-pattern-disease. The full color version of this image
may be viewed in the eBook edition

Liuwei-Dihuang formula-disease, Liuwei-Dihuang formula-pattern, Liuwei-Dihuang
formula-symptom, Liuwei-Dihuang formula-Chinese herbal medicine. Then, we
built the networks which are not associated with Liuwei-Dihuang formula directly,
i.e., disease-pattern, disease-symptom, disease-Chinese herbal medicine, pattern-
symptom, pattern-Chinese herbal medicine, symptom-Chinese herbal medicine, and
pattern-symptom.

4.3 Merged Networks

When these two groups of the networks were ready, we merged them with respect
to different topics. For example, in order to get a comprehensive network of disease
and pattern associated with Liuwei-Dihuang formula, we merged the networks of
Liuwei-Dihuang formula-disease, Liuwei-Dihuang formula-pattern, and disease-
pattern. When these three networks are merged, disease and pattern information
about Liuwei-Dihuang formula are demonstrated clearly (in Fig. 1).
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4.3.1 Disease and Pattern

Although both are focused on the healthy service, western medicine and traditional
Chinese medicine are two different systems rooted from different culture founda-
tions. For western medicine, doctors often make an accurate diagnosis by using
advanced medical equipment and laboratory examinations. Also, they diagnose a
disease by comprehensive and systematic examine the patient’s body through
inspection, palpation, percussion, auscultation and olfactory examination or with
the aid of the stethoscope, reflex hammer, sphygmomanometer, thermometer and
other simple tools. For traditional Chinese medicine, the diagnosis process can be
taken as four diagnostic methods i.e., inspection, auscultation and olfaction, inquiry
as well as pulse-taking and palpation. The human body is an organic whole. Local
pathological changes may affect the viscera and the whole body and can be detected
from the manifestations of the sensory organs, limbs and surface of the body (Xu
2011; Zhou 2008).

Thus, based on the disease names coined in the framework of western medicine,
they can be classified into different pattern/syndromes in traditional Chinese medi-
cine. Even for one specific disease, according to different patient’s symptoms, it can
be classified into different patterns in traditional Chinese medicine. This phenom-
ena is also the case for prescriptions in traditional Chinese medicine according to its
diagnosis, one prescription can be prescribed to different diseases yet with the same
pattern/syndrome.

For Liuwei-Dihuang formula, this prescription is mainly focused on patterns of
kidney yin deficiency and yin deficiency of liver and kidney which is demonstrated
in Fig. 1.

By filtering the dataset of Liuwei-Dihuang formula, disease list associated with
it can also be found. For significant and simplicity, top six diseases are demon-
strated in light purple diamonds in Fig. 1.

For these six diseases, text mining algorithm was also executed, and their asso-
ciated patterns were also filtered out. Although Liuwei-Dihuang formula can
regulate a large list of disease names, it is not the primary pattern associated with
the diseases listed. Take diabetes mellitus for example, it main pattern associated
are dual deficiency of qi and yin, and dual deficiency of yin and yang. That is to
say, although Liuwei-Dihuang formula is adopted, also, it is focused on the pat-
tern of kidney yin deficiency, yet it is not the most popular formula reported in the
literature of diabetes mellitus. In the clinical practice, it may also be used together
with other prescriptions or western medicines. This phenomenon is also com-
monly existed in other diseases associated with Liuwei-Dihuang formula, i.e.,
anemia also associated with kidney yang deficiency, nephrotic syndrome also
associated with spleen-kidney yang deficiency, primary hypertension also associ-
ated with yin deficiency with yang hyperactivity and ascendant hyperactivity of
liver yang.
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Fig. 2 Network of Liuwei-dihuang formula-disease-Chinese herbal medicine. The full color ver-
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4.3.2 Disease and Chinese Herbal Medicine

By filtering the data set on Liuwei-Dihuang formula, we can mine out the disease
list associated with it. Although there are about 58 diseases associated with it, based
on the principle of significant and simplicity, only five outstanding diseases are
demonstrated in Figure. They are osteoporosis, diabetes mellitus, anemia, primary
hypertension, and nephrotic syndrome.

In this figure, dark green triangle nodes represent the six Chinese herbal medi-
cines which are composed in the prescription of Liuwei-Dihuang formula. Light
green triangle nodes represent Chinese herbal medicines which are associated with
outstanding five diseases which Liuwei-Dihuang formula regulates.

For grey diamond nodes, they represent five significant diseases associated with
Liuwei-Dihuang formula. Around them are light green triangles represent Chinese
herbal medicines. These Chinese herbal medicines are filtered out from different
data sets of five diseases. Together with the dark green triangle nodes, they form the
sub networks of disease-Chinese herbal medicine. Just like the merged network of
pattern-disease-Liuwei-Dihuang formula in Fig. 1, kidney yin deficiency is just one
pattern associated with those diseases, and because prescriptions are tightly associ-
ated with pattern. What’s more, different prescriptions have different sets of Chinese
herbal medicines according. Then, in Fig. 2, it is natural and clear that different
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Fig. 3 Network of Liuwei-Dihuang formula-pattern-Chinese herbal medicine

diseases have different sets of Chinese herbal medicines. However, as all of them
are associated with Liuwei-Dihuang formula, so, it is also natural for them to have
intersections between Chinese herbal medicine sets. That is why there are also lines
connecting dark green triangle nodes with diseases.

4.3.3 Pattern and Chinese Herbal Medicine

As we have known that pattern and prescription are tightly connected, and prescrip-
tions are also have their kernel composition of Chinese herbal medicines, together
with the knowledge that prescriptions can be modified in clinical practice when situ-
ations are complex, then, it is natural come to the question of constructing the net-
work which merging the network of pattern-Chinese herbal medicine and
Liuwei-Dihuang formula-Chinese herbal medicine. Based on this, we constructed
the network of Liuwei-Dihuang formula-pattern-Chinese herbal medicine in Fig. 3.

In Fig. 3, dark triangles on the right are six Chinese herbal medicines in prescrip-
tion of Liuwei-Dihuang formula. Two blue diamond nodes representing patterns of
kidney yin deficiency and liver-kidney yin deficiency. Light green triangles on the
part are Chinese herbal medicines tightly associated with pattern kidney yin defi-
ciency and pattern liver-kidney yin deficiency.

In this figure, it is easy to understand that six Chinese herbal medicines on the
right are tightly connected with Liuwei-Dihuang formula, kidney yin deficiency,
and liver-kidney yin deficiency because they composed the prescription of Liuwei-
Dihuang formula and this prescription is also tightly associated with these two
patterns.



Prescription Analysis and Mining 105

As for the light green triangles representing other Chinese herbal medicines
associated with patterns, they also have their reasons. These light green triangles
can be classified into three groups:

1. Group one are three Chinese herbal medicines which associated with both two
patterns of kidney yin deficiency and liver-kidney yin deficiency. They are
Danggui (Radix Angelicae Sinensis in Latin, and %7 in Chinese), Huanggi
(Radix Astragali in Latin, and 1% in Chinese), and Gougqizi (Fructus Lycii in
Latin, and ¥4 ¥ in Chinese). Among them, Guogqizi tonifies liver and kidney,
Danggui tonnifies blood, and Huangqi tonifies qi. Taking them together, they can
nourish yin and tonify qi which are commonly used in clinical practice. As for
the five diseases demonstrated in Fig. 2, they all have the therapeutic effect.

2. Group two has only one Chinese herbal medicine called Shengdihuang which is
associated with pattern kidney yin deficiency. Shengdihuang (Radix Rehmanniae
Recens in Latin, and 2215 in Chinese) can nourish yin and clearing heat. Thus,
Shengdihuang can be used in the treatment of kidney yin deficiency pattern.

3. Group three has two Chinese herbal medicines and they are associated with pat-
tern liver-kidney yin deficiency. They are Tianma (Rhizoma Gastrodiae in Latin,
and KJ# in Chinese), and Gouteng (Ramulus Uncariae cum Uncis in Latin, and
$H % in Chinese). Tianma and Gouteng can pacify the liver, suppresses exuber-
ant yang. So, they can be adopted in the treatment of pattern ascendant hyperac-
tivity of liver yang which can be caused by pattern liver-kidney yin deficiency.

Based on the analysis above, Fig. 3 demonstrates clear and reasonable relation-
ships among Liuwei-Dihuang formula, pattern, and Chinese herbal medicine.

4.3.4 Symptom and Chinese Herbal Medicine

In the theory of Chinese herbal medicine, each Chinese herbal medicine has its
individual therapeutic effect(s). To be composited into prescriptions, they all con-
tribute to the main therapeutic effects of these prescriptions according to the theory
of ingredients in a prescription that have different roles, i.e., sovereign, minister,
assistant and courier.

According to the textbook, symptoms of soreness and weakness of waist and
knees, hot flash, dizzy, spermatorrhea, night sweat, and tinnitus. Through text min-
ing the data set on Liuwei-Dihuang formula, we got the network of Liuwei-Dihuang
formula-Chinese herbal medicine-symptom which is demonstrated with darker
lines connecting to the red node of Liuwei-Dihuang Formula. Apart from these
darker lines, there are also light gray lines connecting symptoms and Chinese herbal
medicines.

4.3.5 Pattern and Symptom

In the theory of traditional Chinese medicine, pattern is a set of symptoms. Different
patterns include different sets of symptoms. More interesting, even for one
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particular pattern, it can also be determined by different sets of symptoms. That is
to say, pattern can verify. However, no matter how symptoms verify in patterns, they
all are associated with diseases and cannot exist independent of the diseases. So, it
is the pathogenesis and etiology that form the core of the pattern.

For prescription of Liuwei-Dihuang formula, it is tightly associated with patterns
of kidney yin deficiency and liver-kidney yin deficiency. By mining the symptoms
associated with Liuwei-Dihuang formula, kidney yin deficiency, and liver-kidney
yin deficiency, their associated network with symptom are listed in Figure.

In this figure, symptoms associated with Liuwei-Dihuang can be classified into
two groups. One group consists of dizzy, tinnitus, night sweat, lost sleep, and sore-
ness and weakness of waist and knees. These symptoms are also connected with
pattern liver-kidney yin deficiency and pattern kidney yin deficiency. The other
group consists of fever, spermatorrhea, ulcer, aphtha, and hot flash. These symp-
toms are associated with Liuwei-Dihuang formula yet not so tightly associated with
pattern liver-kidney yin deficiency and pattern kidney yin deficiency.

5 Conclusion

By mining the literature data sets about prescription of Liuwei-Dihuang formula,
several merged networks were constructed and interpreted. Examining these net-
works, there are several interesting points which might be good references for TCM
researches and clinical practices.

1. Liuwei-Dihuang formula can affect a wide variety of diseases.

By filtering the dataset of Liuwei-Dihuang, we found that about 58 diseases can
be regulated with this formula. In traditional Chinese medicine, Liuwei-Dihuang
formula has its specific pattern/syndrome. However, as western medicine is
another different medical system, then, the pattern/syndrome of Liuwei-Dihuang
formula can scatter among different disease names in western medicine. Based
on this, we have the point of one formula for many diseases. The major diseases
are demonstrated in Fig. 1.

2. Liuwei-Dihuang formula can be modified for personalized medicine.
Personalized medical practice can also be demonstrated in the analysis of
Liuwei-Dihuang formula. Figure 2 demonstrates the network of disease and
Chinese herbal medicine associated with Liuwei-Dihuang formula. Figure 4
demonstrates the network of disease and symptoms associated with Liuwei-
Dihuang formula. These two figures reveal a fact that in clinical practices,
Liuwei-Dihuang formula can be modified according to different disease and
symptoms which are also personalized medicine.

3. Liuwei-Dihuang formula can be modified for different TCM pattern/syndromes

together with other Chinese herbal medicines.
In traditional Chinese medicine, treatments based on formulae are flexible
according to different pattern/syndrome. Even under the same pattern/syndrome,
different symptoms can also cause the change in prescriptions. This can be dem-
onstrated in Figs. 3 and 4.
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4. Literature reports may have different emphasizes compared with textbooks.
Checking networks demonstrated in Figs. 1, 2, 3, 4, and 5, and comparing them
with textbooks, they are not quite consistent. For contents described in text-
books, they cover most the possible situations. However, in current situations, as
traditional Chinese medicines at the complementary positions, some serious
conditions might be prevented and some further treatments described in textbook
have no chance to be executed in clinical practice. So, the results demonstrated
in networks have their current emphasis and cannot be complete consistent with
the textbook.

5. Merged networks of different aspects about prescription demonstrate meaning-

ful information.
In this chapter, every network (Figs. 1, 2, 3, 4, and 5) is composed by merging
two networks associated with Liuwei-Dihuang formula. Take Fig. 1 for example,
this figure demonstrates the connection among the pattern/syndrome and dis-
eases associated with Liuwei-Dihuang formula. In this network, it is clear that
different diseases and different pattern/syndrome are associated with
Liuwei-Dihuang formula. Besides the pattern/syndromes associated with
Liuwei-Dihuang formula, there are also some other pattern/syndromes associ-
ated with these diseases associated with Liuwei-Dihuang formula. That is to say,
one disease can be regulated by different Chinese herbal formulae according to
different pattern/syndromes associated with this disease. On the other side, one
Chinese herbal formula can also regulate different diseases based on the same
pattern/syndromes.
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Statistical Validation of TCM Syndrome
Postulates in the Context of Depressive
Patients

Yan Zhao, Nevin L. Zhang, Tianfang Wang, Qingguo Wang, and Tengfei Liu

Abstract

Objective: Traditional Chinese medicine (TCM) has many postulates that explain
the co-occurrence of symptoms using syndrome factors such as YANG
DEFICIENCY and YIN DEFICIENCY. A fundamental question is whether the
syndrome factors have verifiable scientific contents in them or they are pure subjec-
tive notions. We investigate the issue in the context of depressive patients.

Design: In the past, researchers have tried to show that TCM syndrome factors cor-
respond to real entities by means of laboratory tests, but there has been little suc-
cess. An alternative approach called latent tree analysis has recently been proposed.
The idea is to discover latent variables behind unlabeled symptom data based on
statistical principles and compare them with TCM syndrome factors. If there is
good match, then one obtains statistical evidence in support of the validity of the
relevant TCM postulates. We use latent tree analysis in our investigation.

Setting: TCM symptom data of 604 depressive patients were collected from nine
hospitals from several regions of China in 2005-2006.

Results: Latent tree analysis of the data yielded a model with 29 latent variables.
Many of them correspond to TCM syndrome factors.

Conclusions: The results provide statistical evidence for the validity of TCM pos-
tulates in the context of depressive patients. In other words, they show that TCM
postulates are applicable to depressive patients. This is significant because it is a
precondition for the TCM treatment of those patients.
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1 Introduction

TCM diagnosis starts with an overall observation of symptoms (including signs)
using four diagnostic methods, namely inspection, listening, inquiry, and palpation.
Based on the information collected, patients are classified into various categories
that are collectively known as ZHENG (WHO 2007). The Chinese term ZHENG is
usually translated as TCM syndrome. The process of classifying patients into vari-
ous syndrome classes is known as syndrome differentiation.

TCM syndrome classes such as YANG DEFICIENCY and YIN DEFICIENCY
come from TCM postulates where they are used to explain the co-occurrence of
signs and symptoms. For example, TCM asserts that YANG QI and YIN FLUID are
essential materials of human body and have the functions of warming and nourish-
ing the body respectively. Deficiency of YANG QI can lead to the co-occurrence of,
among others, ‘fear of cold’ and ‘cold limbs’. Hence patients with those symptoms
are often classified into the YANG DEFICIENCY class. Similarly, deficiency of
YIN FLUID may lead to the co-occurrence of, among others, ‘dry mouth and throat’
and ‘heat in the palms and soles’. Hence patients with those symptoms are often
classified into the YIN DEFICIENCY class.

Western Medicine divides patients into various classes according to disease types
or subtypes and treats them accordingly. In contrast TCM divides patients into vari-
ous classes according to syndrome types and treats them accordingly. Syndrome-
oriented treatment, rather than disease-oriented treatment, is regarded as the key
characteristic and strength of TCM.

Two fundamental questions are often asked of TCM syndrome classes. Do they
correspond to real-world entities or are they pure subjective notions? Is TCM syn-
drome differentiation a completely subjective matter or can it be based on objective
evidence? For more than half a century, researchers have been seeking answers to
those questions by means of laboratory tests (Wang and Xu 1999; Feng et al. 2004).
However, the questions still remain open today (Liang et al. 1998).

A different approach has recently been proposed by Zhang et al. (2008a, b). They
distinguish between two kinds of variables in TCM. Symptoms such as ‘fear of
cold’ and ‘dry mouth and throat’ can be directly observed clinically and hence are
called observed variables. Syndrome types such as YANG DEFICIENCY and YIN
DEFICIENCY, on the other hand, cannot be directly observed and must be indi-
rectly determined based on symptoms. Hence they are called latent factors.

Zhang et al. conjecture that specific syndrome notions such as YANG
DEFICIENCY and YIN DEFICIENCY originated from patterns of symptom co-
occurrence observed in clinic practice. They propose a new approach to TCM syn-
drome research where a researcher: (1) Collects data about the occurrence of
symptoms on patients while excluding the diagnostic judgments by doctors, and (2)
tries to, from the unlabelled data collected, re-extract the latent factors postulated in
TCM. Diagnosis results are not collected in the first step because the very purpose
of the method is to provide objective evidence for TCM diagnosis. The second step
is done using a new class of probabilistic models called latent tree models that they
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have developed specifically for TCM syndrome research (Zhang et al. 2008b). As
such the approach is known as latent tree analysis.

Zhang et al. (2008a, b) have tested the latent tree analysis method on a KYDNEY
DEFICIENCY data set. The latent variables they discovered do match the relevant
TCM latent factors well.! This provides statistical validation to the relevant TCM
postulates and is a breakthrough. Although they have not proved that TCM syn-
drome classes correspond to real entities, their results have confirmed that the
symptom co-occurrence patterns implied by TCM syndromes do exist in data. It is
a breakthrough. A similar study has recently been carried out on patients of cardio-
vascular disease (Xu et al. 2013).

In this work we use latent tree analysis to study a data set of 604 depressive
patients, henceforth referred to as the depression data set. The latent variables we
discovered also match TCM latent factors well. This provides evidence for the
validity of the relevant TCM postulates in the context depressive patients, and con-
sequently offers justifications for dividing depressive patients according into TCM
syndrome classes.

2 Methods

2.1 Data Collection

The data were collected in 2005-2006. The subjects were inpatients or outpatients
aged between 19 and 69 from nine hospitals from several regions of China. They
were selected using the Chinese classification of mental disorder clinic guideline
CCMD-3 (Chen 2002). CCMD-3 is similar in structure and categorization to the
ICD and DSM manuals, though includes some variations on their main diagnoses
and around 40 culturally related diagnoses.

Excluded from the study were subjects who took anti-depression drugs within 2
weeks prior to the survey, women in the gestational and suckling periods, patients
suffering from other mental disorders such as mania, and those suffering from other
severe diseases or having had operations recently.

The symptoms (and signs) were extracted from the TCM literature on depres-
sion between 1994 and 2004. We searched with the phrase “#/f and WE”
(Depression and ZHENG) on the CNKI (China National Knowledge Infrastructure)
database. Among the articles returned by CNKI, we kept only those on studies
where patients were selected using the ICD-9, ICD-10, CCMD-2, or CCMD-3
guidelines. This resulted in 65 articles and they contain totally 198 distinct
symptoms. The symptoms that appear only one time or two times were removed.
We finally ended up with 143 symptoms.

'Note that we use ‘latent factors’ to refer to unobserved factors in TCM, and ‘latent variables’ to
refer to unobserved variables in statistical models.
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An epidemiologic survey was conducted on the 143 symptoms. Six hundred and
four patient cases were collected. Each patient case contains information about
which symptoms occurred on the patient and which ones did not. Various measures
were taken to ensure data quality. Examples include staff training, site visit by prin-
cipal investigators, and dual data entry.

In the 604 patient cases, 57 symptoms occur fewer than 10 times. They were
removed from the data set and the remaining 86 symptoms were included in further
analysis.

2.2 Latent Tree Analysis

The data were analyzed using latent tree analysis. In the following, we first briefly
review latent tree analysis and explain how and in what sense it can provide statisti-
cal validation to postulates about latent factors.

Latent tree analysis refers to the analysis of data using latent tree models. An
example latent tree model is shown in Fig. 1a. It asserts that a student’s Math grade
(MG) and Science grade (SG) are influenced by his analytical skill (AS); his English
grade (EG) and History grade (HG) are influenced by his literal skill (LS); and the
two skills are correlated. Here, the grades are observed variables, while the skills
are latent variables.

For simplicity, assume all the variables have two possible values ‘low’ and ‘high’.
The dependence of MG on AS is characterized by the conditional distribution
P(MG]JAS), which is also shown in Fig. 1. It says that a student with high AS tends to
get high MG and a student with low AS is tends to get low MG. Similarly the depen-
dence of other grade variables on the skill variables are characterized by P(SG|AS),
P(EGI|LS) and P(HGILS) respectively. They are not shown to save space. The quanti-
tative relationships between AS and LS are described by the distributions P(AS) and
(LS|AS). Alternatively, they might also be described by P(LS) and P(AS|LS).

In Fig. 1, correlation strength between variables is visually shown as edge (line)
width. For example, the dependence of MG on AS is stronger than that of SG on
AS, and the dependence of EG on LS is stronger than that of HG on LS. Technically,
the width of an edge represents the mutual information between the two variables
that it connects. The mutual information is computed from the probability distribu-
tions of the model.

The input to latent tree analysis is a table where each column represents an
observed variable and each row consists of the values of the observed variables for
an individual. It does not contain values for latent variables. Many different latent
tree models can be constructed for the observed variables that appear in the data.
A model selection criterion is used to pick one of the models as the output. Latent
tree analysis uses the Bayes information criterion (BIC) (Schwarz 1978) for this
purpose. The BIC score consists of two terms, a likelihood term and a penalty term.
The likelihood term requires that the model fits the data as closely as possible, while
the penalty term ensures that the model is not overly complicated.
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Fig. 1 The first subfigure and the tables illustrate the concept of latent tree models using an example
that involves two latent variables (the skill variables) and four observed variables (the grade variables).
The second subfigure shows a model that might be obtained from data on the four observed variables.
The numbers next to the latent variables Y7 and Y2 indicate that they both have two possible values

There usually are too many possible latent tree models to enumerate exhaus-
tively. An algorithm called Expand-Adjust-Simplify-Termination (EAST) (Chen
et al. 2011) is used to deal with this computational difficulty.? It has empirically
been shown to be efficient enough to handle data with up to 100 observed variables
and is able to find high quality models.

Now assume that we want to provide, with respect to a student population, statis-
tical validation for the following postulates:

(1) MG and SG are influenced by the latent factor AS, and
(2) EG and HG are influenced by the latent factor LS.

The first step would be to sample a subset of students and survey their grades on
the four subjects. The next step would be to perform latent tree analysis on the survey
data. Suppose, in the data, high MG is frequently accompanied by high SG while
high EG is frequently accompanied by high HG. Further suppose that the correlation
between the two groups {MG, SG} and {EG, HG} is not as strong as those between
the group members. Then latent tree analysis is likely to yield the model shown in
Fig. 1b. If this turns out to be the case, we draw this conclusion: It fits to the data to

2 A Java implementation of EAST that is available at http://www.cse.ust.hk/~lzhang/ltm/index.htm.
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hypothesize that there is latent factor which influences MG and SG, and there is
another latent factor that influences EG and HG. In this sense, we have provided
statistical evidence that supports the two postulates. Although we have not proved
that AS and LS correspond real entities, we have shown that postulating the exis-
tence of AS and LS would explain the correlations among four grade variables well.

3 Results

The result of the analysis is a latent tree model, which will be referred to as the
depression model. The structure of the model is shown in Fig. 2. In the model, the
nodes labeled with English phrases represent symptom variables. Each of them has
two possible values, representing the presence or absence of the symptoms. The
symptom variables come from the data set. The nodes labeled with the capital letter
‘Y’ and integer subscripts are the latent variables. They are not from the data set.
Rather they were introduced during data analysis to explain patterns in the data.
There is an integer next to each latent variable. It is the number of possible values
of that latent variable.

The edges in the model represent probabilistic dependence. Each edge is charac-
terized by a conditional probability distribution. The widths of the edges denote the
strength of correlations between variables. For example, Y29 is strongly correlated
with ‘cold limbs’, moderately correlated with ‘fear of cold’, and weakly correlated
with ‘rough pulse’. In this paper, we will mainly focus on the links between vari-
ables and the strength of those links. The conditional probability distributions con-
tain quantitative information that can be used as evidence for syndrome
differentiation. We will discuss them in future work.

4 Discussions

4.1 Latent Variables as Evidence for TCM Postulates

In a latent tree model, the collection of observed variables directly connected to a
particular latent variable is called a sibling cluster. The sibling cluster together with
the latent variable forms a family. For example, the three symptom variables under
Y28 ‘aching lumbus’, ‘lumbar pain liking pressure’ and ‘lumbar pain liking warmth’
make up a sibling cluster. Together with Y28, they form a family, which is said to be
headed by Y28.

Why some symptom variables are grouped to form sibling clusters during latent
tree analysis? Why are latent variables introduced? An examination of the model
(both qualitative and quantitative information) reveals that there are three cases with
regard to this question. First, some symptom variables are grouped into one sibling
cluster because they tend to co-occur. One example is ‘baking heat’ and ‘heat in
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palms & soles’ in the family headed by Y 10. In this case, the latent variable is intro-
duced to explain the co-occurrence of the symptoms. Second, some symptom vari-
ables are grouped into one sibling cluster because they are mutually exclusive. One
example is ‘red tongue’ and ‘pale red tongue’ in the family headed by Y8. In this

Fig. 2 The structure of the latent tree model learned from the depression data set
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case, the latent variable is introduced to represent a partition of the patients based on
those symptoms. The third case is a mixture of the first two cases. One example is
in the family headed by Y26, where ‘forceful pulse’ and ‘forceless’ are mutually
exclusive, whereas they both co-occur with ‘string like pulse’.

Latent variables of the first case are evidence for the validity of TCM postulates.
For example, TCM posits that YIN DEFICIENCY may lead to ‘baking heat’ and
‘heat in palms & soles’. An implication of this postulate is that the two symptoms
would tend to co-occur in clinic practice. The introduction of Y10 during latent tree
analysis has confirmed that ‘baking heat’ and ‘heat in palms & soles’ indeed tend to
co-occur in the data. In other words, it has verified an implication of the postulate.
In this sense, it provides support for the TCM postulate.

Note that several symptom variables in the model seem to be out of place. They
include ‘somnolence’ under Y11, ‘tinnitus’ and ‘pain in limbs’ under Y12, ‘dry
eyes’ under Y15, ‘yellow urine’ under Y16, ‘sloppy stool’ under Y24, and ‘rough
pulse’ under Y29. Those symptoms occur rarely in the data and hence there is not
sufficient information to determine appropriate locations for them in the model. As
a matter of fact, those symptoms variables are only weakly related to the latent vari-
ables to which they are directly connected. We will ignore those variables in subse-
quent discussions.

4.2 Evidence for the Validity of TCM Postulates

Having explained how latent tree analysis can provide evidence for the validity of
TCM postulates, we now set out to systematically examine the depression model for
such evidence.

Starting from the bottom right corner of the model, we notice that ‘fear of cold’
and ‘cold limbs’ are grouped under Y29. This and relevant quantitative information
indicate that the two symptoms tend to co-occur in the data. On the other hand, the
co-occurrence of the two symptoms is an implication of the postulate that YANG
DEFICIENCY leads to ‘fear of cold’ and ‘cold limbs’. So, Y29 has verified the
implication and is hence evidence for the validity of the postulate.

The family headed by Y28 indicates the three symptoms ‘aching lumbus’, ‘lum-
bar pain like pressure’ and ‘lumbar pain like warmth’ tends to co-occur in the data.
It is evidence in support of the postulate that KINDNEY DEPRIVED OF
NOURISHMENT may lead to ‘aching lumbus’, ‘lumbar pain like pressure’ and
‘lumbar pain like warmth’. The family headed by Y27 indicates that ‘weak lumbus
and knees’ and ‘cumbersome limbs’ tends to co-occur in the data. It is evidence in
support of the postulate that KINDNEY DEFICIENCY may lead to ‘weak lumbus
and knees’ and ‘cumbersome limbs’. The close proximity of Y27 and Y28 to each
other is consistent with the postulate that KINDNEY DEPRIVED OF
NOURISHMENT and KINDNEY DEFICIENCY are closely related.

The family headed by Y23 indicates that ‘upset and restlessness’ and ‘irritability
& bad temper’ tend to co-occur in the data. It is evidence in support of the postulate
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STAGNANT QI TRANSFORMING INTO FIRE leads to ‘upset and restlessness’
and ‘irritability & bad temper’. The family headed by Y21 indicates that ‘enlarged
tongue’ and ‘tooth-marked tongue’ tend to co-occur in the data. It is evidence in
support of the postulate SPLEEN DEFICIENCY AND INTERNAL
ACCUMULATION OF EXCESSIVE DAMPNESS leads to ‘enlarged tongue’ and
‘tooth-marked tongue’.

The family headed by Y20 indicates that the three symptoms ‘hypochondriac
distention’, ‘hypochondriac pain’ and ‘abdominal pain’ tend to co-occur in the data.
It is evidence in support of the postulate that LIVER QI FAILING TO FLOW
FREELY leads to ‘hypochondriac distention’, ‘hypochondriac pain’ and ‘abdomi-
nal pain’. The family headed by Y19 indicates that ‘gastric stuffiness’ and ‘abdomi-
nal distention’ tends to co-occur in the data. It is evidence in support of the postulate
that IMPAIRED HARMONIOUS DOWNBEARING OF STOMACH leads ‘gastric
stuffiness’ and ‘abdominal distention’. The close proximity of Y20 and Y19 to each
other is consistent with the TCM notion of LIVER-STOMACH DISHARMONY.

The latent variables Y15, Y16 and Y17 are strongly correlated with each other.
Collectively, they are strongly correlated with ‘feeling of suffocation’, ‘shortness
of breath’, ‘sighing’, ‘oppression in chest’ and ‘palpitation’. Those support the
postulate that STAGNATION OF QI ACTIVITY IN THE CHEST leads to those
five symptoms.

The family headed by Y22 indicates that the three symptoms ‘clouded head’,
‘heavy head’ and ‘distention in head’ tend to co-occur in the data. It is evidence in
support of the postulate that QI STAGNATION IN HEAD leads to ‘clouded head’,
‘heavy head’ and ‘distention in head’.

The family headed by Y11 indicates that ‘constipation’ and ‘sticky and slow
stool” tend to co-occur in the data. It is evidence in support of the postulate that
SPLEEN DEFICIENCY AND INTERNAL ACCUMULATION OF EXCESSIVE
DAMPNESS leads to ‘constipation’ and ‘sticky and slow stool’. The family headed
by Y10 indicates that ‘baking heat’ and ‘heat in palms & soles’ tend to co-occur in
the data. It is evidence in support of the postulate that YIN DEFICIENCY Ieads to
‘baking heat’ and ‘heat in palms & soles’. Finally, the family headed by Y9 indi-
cates that ‘spontaneous sweating” and ‘night sweating’ tend to co-occur in data. It is
evidence in support of the postulate that QI-YIN BOTH IN DEFICIENCY can lead
to ‘spontaneous sweating’ and ‘night sweating’.

A summary of the foregoing discussion is given in Table 1. We see that latent
variables Y23, Y22, Y20, Y17, Y16, Y15 are all related to QI-STAGNATION. They
capture different aspects of the TCM syndrome factor. Similarly, Y21 and Y11 cap-
ture different aspects of SPLEEN DEFICIENCY AND INTERNAL
ACCUMULATION OF EXCESSIVE DAMPNESS.

The other sibling clusters in the model are also clearly meaningful. The variables
under Y1 are mostly about the color of tongue coating; The variables under Y2 are
mostly about the thickness of tongue coating; The variables under Y3 are mostly about
facial complexions; The variables under Y5 are mostly about sleep disorders; The
variables under Y6, Y7 and Y8 are mostly about the color of tongue; The variables
under Y13 are about thirst; The variables under Y24, Y25 and Y26 are mostly about
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Table 1 Summary of evidence for the validity of TCM postulates: The first column shows TCM
syndrome factors. The second column shows some of the symptoms that the syndrome factor
might bring about according to TCM postulates. An implication of the postulates is that the
symptoms tend to co-occur in clinic practice. The third column shows that latent variables that
confirm the co-occurrence patterns in data. They are evidence in support of the postulates

Latent
TCM syndrome factors Symptoms variables
YANG DEFICIENCY fear of cold, cold limbs Y29
KINDNEY DEPRIVED aching lumbus, lumbar pain like pressure, Y28
OF NOURISHMENT lumbar pain like warmth
KINDNEY DEFICIENCY weak lumbus and knees, cumbersome limbs Y27
STAGNANT QI TRANSFORMING  upset and restlessness, irritability & bad Y23
INTO FIRE temper
QI STAGNATION IN HEAD clouded head, heavy head, distention in head Y22
SPLEEN DEFICIENCY AND enlarged tongue, tooth-marked tongue Y21
INTERNAL ACCUMULATION
OF EXCESSIVE DAMPNESS
LIVER QI FAILING TO FLOW hypochondriac distention, hypochondriac Y20
FREELY pain, abdominal pain
IMPAIRED HARMONIOUS gastric stuffiness, abdominal distention Y19

DOWNBEARING OF STOMACH
STAGNATION OF QI ACTIVITY feeling of suffocation, shortness of breath, Y17,Y16,

IN THE CHEST sighing, oppression in chest, palpitation Y15
SPLEEN DEFICIENCY AND constipation, sticky and slow stool Y11

INTERNAL ACCUMULATION

OF EXCESSIVE DAMPNESS
YIN DEFICIENCY baking heat, heat in palms & soles Y10
QI-YIN BOTH IN DEFICIENCY spontaneous sweating, night sweating Y9

pulse. Like the latent variables discussed above, those latent variables identify patterns
in the data. However, those patterns do not correspond to TCM latent factors. Rather
they represent simple partitions of patients. For example, Y1 represents a partition of
the patients into three groups: ‘white tongue coating’, ‘yellow tongue coating’ and
‘yellow-white tongue coating’.

5 Conclusions

We have performed latent tree analysis on the symptom data of 604 depressive
patients. We present the resulting model and explain how to understand and appreci-
ate the qualitative aspect of the model. In particular we discuss how and in what
sense the data analysis provides evidence in support of TCM postulates. We identify
all the evidence contained the model in support of the relevant TCM postulates
through a systematic examination of the model. This work has shown that TCM
postulates are applicable to depressive patients. Consequently, it is justified to clas-
sify depressive patients using TCM syndrome factors.
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Artificial Neural Network Based Chinese
Medicine Diagnosis in Decision Support
Manner and Herbal Ingredient Discoveries
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Abstract Artificial neural network (ANN) for fast and trusted herbal ingredient
discoveries is proposed. It is fast, because different ANN modules can be executed
in parallel, and the ANN results are trustworthy, because they can be verified by
TCM domain experts in real clinical environments in Hong Kong, Nanning,
GuangXi, China and New York, United States of America. The ANN is able to learn
the relationship between herbal ingredients and the set of information given (e.g.
symptoms and illnesses). The ANN output is called the relevance index (RI), which
conceptually associates two TCM entities.

1 Introduction

We propose a novel approach of applying the artificial neural network (ANN) based
on backpropagation for Chinese Medicine Diagnosis in decision support manner
and for fast, trusted herbal ingredient discoveries. The approach will be verified in
areal TCM (Traditional Chinese Medicine) clinical environment. Firstly, the ANN
modules will be trained with real patient cases, and secondly domain experts will be
enlisted to confirm the discoveries to make them trustworthy. If the relevance
between two TCM entities (e.g. an herbal ingredient and an illness) was never
explicitly defined/annotated but is revealed by the trained named ANN module (e.g.
named after an herbal ingredient or illness), it is a potential discovery in the context
of the proposed ANN approach.
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The proposal of the novel ANN approach is inspired for the following reasons:

Our previous research and development experience in the area of clinical TCM
ontology (Wong et al. 2008) indicates that ontological constructs can be huge
and complex. Fast herbal discovery may therefore be quickened by parallel
processing (Wong et al. 2010). In this light, many trained named ANN modules
could be invoked at the same time for parallelism and thus speedup.

The same basic ANN construct can be trained by different datasets to become
specialized ANN modules, named after the specific TCM entities (e.g. an ill-
ness); for example the ANN;,, module is dedicated to Flu analysis.

The relevance between two TCM entities (e.g. an herbal ingredient U and an
illness (or a set of illness) V) can be computed to indicate the likelihood of a
discovery. The computed value is called the relevance index (RI) between U
and V, to explicitly show their association. The algorithm to compute the
specific RI should be already consensus-certified by domain experts.

Related Work

e HerbMiners Cloud Computing Platform, Chinese Medicine Clinical Data

Warehouse architecture is illustrated in Fig. 1.
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Fig. 1 The HerbMiners Cloud Computing Platform, Chinese Medicine Clinical Data Warehouse
architecture
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Our literature review of soft computing techniques (Lin et al. 2006; Ghosh and
Tsutsui 2003; Wong et al. 2008; Yann et al. 1998; Zhao et al. 2003) indicates that
the artificial neural network (ANN) based on backpropagation is suitable for fast,
trusted herbal ingredient discoveries. The reasons are: (i) reusability — the same
ANN construct can be trained to become named ANN modules that assume differ-
ent roles; (ii) simplicity — it is easy to program and less error-prone than the tradi-
tional algorithmic programming approach; (iii) data-orientation — the logical points
inside an ANN construct will converge to the required logical operation with respect
to the given training dataset; (iv) versatility — an ANN construct can be combined
with its clones or other constructs to form larger, more complex ANN configura-
tions; (v) adaptability — the neuron’s activation function can be replaced any time,
and the input parameters to a neuron can be weighted and normalized according to
the needs; (vi) optimization — an ANN can be effectively optimized or pruned for a
particular operation (Wong et al. 2008); (vii) commodity — many ANN constructs in
the form of freeware are available in the public domain with rich user experience,
(viii) accuracy — as long as the number of the hidden neurons is twice that of the
input neurons the ANN output is accurate (Hagan 1996; Gallant and White 1992);
and (ix) parallelism — many named ANN constructs can be invoked to work in paral-
lel for speedup. The ANN configuration by propagation has a three-layer architec-
ture: (i) a layer of input neurons; (ii) a layer of hidden neurons interconnected with
the input neurons; and (iii) one output neuron interconnected with the hidden neu-
rons. The behavior of every neuron is governed by its activation function (e.g.
Sigmoid) (Lin et al. 2006).

If O/ is the output of n” neuron in the i stratum of the hidden layer in the ANN
module, then 0/=f0,_/|j=1,2,...,m) indicates that O/ is the function of the m
neurons in the (i—1)" stratum. If the activation function is Sigmoid, which is

j=m
memoryless, then O/'=f0,_/|j=1,2,...,m) is simply O] = ZOH' This is the obvious
j=1

result from the rule of superposition that can be applied to any memoryless distribu-
tion. According to the Hessian minima concept (Wong et al. 2008), those ANN arcs
(i.e. O,_/ in A0;_/j=1,2,...,m)) of the lowest values may be pruned (i.e. opti-
mized) on the fly to reduce the ANN computation time for higher speedup (e.g. Lin
et al. 2004). That is, the impact by ANN arcs of the lowest weights on O/ is
insignificant.

3 ANN by Backpropagation

The generic ANN configuration has three layers: (i) input neurons; (ii) hidden neu-
rons; and (iii) one output neuron. The value computed by the output neuron, when
training has completed, in the proposed approach is the relevance index (RI).
Training is completed (i.e. the ANN has learned) with respect to the given dataset if
the root mean square error (RMSE) has stabilized. In the proposed ANN approach
every ANN is named after a specific TCM entity (e.g. an herbal name or an illness).
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The RI conceptually indicates the relevance of two chosen entities; for example, the
specific herbal ingredient that the trained ANN module is named after (e.g. GanCao)
and the named illness (e.g. WindHeat in Fig. 6). If this relevance was not explicitly
recorded in the original TCM ontology, it is a potential discovery in the context of
this paper (Wong et al. 2010). The training process is also called supervised learn-
ing, which is an equitable scheme, for the ANN inputs can be weighted according
to their degree of significance to the target result by the domain experts.

The RI concept is based on the IT (information technology) formalism, which is
represented by the following logical expression, P(UU V); that is, P(UUV)=P(U) +
P(V)—P(UNYV). P is for probability; U for union; N for intersection; U and V are
two entities defined separately by two sets of parameters/attributes; P(UNV) is the
degree of similarity or relevance between U and V. The P(UN V) value, which can
be computed by the predefined algorithm, is the relevance index (RI) in the pro-
posed ANN approach for herbal ingredient discoveries. Figure 3 puts the RI formal
basis into perspective. The three entities in this case are defined by attributes in the
brackets { }, E1={x1,x2,x3,x4}, E2={x1,x2,x3,x6} and E3={x1,x2,x3,x5,x7,x8}.
Simply based on the number of common attributes and the angle of the referential
entity (RC), the RI may be calculated. For example, if Entity 1 is the RC, the degree
of similarity of Entity 2 (to Entity 1) is 3/4 or 0.75 (i.e. 75 %); same for Entity 3. If
Entity 3 is the RC, however, the similarity of Entity 1 is only 3/7 (i.e. less than
45 %). The RC concept can be applied to entities of the same or different classes. In
TCM, the three entities in Fig. 3 may be all herbal ingredients, all illnesses or a mix
of herbal ingredient(s) and illness(es). Yet, the measurement of the Rls in this case
is simply based on a common set of attributes (e.g. symptoms). For example, if
Entity 1 is an herbal ingredient that can treat the symptoms in {x1,x2,x3,x4} and
Entity 3 is the illness defined by the set of symptoms in {x1,x2,x3,x5,x7,x8}, using
E3 as the RC then by the “SAME/SIMILARITY” TCM formalism (Wong et al.
2008; Wong et al. 2010) E1 has a logical treatment efficacy of 3/7 for E3. This effi-
cacy is usually consensus-certified beforehand, with the due adjustment for specific
environments if necessary, by a sufficient number of TCM domain experts.

The SAME/SIMILARITY TCM formalism is a formal diagnostic principle
enshrined (consensus-certified) in the TCM classics: “[AIEEAE, ERELE:
SAME and “[F]” are translational synonyms. In English this principle is defined as:
“If the symptoms are the same or similar, different conditions could be treated in the
same way medically, independent of whether they come from the same illness or
different ones (World Health Organization 2007).” Consensus certification is a pro-
cess to agree upon a concept, the semantics of an entity, or a set of procedures by a
sufficient number of experts from a domain or community. The agreement creates
the standard vocabulary/lexicon that serves as the communal ontology that embeds
the body of knowledge to be passed on or adhered to in practice.

The ANN operation can be a 2-D or 3-D (D for dimension) relationship. For
example, a 3-D relationship can be realized by combining elements from three
major sets: (i) illnesses, I={iyi,,...,i,}; (ii) herbal ingredients for treatment,
H={hyh,,....,h,}; and (iii) recognizable symptoms, S={si,ss,...,5;}. Thus, the



Artificial Neural Network Based Chinese Medicine Diagnosis in Decision Support... 127

diagnosis of an illness i is to identify S;, which is a subset of S for {(;,€D)|(S;€S)},
where “|” means (i; € 1) satisfying (S;€ S). The set of treatments/prescriptions is then
T;={(h;e H)|S;} for i; conceptually. Therefore, training a dedicated ANN module,
which is named after a herbal ingredient 4, € H (i.e. ANN, ), should involve a set of
real T; or patient cases C. If all the symptoms are identified from C and the training
takes the symptoms of each case in C as input sequentially, then ANN, would con-
verge to a 2-D RI value that reflects the relevance of C or T; (i.e. the set) to h, as
shown in Fig. 4.

A 3-D RI convergence that connects /4, and i, can be created by pruning those
cases other than i, from C manually, to create the resultant trimmed subset C,
If the symptoms of each patient case in C, , are fed as input to the ANN, module
during the training session, the resultant RI value has a 3-D implication conceptu—
ally. That is, the RI indicates how the herbal ingredient 4, associates with i,. If this
association or relevance was never explicitly and formally stated in the TCM envi-
ronment of interest, it is a potential discovery, which has to be formally confirmed
by domain experts (i.e. consensus-certified).

4 Experimental Results

Many experiments were conducted in the Nong’s clinical environment (Wong et al.
2008) to verify the proposed ANN approach. These experiments involved real
patient cases (i.e. T}), and the results indicate that the proposed approach can indeed
support effective herbal discoveries. In this section three sets of experimental results
are presented as follows:

(a) 2-D training of three ANN modules named after the specific illnesses
(i.e. ANN,): In the experiments, each of these named modules is dedicated to an
illness subtype formally classified in the TCM context under the illness Flu (R 5)
(World Health Orgamzatlon 2007) as: WindHeat Syndrome (JBIZA5%), WindCold
Syndrome (JAIZE5FE) and Summer-Heat Dampness Syndrome (Z&5%). The
results, which are produced with the same training clinical dataset C or T; (without
pruning or trimming), are plotted in Fig. 4.

(b) 3-D training of the ten ANN modules named after the corresponding herbal
ingredients (i.e. ANN, ): The same training dataset C was pruned first with
respect to {/, and i;} so that the trimmed C, ; was produced to train each dis-
tinct ANN, (e.g. ANNG{WCW) For example for the case of {h.=GanCao,
iy= WindHeat} only the trimmed subset Cg,cao.windriea: WOUld be used to train the
dedicated ANNg,,c., module. Figure 5 is the 3-D dimensional plot in which all
the 3-D RI convergences from the ten dedicated ANN modules are superim-
posed for comparison.

(c) Example of an herbal ingredient discovery: A substantial number of fresh clini-
cal records were added to the original training dataset C first before it was
pruned to produce the new trimmed C,“; subset that drove the training of a
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named module ANN, . The training process is the same as for Fig. 5, except
C,"; would drive the new training process. Figure 6 shows that the new clinical
knowledge included in C;"; led to the discovery that involves the herb HeHuanPi.
The old training data in C . (Fig. 5) did not indicate the relevance between
HeHuanPi and the two Flu subtypes WindHeat and WindCold. Yet, the new
knowledge included in C;*; reveals that HeHuanPi can treat the two Flu

subtypes as well, and this i isa potential herbal ingredient discovery instance.

The training of a named ANN module (e.g. ANN, ) is based on the ambit/amount
of knowledge embedded in the training dataset. The named ANN module is consid-
ered trained or learned if it has settled down to a stable RMSE (root means square
error) after a sufficient number of training episodes; a training repetition with the
same dataset is an episode. In Fig. 4 the RMSE (Y axis) for the three Flu subtypes
have settled down to their stable values after roughly 100 training episodes (X axis).

In Fig. 5, the actual RI scores are not so important; the significance is the fact that
the RI values indicate relevance between the herbs and the Flu subclasses. The
result in this plot shows that there is no relevance between the herb HeHuanPi and
the two Flu subtypes: WindHeat and WindCold. This is true because this relevance
was not embedded in the knowledge in the given training dataset C and thus the
trimmed subset C,

The plot in Flg 6 differs from Fig. 5 by revealing the relevance between
HeHuanPi and the two Flu subtypes WindHeat and WindCold. The difference is
that the module ANN,, in this case was trained by a new trimmed data subset C”"W
which had included newly added fresh T; knowledge.

In fact, the results shown in Figs. 2, 3 and 4 were obtained at the same time
because the corresponding named ANN modules were activated in parallel. The RI
scores in Figs. 2, 3 and 4 are symptom-based because the inputs to the named ANN
modules are symptoms from each patient record. They simply indicate the 2-D
(Fig. 4) and 3-D (Figs. 5 and 6) relationship between two TCM entities, and their
actual scores are not important in the herbal discovery process. Yet, the RI scores
have huge potentials to be tapped to aid effective real-time diagnosis and treatment
in the future. This can be shown by a scenario in a mobile clinic (MC) (Lin et al.
2008). The MC physician may have never come across an illness that has the fol-
lowing set of symptoms S,={S,€S;Z, & S}. S,is a subset of all the formally recorded
symptoms S derived from the TCM classics, and Z, are symptoms outside S. If the
MC physician wants to know how to treat his patient quickly (i.e. in a time-critical
or real-time sense), then he/she can activate all the named ANN modules dedicated
to illness analysis (i.e. ANN;, for i € 1) in a remote manner via the Internet, assuming
all the named ANN modules are located in the central high-speed node. The assump-
tion is reasonable because a MC is usually far away from the central control and is
connected only via the mobile Internet. Every ANN; would process the S, input and
produce a 2-D RI score with respect to i (i.e. the RC). If all the 2-D RlIs are sorted
in descending order, two important suggestions would surface: (i) the highest RIs
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indicate the closer similarity between the unknown illness I, defined by S, and the
corresponding RCs because the RI value is the quantification of P(UNV); and (ii)
from the TCM SAME/SIMILARITY principle that matches P(UN V) in a commut-
able fashion there is an indication that the prescriptions for treating RCs of higher
RI scores would be more usable for treating I, as well. Then, the physician can make
a quick, sound decision on which RC prescriptions would be more suitable for treat-
ing the unknown illness ..
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Fig. 6 3-D plot to show a potential herbal ingredient discovery (i.e. HeHuanPi)

5 Conclusion

In this paper, we propose a novel ANN (artificial neural network) based approach for
herbal ingredient discovery. Each ANN is named after the specific TCM entity and
trained by a set of real patient records. The output from the named ANN is the rele-
vance index, which is associated with the name of the ANN with another TCM entity
in either a 2-D or 3-D fashion. If the RI between the two entities was not observed
before, it is a potential discovery to be formally confirmed by domain experts.

The main contributions by the proposed ANN based approach are as follows: (i)
it can produce quick discoveries due to parallelism; and (ii) it produces trusted dis-
coveries because it involves real clinical records and domain experts for confirma-
tion. The trustworthiness comes from the fact that the RI computation is based on
IT formalism, which is matched with the corresponding TCM formalism, for exam-
ple the SAME/SIMILARITY principle, in a seamless and commutable manner. All
the experimental results so far show that the proposed ANN based approach can
indeed support potential herbal discovery effectively. The fringe benefit from the
proposed ANN approach is in aiding physicians to find a treatment when the set of
symptoms is difficult to decipher. The next immediate step in the research is to
study how the ANN configuration can be safely pruned on the fly for faster execu-
tion and accurate results, based on the Hessian minima concept.
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Chromatographic Fingerprinting
and Chemometric Techniques for Quality
Control of Herb Medicines

Zhimin Zhang, Yizeng Liang, Peishan Xie, Footim Chau, and Kelvin Chan

Abstract Chromatographic fingerprinting is commonly used for the instrumental
inspection of herbal medicines. This chapter has reviewed the chromatographic
techniques, especially by hyphenated chromatographies, to obtain chemical finger-
prints which can represent appropriately the “chemical integrities” of the herbal
medicines and therefore be used for authentication and identification of the herbal
products. In order to extract useful information from fingerprints for the authentica-
tion and identification purpose, several recently proposed chemometric methods
can be utilized for evaluating the fingerprints of herbal medicines, including
Shannon information contents, Whittaker smoothing, air-PLS baseline correction,
MSPA peak alignment, Haar wavelet peak detection, multivariate resolution, simi-
larity analysis and pattern recongnition. It has been showed that the combination of
chromatographic fingerprints and the chemometric methods might be a powerful
tool for quality control of herbal medicines.
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1 Introduction

Fingerprints obtained by chromatographic techniques, especially by hyphenated
chromatographies, are strongly recommended for the purpose of quality control of
herbal medicines, since they can represent appropriately the “chemical integrities”
of the herbal medicines and therefore be used for authentication and identification
of the herbal products (Liang et al. 2004; Xie et al. 2006; Liang et al. 2010; Tistaert
et al. 2011). For example, Gas chromatography (GC) is successfully used to analy-
sis volatile components in herbal medicines, and Liquid chromatography (LC) tech-
nique with electrospray ionization (ESI) can be complementary to GC for nonvolatile
compounds (Drasar and Moravcova 2004; Fuzzati 2004). Chromatographic separa-
tion system hyphenated with a UV—vis or a mass spectrometer can provide struc-
tural information at an unprecedented level for analysis of herbal medicines (Tseng
et al. 2000; Li et al. 2006; Xie et al. 2007; Li et al. 2009; Zhao et al. 2009; Kim et al.
2010; Zhu et al. 2010; Heaton et al. 2011; Xue et al. 2012). With the help of chro-
matographic fingerprinting techniques, We will definitely get more chance to deal
with the difficult problems the problems in quality control of herbal medicines
(Liang et al. 2004).

However, quality control of herbal medicines usually involves massive experi-
ments and dataset collection, and these datasets usually are generated through
experiments performed on different samples. Deviations in chromatographic datas-
ets are inevitable when involving massive dataset, such as noise, baseline, shift in
peaks and etc. It is not easy to extract meaningful quality control information from
the datasets when there exists deviations. Hence, great efforts have been made by
chemometricians to provide researchers in quality control of herbal medicines with
chemometrics toolbox and method to cope, analyze and interpret these complex
datasets. Shannon information content was introduced to evaluate the information
of chromatographic fingerprints, which can be used as an index for optimizing the
experimental conditions (Gong et al. 2003). Penalized least squares, adaptive itera-
tively reweighted procedure and sparse matrix techniques are adopted for smooth-
ing (Eilers 2003), baseline correction of high-throughput chromatograms (Zhang
et al. 2010a). Multi-scale peak alignment accelerated by fast fourier transform cross
correlation is proposed to align the chromatograms automatically, accurately and
rapidly (Zhang et al. 2012). These methods proposed by chemometrician may
address the challenges of preprocess of massive dataset in quality control of herbal
medicines, which enables researchers to preprocess, analyze, interpret and extract
useful information from these datasets within an acceptable time. Multicomponent
spectrum correlated chromatographic (MSCC) (Hu et al. 2004; Li et al. 2004) and
Alternative moving window factor analysis (AMWFA) (Zeng et al. 2006) can be
used to perform comparative analysis for chromatograms of herbal medicines,
which can determine the same components in different fingerprints.

With the preprocessed chromatograms, similarity measurements, such as corre-
lation coefficient, congruence coefficient, Kullback—Leibler divergence, can be
used as standards identify the real herbal medicine and the false one, and further to
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Fig. 1 Framework of quality control of herb medicines with chromatographic fingerprinting and
chemometrics techniques

do quality control. Pattern recognition and machine learning methods, such as
PCA-MD, PLS-DA (Matthew and William 2003), SIMCA (Wold 1976), SVM
(Vapnik 1998), Random Forests (Breiman 2001) etc., can be taken into consider-
ation for reasonable definition of the class of the herbal medicine.

The framework for quality control of herb medicines is shown in Fig. 1. It con-
sists of fingerprinting techniques and chemometrics such as chromatographic
experiments, preprocess of chromatograms, similarity calculation, pattern recogni-
tion and etc. The principle and theory will be explained as thoroughly and clearly as
possible in the following sections.

2 Chromatographic Fingerprinting of Herbal Medicine

One or two markers or active components do not give a complete picture of a herbal
product, which may contain up to hundreds of compounds. It seems to be necessary
to determine most of the chemical constituents of herbal products in order to ensure
the reliability and repeatability. Chromatographic techniques are commonly used as
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the instrumental inspection of herbal medicines for quality control, since finger-
prints obtained by chromatography contain the “chemical integrities” of herbal
medicines (Liang et al. 2004). High-performance liquid chromatography (HPLC)
and gas chromatography (GC) are commonly applied to obtain the fingerprints of
complex herbal medicines, since they can effectively separate complex chemical
components in herbal medicines into many relatively simple sub-fractions. This
section will describe the different chromatographic techniques used for herbal fin-
gerprinting, and also will discusses their merits and drawbacks.

2.1 Gas Chromatography for Volatile Components

Gas chromatography (GC) is a well-established analytical technique commonly
used for the characterization and identification volatile compounds, and most of
active components in herbal medicines are volatile chemical compounds, which
means that GC is very important in the analysis of herbal medicines. The powerful
separation efficiency of GC gives a reasonable “fingerprint” of herbal medicine.
Hence impurities, composition or relative concentration of the organic compounds
in the volatile oil can be readily detected. The extraction procedure of the volatile
oil is also relatively straightforward and can be standardized. By making use of
capillary columns and sensitive detector (flame ionization or mass spectrometry),
GC becomes a popular and useful analytical tool for the analysis of complex herbal
products and essential oils. Despite its advantages, GC is unsuitable for analysis of
polar, thermo-instable and non-volatile compounds, which make that GC analysis
of herbal products is usually limited to the essentials oils. Therefore, liquid chroma-
tography becomes an another necessary tool for us to apply the comprehensive
analysis of the herbal medicines, which is complementary to GC.

2.2 Liquid Chromatography

High performance liquid chromatography (HPLC) is not limited by the volatility or
stability of the sample compound, and it is possible to couple the technique to vari-
ous detectors for different compounds, such as diode array detection for UV absorb-
ing compounds, evaporative light scattering detection and chemiluminescence
detection for non-chromophoric absorbing compounds, nuclear magnetic resonance
and mass spectrometry for the qualitative analysis or structure elucidation. HPLC is
also an easy to learn and use, fully automatable technique with high resolution,
selectivity and sensitivity. These advantages make HPLC the most popular analyti-
cal technique for analyzing herbal medicines. HPLC requires large volumes of envi-
ronmentally unfriendly solvents, and current instrumentation of HPLC can withstand
pressure up to 400 bar. Therefore, ultra-high performance liquid chromatography
(UHPLC) (Du et al. 2010; Li et al. 2012) is emerging as a useful analytical tool to
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compensate the disadvantage of HPLC in herbal medicines. UHPLC brings liquid
chromatographic analysis to another level by hardware modifications of the conven-
tional HPLC machinery, which makes it possible to perform high resolution separa-
tions superior to HPLC analysis by using solid phase particles of sub-2 pm diameter
to achieve superior sensitivity and resolution. As a smaller particle size leads to
higher separation efficiency, shorter columns can be used for shorter analysis time
with little solvent consumption.

2.3 Hyphenation Chromatographic System

Hyphenating chromatographic separation system with spectroscopic detector can
obtain structural information on the analytes present in herbal samples, which
becomes the most important approach for the identification and/or confirmation of the
identity of target and unknown chemical compounds. Furthermore, the data obtained
from hyphenated instruments are the so-called two-way data, say one way for chro-
matogram and the other way for spectrum, which could provide much more informa-
tion than the classic one-way chromatography. With the help of chemometrics, we
will definitely get more chance to deal with the difficult problems in the analysis of
herbal medicines and also the problems in quality control of herbal medicines.

GC-MS was the first successful combination of chromatography with mass
spectrometry. Mass spectrometry can yield information on the molecular weight as
well as the structure of the molecule. With mass spectral databases from NIST and
Wiley, the structure of the compounds of the herb could be identified by GC-MS
and mass spectral databases. The capillary column can guarantee the good separa-
tion ability of GC-MS, which means that GC-MS can generate chemical fingerprint
of high quality. The advantages make GC—MS the most preferable tool for the anal-
ysis of the volatile chemical compounds in herbal medicines (Li et al. 2009; Zhao
et al. 2009; Kim et al. 2010; Zhu et al. 2010; Xue et al. 2012).

The hyphenated DAD detector can provide UV spectral information for peak
purity check and unknown compound identification, which has make the qualitative
analysis of complex samples in herbal medicines easier, and of course HPLC-DAD
becomes a common technique in most analytical laboratories in the world (Li et al.
2006; Xie et al. 2007; Du et al. 2010; Heaton et al. 2011).

2.4 Other Chromatographic Techniques

Despite the low reproducibility and resolution disadvantages, thin layer chromatog-
raphy (TLC) is still being used in quality control of herbal medicine as it is a readily
available, easy to use and economical technique requiring few expensive machinery
and solvents (Xie et al. 2006; Ciesla and Waksmundzka-Hajnos 2009). Hydrophilic
interaction chromatography (HILIC) has gained more and more attention in herbal



138 Z.Zhang et al.

medicines, since majority of herbal medicines are extracted with aqueous solution
and HILIC has good retention and separation of hydrophilic compounds (Alpert
1990; Koh et al. 2005; Hemstrom and Irgum 2006). Two-dimensional (2D) chroma-
tography was also proposed to reveal all characteristics of complex biological sam-
ples. The main advantage of 2D chromatography is the increasing the peak capacity
over conventional one dimensional chromatography (Bushey and Jorgenson 1990).

3 Chemometrics for Chromatograhpic Fingerprints

Modern chromatographic systems can generate massive datasets because of the evo-
lution of chromatographic techniques, improvement in automation of instrument and
rapid advancement in information techniques. Quality control of herbal medicines
by chromatographic fingerprints usually involves massive experiments and dataset
collection. In order to extract the information as much as possible from herbal medi-
cines using chromatograph, the Shannon information content can be used to evaluate
the information content of fingerprints. Commonly the herbal fingerprints are orga-
nized as a matrix X with dimension nx p with n being the number of samples (herbal
fingerprints) and p the variables (scan points, peak areas, peak heights and etc.).
Figure 2 is fingerprints of 38 Aurantii Immaturus Fructus samples.

One can see from Fig. 2 that noise, baseline and shift in peaks are inevitable
when involving massive dataset. So preprocess methods should be applied to miti-
gate their influence for further analysis. After preprocess, pattern recognition and
similarity measures should be used for extracting quality control information.

x10° TIC

0.00 10.00 20.00 30.00 40.00 50.00 60.00 70.00

Time/min

Fig. 2 Chromatographic fingerprints of 38 Aurantii Immaturus Fructus samples at wavelength
A=284 nm
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Depending on the applied chemometric method, only the information in X is used
(unsupervised methods) or an additional px 1 response vector y containing addi-
tional information on the samples is needed (supervised methods). Commonly used
methods are PCA, PLS-DA, SIMCA, SVM, Random Forests and etc. This section
will explain chemometirc methods for analyzing the chromatographic fingerprints
of herbal medicines.

3.1 Information Contents

Information contents of chromatograms should be calculated to optimize the experi-
mental conditions, so the chromatograms will contain as much as possible informa-
tion from herbal samples. The calculation burden of conventional methods based on
signal intensity, retention time, peak area and/or peak height is rather heavy, besides
the calculation of the information content of overlapped peaks will become complex
and cause some errors using these methods. Here Shannon information content with
modification based on the characteristics of chromatographic fingerprints can be
applied to evaluate chromatographic fingerprints obtained. There is no need to
detect peaks or obtain peak areas for calculating Shannon information content, so it
is easy for us to select a chromatographic fingerprint with a high separation degree
and uniform concentration distribution of all chemical components. Chromatographic
fingerprint can be regarded as a concentration distribution curve of several peaks.
According to information theory, the Shannon information content (Shannon 2001)
of a continuous signal might be simply expressed as the following:

(’D——Z 10g (1)

Here p; is the positive real numbers of probability property, say Y p;=1. Based on
this idea, above equation should be modified to calculate the information content
(®) for chromatographic fingerprints of herbal medicines as shown in the following

equation, that is:
=- log[ ] )
Z(z ] S

Where x; is the real chromatographic response. The normalization of x; divided by
their sum is to make the chromatogram investigated be of probability property.
According to information theory, if and only if x; with unchangeable variance is
characterized by normal distribution can its information content ® reach its maxi-
mum. A chromatographic fingerprint with all of peaks just completely separated
should be featured by maximal information content. The maximal information con-
tent of chromatographic fingerprint will be achieved if and only if all of peaks just
completely separated and each peak correspond to a normal distribution. So the
modified version of Shannon information content can be applied to evaluation the
information content of chromatographic fingerprints (Gong et al. 2003).
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3.2 Smoothing

Smoothing is a preprocessing method that aims to capture important patterns in the
chromatographic fingerprints, while leaving out noise. It can reduce the random
noise and improve the signal to noise ratio (SNR) of fingerprints. The well-known
and popular Savitzky-Golay Smoother (Savitzky and Golay 1964) has several dis-
advantages: (1) Programs for the SGS relatively complicated; (2) The SGS can also
be slow, since it cannot exploit the speed of matrix and vector operations; (3) Need
special treatment for the boundary. Penalized least squares is recommended for
smoothing chromatographic fingerprint (Eilers 2003).

Assume x is vector of fingerprint, and z is the fitted vector. Lengths of them are
both m. Fidelity of z to x can be expressed as the sum square errors between them:

F=Y(x-z) 3)

Roughness of the fitted data z can be written as its squared and summed
differences,

2 2
R=) (z-2.) =2.(4z) “
i=2 i=1
The balance of fidelity and smooth can be then measured as the fidelity plus with
penalties on the roughness, and it can be given by:

Q=F+AR=|x—z| +A|| Dz |} 5)
By finding for the vector of partial derivatives and equating it to O (8_Q =0), we
get the linear system of equations that can be easily solved: z

z=(1+AD’D) x (6)

Penalized least squares has several advantages when comparing with the com-
monly used Savitsky-Golay smoother: (1) Can be programmed in less than ten lines
of C++; (2) Adapts to boundaries automatically; (3) Handles missing values, even
in large stretches; (4) When sparse matrices are being used, it is very fast; (5)
Control over smoothness with one parameter (Eilers 2003). So it is very suitable for
smoothing the massive chromatograms in quality control of herbal medicine.

3.3 Baseline Correction

Baseline drift always blurs or even swamps signals and deteriorates analytical
results, particularly in multivariate analysis. It is necessary to correct baseline drift
to perform further data analysis. Adaptive iteratively reweighted penalized least
squares has been proposed based on penalized least squares (Chen et al. 2010;
Zhang et al. 2010a, b; Zhang and Liang 2012).
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By introducing weights vector of fidelity, and set to an arbitrary value, say 0, to
weights vector at position corresponding to peak segments of x. Fidelity of z to x is
changed to

F:f:wf(xi—zi)2 =(x-z)’W(x-z) 7

W is a diagonal matrix with w; on its diagonal.
Solve above linear equations, and the fitted baseline can be obtained easily:

z=(W+1D’D) " Wx (8)

The adaptive iteratively reweight procedure is proposed to replace peak detection
and special treatment steps:

m m
o' =Z}W§ |x, -z [ +ﬂ~Z2]| 2 -z, F )
i= j=

In the starting steps, assigning w=1, otherwise, w can be obtained using follow-
ing expressions adaptively:

0 x >z

Wt = t(x,fz,"l) (10)

41 x, <z

i

e

The flow chart describing architecture of the proposed algorithm is shown in
Fig. 3. One can see from this figure that air-PLS doesn’t need the peak detection for
fitting the baseline. After initialization, air-PLS enters the adaptive iteratively
reweighted procedure to eliminate the influence of peaks when fitting the baseline.

The air-PLS provides a simple, flexible, valid and fast algorithm for estimating
baseline for chromatographic fingerprints. There is one crucial but intuitional
parameter A to control smoothness of fitted baseline. It gives an extremely fast and
accurate baseline corrected signals.

3.4 Peak Alignment

Peak shifts among fingerprints have a strong impact on the basic chemometric algo-
rithms such as PCA and PLS. Peak alignment is also a crucial preprocess steps to
reduce the variation in peak positions, which can improve useful information extrac-
tion using chemometrics and statistics. Many approaches has been proposed to align
retention time shifts including dynamic time warping (DTW) (Athanassios et al.
1998), correlation optimized warping (COW) (Nielsen et al. 1998), parametric time
warping (PTW) (Eilers 2004), recursive alignment by FFT (RAFFT) (Wong et al.
2005), recursive segment-wise peak alignment (RSPA) (Veselkov et al. 2009),
icoshift, alignDE (Zhang et al. 2011), CAMS (Zheng et al. 2013) and MWFFT
(Li et al. 2013). But currently, chromatogram often contains several of thousands
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data points, original COW are not suitable for these signals due to large require-
ments in both execution time and memory, and DTW often “over-warps” signals
and introduces artifacts into the aligned profiles when signals were only recorded
using a mono-channel detector. RAFFT accelerates the aligning procedure by Fast
Fourier Transform (FFT) Cross Correlation, which is is amazingly fast. But RAFFT
moves segments by insertion and deletion of data points at the start and end of seg-
ments without considering peak information, which may change the shapes of peaks
by introducing artifacts and removing peak points.

In order to align the fingerprints accurately in acceptable time, Fast Fourier
Transform Cross-Correlation is adopted, which can determine lag between two fin-
gerprints. Here is one simple example for candidate shifts detection of simulated
chromatograms. Consider two chromatograms (the reference one is denoted as r and
test one is s) that differ by an unknown shift along the retention time. One can rap-
idly calculate cross-correlation ¢ between s and r using FFT cross correlation, and
the candidate shifts between s and r can be found at the local maximums of c.
Figure 4 depicts this procedure visually. The number 20 of candidate shifts in Fig. 4
means shift the test profile by 20 points and the maximum cross-correlation between
test and reference profile will be obtained.

FFT cross correlation can only estimate linear shift between signals, but reten-
tion time shifts are often nonlinear for chromatogram of real sample. To solve the
nonlinear shifts among fingerprints, we proposed a multi-scale peak alignment
(MSPA) approach (Zhang et al. 2012), which can align nonlinear shifts from large
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Fig. 4 Candidate shifts detection of simulated chromatograms by finding the local maximums in
FFT cross-correlation

to small scale gradually. In MSPA method, chromatogram to be aligned will be
iteratively divided into small segments and FFT cross correlation will be used to
estimate candidate shifts for each segment and align peaks from large scale to small
scale gradually. This strategy can solve the alignment of nonlinear retention time
shifting problem by FFT cross correlation (Fig. 5).

The preprocess fingerprints of 38.

Aurantii Immaturus Fructus samples. are displayed in Fig. 6. The preprocess
steps include denoising by whittaker smoother, baseline correction with air-PLS
and peak alignment via MSPA.

3.5 Peak Detection

The peak height and area should be calculated for building calibration and classifi-
cation model. So, the peak should be detected. The Haar Wavelet is applied to detect
the peaks. Peak can be defined as a local maximum of N neighboring points, whose
intensity is significantly larger than the noise level. The local maximums can be
found from the derivative calculation via Haar CWT of the signal. Then, false posi-
tive peaks are eliminated from whose SNR is lower than a pre-specified threshold.
Similar to finding of the peak position, the start and end points of each peak can also
be found by this derivative calculation method. For each peak, its start and end
points can be obtained by searching the nearest point from its peak position in the
vector of detected peak position and peak width. Principles for peak detection and
width estimation are concisely illustrated in Fig. 7. The middle part of the figure
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Fig. 5 Scheme of iterative segmentation of chromatogram based on Shannon information content
to align nonlinear shift between signals

depicts derivative calculation via Haar CWT. The top and bottom parts of this figure
describe peak detection and width estimation, respectively. During peak detection,
Haar Wavelet has some advantages. The most obvious one is robust to noise. Haar
Wavelet is much better than numeric differential, especially when noise is large
(Zhang et al. 2012).

3.6 Multivariate Resolution

With the development of analytical instruments, especially with the development of
the hyphenated chromatographic systems, such as GC-MS, HPLC-DAD, LC-MS
and HPLC-NMR, the qualitative and quantitative ability has been enhanced signifi-
cantly, since such instruments provide not only their separation ability but also their
qualitative ability with spectroscopic profiles. Herbal medicine always contains a
large number of chemical components. Even though the chromatographic condi-
tions are optimized, it seems impossible to get a baseline separation with hundreds
of analytes. In such a case, by direct similarity searches in MS database alone is
hard to identify the compounds, which will even result in wrong conclusions.
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Fig. 8 Resolve overlap peaks using heuristic evolving latent projections method (a) overlap peaks
before resolution; (b) pure chromatogram of each component; (¢) pure mass spectrum

Fortunately, the chemometrics resolution methods provide powerful tools to resolve
overlap peaks into pure chromatograms and/or spectra, which can improve the qual-
itative and quantitative results. Therefore, it is extremely necessary to resolve the
overlapping peaks by means of chemometric techniques. One can observe the ver-
lap peaks of total ion chromatogram in Fig. 8a. After resolving the overlap peaks
using heuristic evolving latent projections method (Kvalheim and Liang 1992;
Liang et al. 1992), one can obtain the pure chromatogram and mass spectrum of
each component respectively. We have also evaluated the feasibility of sample clas-
sification of GC-ToF-MS dataset without the requirement for chromatographic
deconvolution (Lu et al. 2011).

3.7 Similarity Analysis

The chromatographic fingerprints are constructed for the purpose of evaluating the
quality of herbal medicines. One of the most common and easiest tools is similarity
analysis based on the correlation coefficients. Correlation coefficients can take both
the separation degrees and concentration distribution of components into consider-
ation for evaluation the quality. The formula for correlation coefficient is:
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In Eq. 11, x; and y; is the i-th elements of fingerprints x andy. X and y are the
means of fingerprints x and y respectively.

Similarity can be calculated based on entire fingerprint, peak area or peak height
against the fingerprint of standard sample, mean or median of dataset. The similar-
ity estimation based on correlation coefficient may be used as a standard even this
is very simple. However, there are several disadvantages of the simple correlation
coefficient: (1). the mean or median fingerprint as standard is influenced by the
dataset; (2). how to determine the subjective threshold for quality control; (3). the
major peaks have a high contribution to the similarity (Liang et al. 2004; Tistaert
etal. 2011). For these disadvantages of correlation coefficient based similarity anal-
ysis, pattern recognition and machine learning are applied to build exploration, cali-
bration and classification models to extract the quality information.

(1)

3.8 Pattern Recognition

Since the inherent “uncertainty” of secondary metabolic substances of herbal medi-
cines, it seems subjective to define an absolute reference fingerprint for similarity
analysis. The quality control based on certain biomarker compounds might not be
reliable too. The concept of class of herbal medicines sounds more reasonable for
the quality control purpose. Thus, the pattern recognition methods should be taken
into consideration for reasonable definition of the class of the herbal medicine.
Exploratory data analysis, cluster analysis and classification can be used to gain
insight in the structure of the multivariate fingerprints and develope rules for the
classification of new herbal medicine samples.

Exploratory data analysis can be used as an approach to summarize the main
characteristics of chromatographic fingerprints in easy-to-understand form, often
with visual graphs. Principal Component Analysis (PCA) (Wold et al. 1987),
Projection Pursuit (PP) (Friedman and Tukey 1974) and Multidimensional scaling
(MDS) (Kruskal 1964; Borg and Groenen 2005) are techniques often used in visu-
alization for exploring similarities or dissimilarities in fingerprints. These tech-
niques are based only on the fingerprints. Variables of fingerprints are transformed
into two or three latent variables (LV), which can summarize the main patterns of
variation between the samples. Then the latent variables can be drawn on the plots,
which may reveal groups of observations, trends of the herbal medicine samples.

Cluster analysis is the task of assigning a set of fingerprints into groups so that the
fingerprints in the same cluster are more similar to each other than to those in other
groups. It is a common technique to define classes for herbal medicines. Cluster anal-
ysis techniques can be divided into two categories: hierarchical and non-hierarchical.
Hierarchical clustering (Johnson 1967) falls into two types: agglomerative (bottom up
approach) and divisive (top down approach). Hierarchical clustering has the distinct
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advantage that any valid measure of distance can be used. In fact, the observations
themselves are not required: all that is used is a matrix of distances. Non-hierarchical
clustering methods such as k-means (Hartigan and Wong 1979), fuzzy c-means
(Bezdek and Ehrlich 1984) is often an iterative process based on the given parameters
such as distance function, the number of expected clusters. It is necessary to modify
preprocessing and parameters until achieving the desired clustering results.

Classification is an instance of supervised learning, where class (such as species,
origins, parts of the plant or harvest times) of each fingerprint is available. Generally
speaking, classification make use of a calibration set with information represents
classes to build a model. The model is then validated by an independent test set and
used to predict the classes of new samples. There are numerous classification tech-
niques, the most popular techniques for building the classification model of herbal
medicines including principal component analysis-mahalanobis distance (PCA-MD)
(De Maesschalck et al. 2000), partial least squares-discriminant analysis (PLS-DA)
(Matthew and William 2003), soft independent modeling of class analogy (SIMCA)
(Wold and SjOStrOM 1977), linear discriminant analysis (LDA) (Fisher 1936), sup-
port vector machines (SVM) (Vapnik 1998), Random Forests (Breiman 2001) and
etc. PCA-MD employs the mahalanobis distance in principal component space as
numeric indices for assigning the class for unknown samples. Partial least squares
was originally designed for solving the col-inearity problem in regression. After
binary coding the groups of samples, PLS2 can be used as an approach for multi-
category classification. One advantage of PLS-DA is that the scores and loadings
can be used for a graphical presentation of the results and be helpful in the interpre-
tation of the group characteristics. SIMCA is a supervised classification method,
which is based on disjoint principal component models. The term soft means that the
classifier can identify samples as belonging to multiple classes. In order to build the
SIMCA classification model, the PCA models are built repeatedly for the samples
belonging to each class, and only the significant principal components are retained.
LDA is closely related to PCA in that they both look for linear combinations of
variables which best explain the data. LDA explicitly attempts to model the differ-
ence between the classes of data. PCA-MD, PLS-DA, SIMCA and LDA are all lin-
ear classifiers. For some complex samples like herbal medicine, classes may not be
separable by a linear boundary. SVM can efficiently perform non-linear classifica-
tion via kernel trick, implicitly mapping their inputs into high-dimensional feature
spaces. Random forests is an ensemble classifier that consists of many decision trees
built by bagging idea and the random selection of features, which can also model the
nonlinear relationships between variables. One can choose the pattern recognition
methods according to the characteristic of datasets of herbal medicines.

From Fig. 9a, the correlation coefficients of 6, 17, 18 and 27 samples are small.
The first two score of PCA are displayed in Fig. 9b, which have explained the 70 %
variance (information) of the fingerprints. The 6, 17, 18 and 27 samples are far from
the main group in the score plot. The dendrogram of HCA of 38 Aurantii Immaturus
Fructus samples is shown in Fig. 9b. The 6, 17, 18 and 27 samples are also agglom-
erated into one group which is different from the main group. The results of similar-
ity analysis, PCA and HCA can be used to verify each other. Figure 9d is the score
plot of classification models built by PLS-DA.
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Fig. 9 Similarity analysis and pattern recongnition results of fingerprints of Aurantii Immaturus
Fructus samples. (a) Results of similarity analysis; (b) exploratory data analysis using PCA; (c¢)
Cluster analysis by HCA; (d) Classification models built by PLS-DA

4 Conclusion

It is not a simple task of applying modern technologies to quality control of the
herbal medicines because of the complexity in chemical compounds. Chromatography
with various detectors offers a powerful tool for separating the complex compounds
to create a characteristic fingerprint. The use of chromatographic fingerprints of
herbal medicines for quality control of herbal medicines is definitely a progress.
Advantages and disadvantages of different chromatographic techniques for the qual-
ity control herbal medicines are discussed, such as gas chromatography for volatile
components, liquid chromatography and hyphenation chromatographic system.
The quality information of herbal medicines should be mined from fingerprints,
which are certainly a large dataset. They should be processed sufficiently and sys-
tematically through chemometrics methods. Therefore, we have devoted to the use
of preprocess and pattern recognition for fingerprints of herbal medicines. Firstly,
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the Shannon information content is introduced to optimize experimental parame-
ters. Then the features of the preprocess methods such as smoothing, baseline cor-
rection, peak alignment and peak detection are discussed to improve the quality of
the generated fingerprints. Furthermore, characteristics of pattern recognition meth-
ods such as similarity analysis, exploratory data analysis, cluster analysis and clas-
sification for extracting the quality information are also elucidated.

The researchers can generate proper fingerprints for herbal medicines with chro-
matographic fingerprinting and preprocess, analyze, interpret and extract useful
information from these datasets within an acceptable time using chemometric tech-
niques. Chromatographic fingerprint analysis can ensure the maintenance of the
consistent quality of samples for biological and pharmacological research.
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Abstract The Quantitative Pattern-Activity Relationship (QPAR) approach has
been proposed recently by us and applied to the herbal medicine Radix Puerariae
Lobatae and a related synthetic mixture system. Two different types of data from
the chromatographic fingerprint and related bioactivity capacities of the samples
were correlated quantitatively. The method thus developed provided a model for
predicting total bioactivity from the chromatographic fingerprints and features in
the chromatographic profiles responsible for the bioactivity. In this work, we pro-
pose a new methodology called QPAR-F here, to provide another piece of informa-
tion: recommending the bioactive regions to facilitate bioassay-guided fractionation

F.-T. Chau (i)
Department of Applied Biology and Chemical Technology, The Hong Kong
Polytechnic University, Hung Hom, Kowloon, SAR Hong Kong, People’s Republic of China

State Key Laboratory of Chinese Medicine and Molecular Pharmacology,
Shenzhen, People’s Republic of China
e-mail: beftchau @polyu.edu.hk

Q.-S. Xu ()

School of Mathematics and Statistics, Central South University,
Changsha, People’s Republic of China

e-mail: gsxu@csu.edu.cn

D.M.-Y. Sze « M.C.-H. Ng
Department of Health Technology and Informatics, The Hong Kong Polytechnic University,
Hung Hom, Kowloon, SAR Hong Kong, People’s Republic of China

H.-Y. Chan * T.-Y. Lau * D.K.-W. Mok
Department of Applied Biology and Chemical Technology, The Hong Kong
Polytechnic University, Hung Hom, Kowloon, SAR Hong Kong, People’s Republic of China

D.-L. Yuan ¢ Y.-Z. Liang
College of Chemistry and Chemical Engineering, Research Center of Modernization
of Chinese Medicines, Central South University, Changsha, People’s Republic of China

K. Fan
School of Information Technologies, University of Sydney, Sydney, Australia

J. Poon and S.K. Poon (eds.), Data Analytics for Traditional Chinese Medicine Research, 155
DOI 10.1007/978-3-319-03801-8_9, © Springer International Publishing Switzerland 2014



156 F.-T. Chau et al.

and related studies. QPAR-F makes use of chromatographic profiles instead of
individual data points utilized in our previous work. The chromatograms of the
system concerned are firstly divided into different regions or related fractions repre-
senting different groups of constituents. Then different combinations of these
regions using the exhaustive searching strategy are processed by the partial least
squares (PLS) methods to build models. The optimal models give smaller errors
between the predicted and measured total bioactivity capacities. The performance
of the proposed QPAR-F methodology is first evaluated by a known mixture system
with combinations with active ingredients. The results confirmed that QPAR-F
works very well in predicting the total antioxidant bioactivity capacities and the
active regions could be correctly identified. These findings are very helpful in plan-
ning the bioassay-guided fractionation. For this data-mining process, only limited
chemical and bioactivity information of the original samples or crude extracts are
required. No prior knowledge of activities of the fractions under study is needed.
The QPAR-F methodology was also applied to the herbal medicine, Radix Puerariae
Lobatae and similar predicted models give smaller errors between the predicted and
measured total antioxidant bioactivity capacities could be successfully built.

1 Introduction

There has been an upsurge of scientific research on the pharmacological activity of
herbal medicine (HM) in recent years owing to the wide acceptance of taking HM as
therapeutic agents. It is well known that natural sources including HM have not been
very well explored like modern medicines, but it is thought that they will provide
vast resources for drug development. Indeed, most of the drug substances nowadays
originated from natural products or inspired by natural products (Harvey 2008).

Today, more emphasis has been put on the search of the novel compounds from
HM. Yet, this is always challenging. Usually, the bioactivity of a HM, a complicated
multi-component system, is screened first. On account of the limitation of the bioas-
say methods, very little and quite often even no information is available on indi-
vidual HM ingredients that contribute to the bio-response. In recent studies, multiple
chemical constituents in HM were tentatively identified by LC-MS and the HM
bioactivities were investigated using selected in-vitro bioassay carried out in paral-
lel (Bravo et al. 2007; de Mejia et al. 2010; Rauter et al. 2009).

Through the data acquired, investigation of the relationship between the HM
chemical composition and bioactivity was attempted. The aim was to establish the
active components that are responsible for related pharmacological activities.
Furthermore, the discovery of these components is also very helpful in quality con-
trol. Mostly, the quality of HMs and dietary supplements is assessed through quan-
tifying a few target compounds with some called markers. In many cases, this is not
good enough because the biological activity is contributed by various components.
For instance, Rijk et al. reported that the markers of steroids were not identified in
the dietary supplements under study (Rijk et al. 2009). Yet, the biological screening
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test gave positive results. They attributed this to the presence of other steroids which
were identified by the LC-MS/MS study. This showed the need to identify the bio-
active candidates.

Different strategies have been mapped out to find bioactive candidates in com-
plex systems like HMs. Bioassay-guided fractionation (BGF) is one of them (Ene
et al. 2009; Han et al. 2009; Hostettmann et al. 2001; Othman et al. 2006; Pesin
et al. 2010; Peters et al. 2010). The BGF process mainly involves confirming the
HM extract to be bioactive first using one to several selected bioassays, then frac-
tionating the active extract and testing the fractions obtained by the same screening
methods. Fractionation will be repeated on the active fractions found and, ulti-
mately, the target components within the active fractions will be isolated
(Hostettmann et al. 2001; Shi et al. 2009). These bioactive candidates may be novel
or known already. High speed countercurrent chromatography (HSCCC) and high-
performance liquid chromatography (HPLC) on the preparative scale, supercritical
fluid chromatography (SFC) and thin layer chromatography (TLC) are very often
used in these investigations. As for characterization and structure elucidation of the
target compounds, mass spectrometry (MS) and nuclear magnetic resonance (NMR)
spectrometry are popular and powerful tools (Ene et al. 2009; Jerz et al. 2010;
Othman et al. 20006; Peters et al. 2010; Wu et al. 2008).

Although BGF has its merits and is widely accepted by the industrial and aca-
demic sectors, it is time consuming and costly with repeated fractionation and bio-
assay measurements even with the help of automated devices. Also, at the very
beginning, it is hard to identify the target compounds among many constituents in
the sample for isolation and it is important to avoid selecting the wrong ones or
known active compounds. Chemical characterization of the chemical constituents
of the sample and crude extracts before or simultaneously with the BGF could assist
to certain extent. Despite that, very little information about bioactive regions or HM
constituents can be provided from BFG. It should be mentioned that BGF has also
been applied to study compounds with other types of activity, such as those that are
harmful and a risk to human health (Jhoo et al. 2006; Ratnayake and Lewandowski
2010; Uhlig et al. 2005).

In order to speed up the experimental work on determination of active com-
pounds and structural identification using BGF, chemical analysis and bioassay
study have been coupled together to facilitate online screening of bioactive ingredi-
ents without the need of isolation (Shi et al. 2009). Most of them have focused on
the antioxidant assay and required special instrumental set-ups. Another strategy in
detecting bioactive compounds is based on relating the chemical compositions and
bioassays of the HM together through chemometric data processing techniques. In
studying the Chinese medicine formula Qi-Xue-Bing-Zhi-Fang, this was found to
be bioactive and fractionation was carried out on the crude extract to get six frac-
tions (Wang et al. 2006; Xiao et al. 2006). Then these fractions with different con-
tents were put together for further investigation. Based on the experimental data
acquired, Cheng et al. established the quantitative composition-activity relationship
(QCAR) between these fractions and their bioactivity levels. Through these rela-
tionships, the bioactive fractions were identified and confirmed by experimental
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findings. More than that, Cheng et al. attempted to find the optimal combination of
the bioactive fractions from the established relationship. Later, these workers did
another study (Wang et al. 2010). This time, they selected three known chemical
components from the herbal formula shenmai that was reported to be bioactive.
Then the related biological screening tests were carried out on different composi-
tions of the three assigned contents according to the experimental design. After the
results were obtained, the compositions of the three target compounds with optimal
bioactivity were established.

Recently, our laboratory led by Chau et al. investigated the chemical composition
and antioxidant activity of an HM, Radix Puerariae Lobatae (gegen, YG), a com-
plicated mixture system. They developed models for the HM based on the quantita-
tive pattern-activity relationship (QPAR) approach through these two types of data,
chromatographic and bioactivity data, to come up with a model which predicts the
level of bioactivity from the chromatographic fingerprint and reveals the features in
the chromatographic profile for the bioactivity (Chau et al. 2009). The chemometric
tool, target projection method and selectivity ratio, were utilized to scan the whole
YG chromatograms to achieve the purpose. In this way, all the active and inactive
components in the herbal medicine as detected by the separation instrument and the
methods used were considered in assessing their bioactivity capacities. The out-
comes were that more bioactivity information concerning the chemical composition
of the HM was included compared to the conventional methods with just a few tar-
get compounds being considered.

In another work also by our laboratory, 60 synthetic mixtures with 12 chemical
components of which 7 possessed antioxidant activity were created and investigated
by the QPAR approach (Kvalheim et al. 2011). Excellent prediction performance of
antioxidant strength from the bioactive signature was obtained. Moreover, the model
established could even be able to rank 6 of the 7 bioactive strengths. The reason why
one of the two least bioactive components was not found is that the ratios of bioac-
tive capacity of the two most active components to the two least active ones were
close to 100 to 1.

In this study, we propose a new methodology, QPAR-F, to tackle the problem of
finding bioactive fractions in fractionation related studies such as BGF. Different
regions within the chromatogram of the mixture system were input for data treat-
ment so as to provide another piece of information: recommending the bioactive
fractions to facilitate bioassay-guided fractionation and related works. Here, we
considered that a fraction can be represented by the profile structures or partitioned
regions in the chromatogram. The chromatogram from an analytical instrument,
such as HPLC, may be exactly the same as that from the scaling-up process by, for
example, preparative HPLC. Even if this is not so, the retention time and the spec-
tral information acquired from the former can still help to identify the chemical
components involved in the latter process.

In carrying out the QPAR-F computation, the chromatograms of the samples of
the mixture system of interest are divided into several regions randomly or accord-
ing to the actual information. These regions are combined together in different
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ways. Then data from the training set are utilized to establish models from various
kinds of combinations using an exhaustive searching strategy and the partial least
squares (PLS) method. As a result, the bioactivity capacities of the samples in the
test set could be predicted. Here, we assume that the agreement between the pre-
dicted and observed values depended on whether the appropriate bioactive regions
are included or not. Hence, the errors or differences are used to follow the bioactiv-
ity of the components in the regions involved.

In this work, the performance and the validity of the assumption of the pro-
posed QPAR-F methodology are scrutinized by the synthetic mixture system
which involves the preparation of mixtures with seven known antioxidants and
five inactive compounds at different concentration levels through uniform design.
Experiments are carried out to obtain their HPLC chromatograms and antioxi-
dant activity data by the FRAP assay (Benzie and Strain 1996). Afterward,
QPAR-F is applied to these data using three divided regions with prediction
errors calculated.

From the result obtained, the assumption is found to be valid and the proposed
QPAR-F algorithm works very well in identifying the bioactive regions correctly. In
addition, the results obtained from different models are consistent and followed
closely the assumption made. With the success of the QPAR-F methodology to the
known mixture system, it is then applied to the herbal medicine, Radix Puerariae
Lobatae. The three divided regions are also used for PLS modeling and the results
obtained are compared with the experimental findings.

In the following, we will discuss in detail the QPAR-F methodology and the
results obtained from the QPAR-F analyses on the synthetic mixture system and the
herbal medicine, Radix Puerariae Lobatae (YG).

2 Theory

2.1 Prediction Model for Bioactivity by the PLS Model

Denoting the data matrix of the chromatograms of the crude extracts or samples,
and the divided regions for setting up combinations as X and the vector of bioactiv-
ity as y, the following formula relates these two types of data

y=Xb+e @))

with b and e being the vector of regression coefficients and error vector respectively.
Partial least squares (PLS) methodology (Wold et al. 1999, 2001) was applied here
to estimate b and establish the model.

In the PLS algorithm, when k PLS components are used, the data matrix X is
decomposed in a fashion similar to that of principal component analysis, generating
a matrix of scores, T, and loadings or factors, P,, with the residual matrix of X
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defined as E, . Similar analysis is applied to y, producing a matrix of scores, T}, and
loading vector, q,, with f; being the error vector of y (Xu et al. 2001).

X = TkPkT +E, 2)
y=Tq, +f, 3)
T, =XH, @)

Finally, the estimated vector of regression coefficients b is obtained as follows:
n T -1 T
b=H, (T/T,) HXy ®)

Through these equations, the estimated bioactivity can be computed:

A

§=Xb (6)

For new objects, their predicted bioactivity can be obtained by:

yllCW = chwb (7)

The samples in the data set can be divided into two groups, a training set and a
test set. The data of the training set is used to estimate the regression coefficients b
and build the model. The number of PLS components used in the model can be
determined by cross validation. The test set is used to assess the prediction ability
of the model established. The performance of the model thus obtained is evaluated
in this work by evaluating the root mean squared errors (RMSE) of training
(RMSET) and RMSE of prediction (RMSEP).

2.2 The QPAR-F Methodology

In this study, we tried to discover the relationship between different profile regions
within the chromatogram and measured total antioxidant capacity (TAC) of the
sample. In doing so, the whole chromatogram was divided into several regions ran-
domly according to the profile structures in the first stage. Then, the proposed QPAR
models for predicting the related TACs were built by using different combinations
of these regions through the algorithm mentioned in the above section.

Here we considered that the best combination was the one that resulted in the
best agreement with the smallest error between the measured and the predicted
TACs. Based on this, we applied the exhaustive searching strategy to find out the
best combination from the combinations set. In this work, the total number of
divided regions within a combination for modeling was varied and all possible com-
binations were generated and subjected to the PLS modeling. Variations of the
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outcomes from these models can provide valuable information about the bioactive
regions hidden in the chromatograms of the mixture and HM studied. Furthermore,
they can also help us to know better about the contributions of individual regions
with active and/or inactive compounds to the total activity. In this manner, the
results obtained through the proposed QPAR-F methodology are helpful to direct
the bioassay-guided fractionation. Here we utilize the synthetic mixture system
(MIX) as an example to illustrate how the QPAR-F methodology works.

Figure 1 shows the workflow chart of the QPAR-F procedure using the chro-
matogram of the mixture system MIX with three divided regions. In the first step,
the whole MIX chromatogram is divided into three profile regions randomly or
based on the information available. Then, all possible combinations of these regions
are generated. For instance, Comb 1 only contains Region 1; Comb 4 consists of
Region 1 and Region 2, while Comb 7 includes all the three regions representing the
whole chromatogram. In the second step, PLS models are established based on all
these combinations. The matrix X is used to store the data of the region(s) of a com-
bination while the TAC values of all samples can be found in vector y as mentioned
in Sect. 2. Through these two data sets, the model is constructed. For each combina-
tion, the number of PLS components in the model is determined using tenfold cross
validation (Burman 1989). By comparing the outcomes from these PLS models,
contributions of the selected regions to the TAC can be revealed under the assump-
tion made. In addition, we can identify the bioactive regions and formulate a model
with the right combination of these regions to give the best predictive ability
for TAC.

3 Experimental Section

3.1 Sample Preparation

Fifty eight synthetic mixtures were prepared with the compositions with twelve
compounds at different concentration levels according to the uniform design table.
These chemicals were gallic acid (GA), hydroxybenzoic acid (HB), puerarin (PU),
daidzin (DZ), coumaric acid (CMA), rutin (RT), quercetin dehydrate (QT), genis-
tein (GS), kaempferol (KF), emodin (ED), betulinic acid (BA) and ursolic acid
(UA). Details can be found in Reference (Kvalheim et al. 2011). With regard to
Radix Puerariae Lobatae, all samples were extracted under the conditions as stated
in our previous study (Chau et al. 2009).

3.2 Chromatographic Analyses

An Agilent 1100 series HPLC system with a diode-array-detector (DAD) was used
to analyze MIX and YG. The reversed-phase, ODS hypersil column with the
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Region 1 Region 2 Region 3
Comb 1 Comb 2 Comb 3 Comb 4 Comb 5 Comb 6 Comb 7
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

_

Y

Building the PLS models for comparison

A 4

Identification of bioactive regions

Selection of the best TAC predictive model

Fig. 1 The workflow chart of the QPAR-F methodology using the synthetic mixture system
(MIX) as an example

dimension of the column being 250x4.6 mm and the particle size being 5 pm was
used. For analyzing MIX, the mobile phase consisted of 0.1 % phosphoric acid in
double deionized water (solvent A) and 0.1 % phosphoric acid in methanol (solvent
B). The gradient elution program followed that of Kvalheim et al. (2011). As for
analyzing YG extracts, acetonitrile (solvent A) and 0.3 % acetic acid in double
deionized water (solvent B) were utilized with the gradient elution reported before
(Chau et al. 2009).
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Fig. 2 The three divided regions in the chromogram of MIX44 with labels of peak number and the
components involved (See Sect. 3.1)

3.3 Preparation of Fractions of MIX and YG

3.3.1 Preparation of the MIX Fractions

All the fractions of MIX F1, F2 and F3 were prepared by mixing the chemical com-
pounds with the same concentration levels as those in MIX44 (see Fig. 2.). F1 was
composed of GA, HB and PU. F2 contained DZ, CMA, RT, QT, GS and KF, while
F3 was made up by ED, BA and UA.

3.3.2 Preparation of YG Fractions

The extract of the sample labeled as YG81 was fractionated into three fractions, F1,
F2 and F3 by the Hewlett Packard 1100 preparative series HPLC instrument cou-
pled with DAD and equipped with an ODS hypersil column of dimensions
250x21.2 mm and the particle size being 5 pm. The injection volume was 150 pl.
The mobile phase flowed at 20 ml min~! under the same elution profile used for
analyzing YG extracts. F1, F2 and F3 were collected within 2 min to 11 min, 11 min
to 18 min, and 18 min to 40 min respectively. All these fractions were collected by
Foxy® Jr. fraction collector (ISCO, Inc., USA) and freeze dried after solvent
removal using rotatory evaporation. The dried samples were used later for both
antioxidant activity measurement and chromatographic characterization with the
same chromatographic system used for the YG extracts.
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3.4 Antioxidant Activity Assay

The antioxidant activities of all samples, fractions and the 12 compounds of MIX at
different concentrations were measured by the FRAP method as proposed by Benzie
and Strain (1996) with the use of a COBAS FARA 1II spectrofluorometric centrifu-
gal analyzer (Roche). Details about the experimental procedure can be found in the
published work of Chau et al. (2009) and Kvalheim et al. (2011). In brief, the anti-
oxidant activity of the sample was evaluated from the change of the absorbance of
the FRAP reagent at 593 nm after the addition of the sample for 4 min. It was then
converted to the FRAP value to represent the total antioxidant capacity. A series of
concentrations of ascorbic acid were also prepared for monitoring the performance
of the instrument.

3.5 Data Analysis

All the data preprocessing and QPAR-F analyses were performed with the method
proposed in the previous works (Eilers 2004; Tomasi et al. 2004) with Matlab
R2007a software from the MathWorks.

4 Results and Discussion

The QPAR-F methodology proposed in this study was applied for identification of
bioactive regions related to drug screening of two different mixture systems. The
QPAR approach was adopted with the use of two different types of data obtained
from the chemical fingerprints and total antioxidant activity measurements. In car-
rying out the QPAR-F calculation, the chromatograms of samples of the system
were all divided in the same way into several regions. Then different combinations
of these divided regions were designed and utilized for modeling so as to predict
the total antioxidant capacities of the samples concerned through the proposed
algorithm.

In the QPAR-F methodology, we assumed that the difference between the pre-
dicted and the measured TAC depended on which regions or regions were selected.
The magnitude of the difference could provide valuable information about bioac-
tivities of the components involved. In this way, models which included bioactive
regions were expected to give more accurate prediction than those without. To
investigate this, we started with the synthetic mixture system (Kvalheim et al. 2011),
an idealized system with all the related properties known for methodology evalua-
tion and assessment. Then, the assumption was applied to a real system, Radix
Puerariae Lobatae, a herbal medicine, for further verification.
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4.1 The Synthetic Mixture System (MIX)

Fifty-eight synthetic mixtures with two outliers being removed, as in our previous
study (Kvalheim et al. 2011) were used in this investigation. They were grouped
randomly into a training set (38 samples) and a test set (20 samples). Then, the
chromatogram of each one was divided into three regions, F1, F2 and F3, with dif-
ferent numbers of peaks and profile structures. Figure 2 shows these three divided
regions in the chromatogram of the MIX44 sample as an example. In the chromato-
gram, all the peaks of the 12 compounds were labeled with their abbreviations (see
Sect. 3.1). Also, some peaks were marked with numbers 1-7 according to the rela-
tive levels of the antioxidant activity of the related compounds, from high to low.
Here, F1, F2 and F3 referred to the components eluted from 0 min to 12 min, 12 min
to 20 min and 20 min to 33 min respectively.

It should be noted that these three regions represent the three different fractions
when fractionations are carried out on the crude mixture sample. Even if there are
changes in the order of the eluted components during large-scale fractionation, the
chemical and spectral information obtained from the profiles of these regions can
still be used for identification of the components obtained from the two processes.
Once the divided regions were available, different combinations of these three
regions of all the 38 samples in the training set were generated following the
QPAR-F procedure described in Fig. 1. They together with the measured TACs with
experimental errors less than 6 % were submitted to PLS modeling. Through the
established models, fingerprints of samples from the test set were fed in and the
TACs were predicted.

Figure 3 depicts the results obtained as given in Table 1 with the RMSEPs com-
ing from the test set. It can be seen that the plot provides an overview about the
performance of different models according to the prediction errors. It is obvious
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Table 1 Summary of the PLS models established based on different combinations of the three
divided regions of MIX (See Figs. 2 and 3)

Regions for modeling Number of latent variables RMSET RMSEP
One-region (1:3) model

F1 3 813 790
F2 2 1,028 1,218
F3 1 1,311 1,467
Two-region (2:3) model

F1+F2 7 197 271
F1+F3 5 804 802
F2+F3 7 1,079 1,276
Three-region (3:3) model

F1+F2+F3 11 143 275

that, different combinations gave different errors even though the numbers of the
regions selected are the same. For instance, among all the one-region (1:3) models
with only one divided region being selected from all the three divided regions avail-
able, the combination {F1} occupied the lowest position in the plot (Fig. 3), while
{F2} was situated in-between {F1}and {F3}. If the QPAR-F assumption works, the
relative strength of antioxidant activity of these fractions in descending order was
F1, F2 and F3. If this is true, one would expect that {F1+F2} gave lower RMSEP
than {F1} if the activity of F2 is not too low. In addition, {F2+F3} should locate in
a higher position than {F1+F3} in the 2:3 model plots. In fact, these were observed
in Fig. 3. The addition of F3 to {F1+F2} did not improve the agreement between
the predicted and the measured TAC.

All these observations supported the observation that the active fractions were F1
and F2. F3 had very low activity and it may even inactive. Table 1 gives more details
about the prediction errors obtained from models with different combinations of the
divided regions. When only one region was considered in modeling, the RMSEPs
based on {F1}, {F2} and {F3} were 790, 1,218 and 1,467 respectively. With the
consideration of the experimental errors and the assumption of QPAR-F, F1 was
clearly more active than F2 as their RMSEPs differed significantly from each other.
Also, F3 was the least active. When two regions were put together, surprisingly,
{F1+F2} gave an error of 271 (Table 1), much lower than that of {F1} alone.

The marked improvement in the predictive ability showed that, in this system, a
single active region is not sufficient to account for the total activity. Both F1 and F2
contributed to the total bioactivity significantly even though they contributed to dif-
ferent extent individually. Furthermore, when F3 was added for modeling with the
whole chromatogram being considered, there was no improvement in RMSEP
(275). This strongly indicated that F3 played very little role to the bioactivity of the
system. In other words, the ingredients within F3 were barely bioactive or even not
active according to the assumption. This also explains why {F3} gave very high
RMSEP in the 1:3 models. All these observations obtained from the QPAR-F
3-region modeling reveal that the magnitude of the RMSEP provides information
consistently about how active a region or combination is. More than that, we can
conclude that the activity strength of F1 is higher than that of F2, and in turn, higher
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than that of F3, when all the mixture samples in the training set are considered as a
group in modeling.

In order to verify the conclusion drawn, separate experiments were carried out by
testing newly prepared fractions related to F1, F2 and F3 for their TACs. Thus these
fractions were prepared according to the chemical composition of the MIX44 sam-
ple and their TACs were measured. MIX 44 was selected because all the twelve
components were present. The corresponding FRAPs thus obtained were 2,737,
2,085 and 74 respectively. It can be seen that these experimental findings supported
the QPAR-F outcomes and also the assumption involved. In fact, when one looks
closely into what components were present in the three fractions on preparing the
mixtures, the most active antioxidant gallic acid (GA) was in F1 and the other less
active ones were in F2 (see Fig. 2). There were no active ingredients in F3. This was
also consistent with the RMSEP from {F1} being lower than that from {F2} in the
1:3 models and the {F1+F2} outperforming {F1+F3} in the 2:3 modeling as all
active ingredients were included in QPAR-F computation.

In our previous work, we prepared the MIX samples with seven antioxidants
having activity strengths of different extents (Kvalheim et al. 2011, article submit-
ted for publication). At the highest concentration levels, GA, QT, KF, RT, CMA, GS
and PU had FRAP values of 3,383, 2,250, 682, 476, 240, 30 and 26 respectively.
Readings could be obtained for GS and PU at the concentration of 125 ppm or
above. Hence, GA was the most active one. While QT and KF were the second and
the third one from the FRAP assessment.

With the availability of these known properties, one can investigate the activity
of the MIX fractions in more detail at the molecular level based on what compo-
nents are present. As GA is present in F1 (Fig. 2), this explained why it was the most
active fraction. The same argument can be applied to account for the activities of the
other fractions. Thus, the results obtained from QPAR-F computation were further
supported and confirmed by the known available information.

In summary, the QPAR-F methodology was proposed and an algorithm has been
developed and applied to the synthetic mixture system MIX with known informa-
tion. The chromatograms of the samples studied were divided into smaller regions
first in order to carry out the QPAR-F algorithm. Then different combinations of
these regions were utilized for PLS modeling.

The predicted total activity capacities from these models were compared with the
experimental data. Here, we assumed that smaller differences between them come
from the models using the combinations with appropriate bioactive regions included.
From the results of MIX from QPAR-F analyses, one can clearly see that the assump-
tion was valid and the proposed methodology preformed very well in identifying the
active fractions. Experimental information available further supported this.

4.2 The Herbal Medicine YG

The 78 YG samples were grouped randomly into a training set (52 samples) and a
test set (26 samples) for QPAR-F calculation. We took the same working procedure
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as that for MIX with the whole chromatogram being divided into three regions, F1,
F2 and F3 with elution times from 2 min to 11 min, 11 min to 18 min and 18 min to
40 min respectively (Fig. 4). The results obtained from different combinations of the
three divided regions were depicted in Fig. 5. Among all the 1:3 models, {F2} gave
the lowest RMSEP (89) while {F1} came up with the highest (178). With regard to
the 2:3 models, {F2+F3} led to the lowest prediction errors. Addition of {F1} to
this combination with all the three regions involved did not reduce the RMSEP fur-
ther. This indicated that F1 could not improve the predicted TAC, and it is relatively
not so active or even inactive compared to the other two. This observation is in line
with the outcome from the 1:3 modeling.
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Table 2 Summary of results obtained results from models established based on different
combinations of the three divided regions of YG (see Fig. 4)

Number of Number of
Regions for modeling original variables latent variables RMSET RMSEP
One-region (1:3) model
F1 1,460 5 124 178
F2 340 5 76 89
F3 668 4 151 160
Two-region (2:3) model
F1+F2 1,800 6 72 93
F1+F3 2,128 7 97 138
F2+F3 1,008 7 53 64
Three-region (3:3) model
F1+F2+F3 2,468 5 55 64

Based on the experimental findings on the YG81 sample, the most antioxidant
active fraction was F2 while the least one was F1 at the concentration of 1 mg/ml.
The FRAP values of F2, F3 and F1 were 602, 136 and 83 respectively. The main
reason why the YG81 sample was selected was that its FRAP value was close to the
average of those from all the YG samples (Table 2).

5 Conclusions

Knowledge of active fractions can help to plan the bioassay-guided fractionation in
drug screening more efficiently and effectively. These fractions may be represented
by the regions as exhibited in the separation chromatogram of the system concerned.
In this work, we propose a QPAR-F methodology based on approach of QPAR to
establish the antioxidant active fractions from the chromatograms of a synthetic
mixture system and the herbal medicine, Radix Puerariae Locabae. For the known
mixture system, the active regions were identified successfully and their relative
activity strength was also ranked. The results also confirmed the validity of the
assumption that the predictive ability of the PLS model depended on the combina-
tion with appropriate bioactive regions being selected. When the QPAR-F was
applied on the herbal medicine, the results obtained were consistent with those of
the MIX system and they were also compared with the experimental findings.

Our work demonstrated that the proposed QPAR-F methodology is useful to
help revealing information very efficiently which is important in the identification
of bioactive fractions for drug development, discovering biomarkers and others.
Unlike Cheng et al. (Wang et al. 2006; Xiao et al. 2006), no prior information about
chemical and biological properties of the fractions or individual components are
required in our study while establishing the QPAR relationship. Chemical and bio-
activity information of the crude extract or the original sample are sufficient for the
QPAR analysis.
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Of course, chemical characterization on selected components of the crude extract
might still be needed so as to reduce the chance of isolating known bioactive com-
pounds. This novel QPAR-F approach can help to solve partly the technical prob-
lems encountered in the drug development of natural products (Li and Vederas
2009). It is worthwhile to mention that the new QPAR methodology is not only
good for discovery of active chemical fractions of herbal medicines, it can also be
applied to chromatograms of other complex mixtures, to find out biochemical active
fractions.

In the past decade, chemical fingerprints obtained from separation instruments
have been widely accepted by authorized agencies in the world as an alternative to
monitor the quality of HM products (Chau et al. 2010; Zeng et al. 2008). Through
these, all the active and inactive components as detected by the methods used are
established, in contrast to the traditional procedures which utilize only a few mark-
ers that may be active or inactive compounds. It can be seen that through the pro-
posed QPAR-F methodology, the chemical fingerprint can be transformed to the
bioactivity fingerprint because the active regions with biomarkers present in the
fingerprint are identified. It is much better to use this kind of fingerprint to assess a
HM product as the functional activity is a key measure of the quality. In fact, other
kinds of activity such as toxicity, smell, taste, etc. can also be considered as long as
the relevant data are used for the QPAR-F modeling. With the availability of these
activity fingerprints, the chemical composition of HMs can be standardized to much
higher and accurate levels within the safety limits. Also, the composition of the
compound HM formulation with more than one component herbs involved can be
optimized to the desired level of bioactivity. Furthermore, personalized HM medi-
cines can be prepared according to the required bioactivity level to meet the needs
of individual patients.
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Abstract Traditional Chinese Medicine prescriptions depend not only on the
individual herbs, but the interactions among herbs within an herbal formula. With
examples, this chapter presents an innovative and comprehensive approach to study-
ing the complex synergistic interactions among herbs in Chinese herbal formulae.
In multi-targeted in vitro studies, we have integrated the use of the Combination
Index and a statistical test of synergy to demonstrate not only the effectiveness of
the combined use of herbs, but of the variation of their relationship on each mode of
action. We report one of the first applications of statistical interpretations of combi-
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1 Introduction

Traditional Chinese Medicine (TCM) is characterised by regulating the integrity of
the human body and has accumulated over a few thousand years of experience in the
use of herbal formulae for managing diseases. TCM has been widely used in ethnic
communities for the treatment of a variety of diseases and is recognised as an attrac-
tive alternative to conventional medicine (Tang and Eisenbrand 1992; Chan 1995;
Cheung et al. 2012). It is believed that within a herbal formula, the core herbs pro-
vides the main therapeutic actions, secondary herbs enhance or assist the effects of
the principal herbs and the remaining herbs play modulatory roles such as treatment
of accompanying symptoms, moderation of harshness and toxicity, enhancement of
the delivery of herbal ingredients and harmonisation (Tang et al. 1998).

Formulating herbal combinations is a methodology used in herbal medicine that
offers promising treatment over a single herb. TCM prescriptions depend not only
on the individual herbs, but the interactions among herbs within an herbal formula.
By combining herbs, it is possible to enhance superior medicinal properties while
neutralising toxic effects. With examples, this chapter describes a novel methodol-
ogy to statistically interpret the complex synergistic interactions among herbs in
Chinese herbal formulae.

Previously, the study of the roles of each herb in a 2-herb formula and their syn-
ergistic interactions were investigated. The 2-herb formula NF3 (containing
Astragali Radix (AR) and Rehmanniae Radix (RR) in the ratio of 2:1) was found to
enhance diabetic wound healing in diabetic rats through the actions of angiogenesis,
anti-inflammation and tissue regeneration (Tam et al. 2011). The diabetic wound
healing effect was attributed to the synergistic interaction between its two compo-
nent herbs, AR and RR. AR plays a preeminent role in the anti-inflammatory and
fibroblast-proliferating activities of NF3. The inclusion of RR, however, is crucial
for NF3 to exert its overall wound-healing as well as the underlying angiogenesis-
promoting effects (Lau et al. 2012).

In recent years, there has been increasing concern about the application of bioin-
formatics and systems biology approaches for deciphering the scientific basis and
the systematic features of TCM (Chen et al. 2009). Formal studies of chemical
combinations began with agricultural poisons (Poch 1993; Bliss 1939), leading to
broader pharmacological uses and drug developments (Araujo et al. 2005; Boik
et al. 2008; Lee et al. 2007), particularly addressing life-threatening diseases such
as cancer and HIV (Topaly et al. 2002). Herbal medicines have adopted these math-
ematical models in order to analyse their multi-targeted interactions (Cheung et al.
2012; Li and Zhang 2008).

Combination analysis typically utilises the classical isobolographic analysis
introduced by Loewe and Muischnek in 1926, which have been extended by several
formal methodologies to cater for variable potency ratio such as the Mixture (sur-
face response) model (Tallarida 2001; White et al. 2003), the Combination index
(CI) (Chou and Talalay 1983, 1984; Chou 2010), and the Bayesian model (Hennessey
etal. 2010). The Combination Index is the most widely used numeric test in the field
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of pharmacology, with applications primarily used for in vitro anticancer drug
testing such as cancer and HIV-1 (Tang et al. 1998; Pegram et al. 2004; Topaly et al.
2002). However, Greco describes the inherent nonlinear nature of the median-effect
plot which therefore leads to incorrect calculations of the Combination Index for
mutually non-exclusive combinations (Greco et al. 1995). The reproducibility of CI
results are also poor as observed in a re-analysis of 136 data sets where only 28 %
of results were in close agreement with the conclusions between the Chou-Talalay
approach and a log-linear based regression approach (Fang et al. 2008; Gennings
and Carter 1995). Tallarida’s regression-based surface response methodology has
found applications in toxicology, including food, drug and alcohol abuse (Lamarre
et al. 2013; Lamarre and Tallarida 2008). However, Tallarida’s methodology is lim-
ited to two herbal formulations.

This chapter will detail with examples, the innovative and comprehensive
approach to studying complex synergistic interactions among herbs in Chinese herbal
formulae. This methodology integrates the approaches from Chou’s Combination
Index and Tallarida’s surface response for application to high dimensional modelling
with statistical confidence.

2 Methodology

The innovative approach to studying complex synergistic interactions involves two
primary steps. Step 1 involves understanding the role of each individual herb of an
herbal formula in different mechanisms of action. This includes evaluating the
potential synergistic, additive or antagonistic effects using Chou’s Combination
Index (CI). Step 2 involves analysing the degrees of herb-herb interaction using
experimental designs of dose-ratio and verified by a test of significance.

2.1 Constant Fixed-Ratio Design

Experiments were designed where drugs were administered in a constant fixed ratio
to simplify the analysis of synergy. Both the Danshen-Gegen (DG) combination and
Epimedii Herba—Ligustri Lucidi Fructus—Psoraleae Fructus (ELP) combination were
administered in amounts such that the proportion of each herb remained at a constant
at 7:3 (according to traditional formula ratio) and 5:4:1 (according to our previous
study (Siu et al. 2013)) ratio, respectively. This ratio design added to unity to allow
an analysis of each constituent as a function of the proportions in the combination.

In this fixed-ratio design, the herbal constituents are administered in amounts
that keep the dose proportions constant. According to Tallarida (2000), the benefit
of fixed-ratio design can simplify the analysis of the data, and the results can be
translated to production as manufactured combination product often has constant
proportion of the ingredients.
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Dose concentrations were organised such that doses were serially doubled on
each increment. In regards to DG’s effects, cells were treated with 5 increasing
doses on nitric oxide (NO) production, 4 increasing doses on foam cell formation
and 7 increasing doses on vSMC proliferation (Cheung et al. 2012). In regards to
ELP’s effects on osteoblast formation, rat bone mesenchymal stem cells were treated
with 4 increasing doses of different combinations of herbal treatment. The bone
formation marker, alkaline phosphatase activities (MSC-ALP) were determined at
day 5. Details of the cell culture procedure, osteogenic differentiation and enzyme
activities determination are described in our previous report (Siu et al. 2013).

2.2 Application of Chou’s Combination Index

Dose-effect relationships were firstly analysed using the median-effect method
described in (Chou and Talalay 1984; Chou 2010) as a preliminary numeric test.
The Combination Index (CI) defines synergy as CI<1 and antagonism as CI>1
with respect to the additive effect (CI=1). The CI was calculated using the
‘CalcuSyn’ software (Chou and Hayball 1996) according to the classic isobologram
equation for n drugs described in Eq. 1

ey

In Eq. 1, the denominator is the sum of (EDsg);, (EDsp),, ... (EDs), each of
which represent the doses of constituent 1, constituent 2, ..., constituent n acting
alone that is required to produce a chosen effect level (usually EDsj). The numerator
is the sum of each constituent dose D;, D,, ... D, as they act in combination to pro-
duce the same x % effect in the experiment where x is typically 50 %. The EDs,
benchmark is typically used to ensure a half maximal effective dose for 50 % of the
population. However, in herbal formulations, hebs have an inherent low-performing
overall effect in the system in which they interact. This is because herbs do not have
strong targeted effects, but moderately-strong multi-targeted effects. Consequently,
for herbal formulations, ED,s is a more appropriate benchmark for herbal combina-
tions. Chou’s CI analysis is manipulated in this methodology as a means of elimi-
nating combinations that displays strong antagonism, particularly if the herbal
combination is high in dimension.

2.3 Extension of Tallarida’s Regression

Following preliminary analysis with Chou’s CI analysis, the synergistic effect can
subsequently be tested for statistical significance by extending Tallarida’s
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regression model as described in (Chau et al. 2013). Tallarida’s methodology
involves comparing the expected additive effect curve Z,,, with that of the experi-
mental combination curve Z,,;, on an effect versus log(dose) curve. Z,;, can accord-
ingly be tested against the reference curve in order to observe if the curve
significantly falls above the additive line (synergistic), below the additive line
(antagonistic) or close to the additive line (additive). This test can equivalently be
expressed in Egs. 2 and 3.

synergism: Z . <Z . @
sub additive: Z  >Z., S

To test if the interaction is statistically significant, a #-test based on the difference
of two means is used, described in Eq. 4.

o> 1] 0)

where

1, (SE, )
(SE,) +(SE,)

X = log Zadd Y = log Zmi)c

Following the determination of synergy, it is useful to explore the interactions of
each combinatory subset to determine the optimal synergistic subset and thus infer
the principal herb in the combination. The degree of interaction of each combina-
tion involves calculating the marginal contribution of each combination as defined
in Eq. 5:

n
(alaz...an)margml = (=)' (na, +na, +...+na,)—(aa,...a,)

= n+l-i (. ©)
S,

where

n—i n-1

i ~TOTTTTs0)

i=1 k=2 j=i+l
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and
n=number of drugs (or number of dimensions)
s=set of drugs: a,,a,, ...,a, in the proportion n;:n,:...:n,=1

n+n,+...+n =1

This extension to Tallarida’s methodology allows for the analysis of the degree of
interaction within combinatory subsets of the herbal formulation as well as the statis-
tical significance of the interaction. Overall, the higher dimensions model involves
first utilising Chou’s Combination Index to eliminate strong antagonistic combina-
tions, followed by the extension of Tallarida’s regression methodology to verify the
type of interaction within combinatory subsets and testing for statistical significance.

3 Application of Methodology

Application of the higher dimensional model and test is described with two real-
world dataset examples. The two-herb formula DG (Danshen and Gegen in the ratio
of 7:3) and the 3-herb formula ELP (Epimedii Herba (E) and Ligustri Lucidi Fructus
(L) and Psoraleae Fructus (P) in the ratio of 5:4:1) will be used to illustrate its appli-
cation. From the analysis of the type and degree of interaction within combinatory
subsets, it is possible to infer both the optimal synergistic subset and the principal
herb responsible for effective treatment.

3.1 Descriptive Statistics

Prior to analysis, information can be inferred from descriptive statistics of the raw
data. In reference to Cheung et al. 2012, the Danshen—Gegen (DG) combination
was used to treat anti-inflammation, anti-foam cell formation and anti-vSMC prolif-
eration. The dose response curve of DG is generally observed to be synergistic in
the suppression of LPS-induced NO production as DG lies significantly above both
the individual herbs D and G. Slight synergistic effects is observed for the inhibition
of foam cell formation as the DG curve closely models the D curve, and only slightly
outperforms D under EDy,. With respect to the inhibition of vSMC proliferation,
antagonistic interaction is generally observed as DG underperforms herb D. It can
therefore be generally concluded that the combination effects of DG in anti-
inflammation, anti-foam cell formation and anti-vSMC proliferation were found to
be synergistic, additive and antagonistic, respectively.

Similarly, descriptive statistics can be performed on ELP data. Data collected for
ELP and their effects on osteoblast differentiation (MSC-ALP activity) can be sum-
marised in Table 1. The effect at dose zero (control) was discounted from the
remaining effects to ensure that any effects attributable from the background effects
have been discounted.
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Table 1 Dose-effect data averages for osteoblast differentiation (MSC-ALP activity)

Dose Effect
(pg/ml) ELP EL EP LP E L P
100 57.9920 79.6640 18.2787  114.6415 39.5322  34.0054 1.7749
50 459803 58.1416  -3.0944 43.6250 32.6969  35.8403 -5.9106
25 32.5216  27.6973 2.0927 26.0187 8.0427  21.5528 -12.7936
12.5 24378 -2.1078 -5.2552 17.0867  -15.1272  12.8551 -6.8357
0 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
LP Dose-effect curve
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Fig.1 Dose-effect curve for osteoblast formation (MSC-ALP activity) generated from CalcuSyn.
*Effects <0 were reset to 1E-7 and effects >1 were reset to 0.9999999 due to the limitation of
CalcuSyn in handling effect data that does not lie in between 0 and 1 exclusive. **Herb combina-
tion EP and herb P are not shown as they are slowly increasing curves that resemble a horizontally
flat line at effect O

Table 1 can be summarised in the dose-effect curve shown in Fig. 1. In Fig. 1,
herb P and herb formulation EP are not shown as their performance are lower than
the control scenario of no herbs. This horizontally flat curve will affect the standard
deviation of herb combinations that consist of P or EP interactions. This is because
Tallarida’s regression depends on the prediction of dosage levels at a certain ED
value. If the dose-effect curve is relatively flat, the predicted dosage at any ED value
will be largely extrapolated and thus lack statistical confidence. Difficulties will
therefore arise in concluding if synergistic interactions exist in larger combinations.
For example, ELP may conclude to be synergistic from regression, however, a sta-
tistical test will reveal that herb P’s presence will significantly affect the statistical
significance of ELP usage. This may include the effect of falsely shifting down the
ELP curve further than what is theoretically expected. Herb P is therefore more
likely to create a false antagonistic effect due to the large amount of variance it car-
ries. Further, from Table 1, it is indicative that herb P does not distinctly or directly
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affect osteoblast formation. Consequently, any statistical conclusion should be used
with care as the statistical power will be considerably low. It is clear that a relatively
flat dose-effect curve will hinder the statistical validity and conclusions of interact-
ing components.

It is also observable from Fig. 1 that herb combination LP demonstrates a strong
exponentially increasing relation to treating osteoblast differentiation, followed by
herb combination EL. In terms of synergistic interaction, ELP is observed to outper-
form herb L at approximately ED,s and underperform herb E at approximately
ED;s. An initial additive assumption is therefore assumed with the ELP herb com-
bination in osteoblast differentiation. Nevertheless, regression analysis is performed
on the data to reveal interesting interactions not dependent on the high standard
variation of the herbs. However, further pharmacological tests and inferences are
required to deterministically describe in vitro interactions.

3.2 Calculation of the Combination Index (CI)

In application of the herbal combination at EDsy, Chou’s Combination Index is gen-
erated as below using CalcuSyn. The numerator holds the dosages of drug E, L and
P acting in combination to inhibit 50 % effectiveness. The denominator holds the
dosages of drug E, L and P acting along to inhibit 50 % effectiveness.

(DSU )ELP(E) (D50)ELP(L) (DSU )ELP(P)

Cl = + +
(EDy,), ~ (EDy),  (EDy),

Extending DG Combination Index analysis to include similar ED ranges, the
results can be summarised in Table 2. Anti-inflammation demonstrates increasing
synergy as the effect level increases, while anti-vSMC demonstrates increasing
antagonism. Anti-foam cell formation however, demonstrates synergy when beyond
EDs,. Though the Combination Index analysis lacks statistical validity, the calculated
CI for the DG combination lies in the experimented dosage range. Thus, there is

Table 2 CI results for DG (Danshen—Gegen) in treating: anti-inflammation (Assay I), anti-foam
cell formation (Assay II) and anti-vSMC proliferation (Assay III) (Cheung et al. 2012)

Assay 1 Assay 11 Assay III
ED values CI Dose CI Dose CI Dose
ED,s 0.9152 0.31 1.9430 0.29 3.7103 0.03
EDs 0.7500 0.54 1.0300 0.34 2.0200 0.08

ED;s 0.6471 0.93 0.8529 0.41 4.3827 0.25
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Table 3 Combination Index results based on data averages of osteoblast differentiation
(MSC-ALP activity)

ELP EL EP LP
Dose Dose Dose Dose
ED values CI (ug/ml)  CI (ug/ml)  CI (ug/ml)  CI (pug/ml)
ED»;s 1.3578 34.70 1.9430 50.39 3.7103  218.30 0.5692  20.05
EDs, 1.1765 63.49 1.0490 58.06 4.0323 277.81 0.1294  23.10
EDys 1.5247 116.16 0.8529  66.90 4.3827 353.54 0.0368  26.60

some confidence in the identified synergistic interactions, as opposed to extrapolated-
based CI values.

The Combination Index results for the ELP combination can be summarised in
Table 3. Due to the large variation in the raw data, especially with herb P’s effects,
data averages were used to calculate the CI as opposed to using the complete
dataset.

From Table 3, several different types of interactions can be observed. In particu-
lar, it is observed that the ELP combination varied its direction around the additive-
antagonistic line. This is justified from Fig. 1 where the interactions of ELP lied
between herb L at lower effect levels, and herb E at higher effect levels. Combination
EL generally observed synergistic effects beyond EDs, and continued to increase at
higher effect levels. Combination EP however, demonstrated continued strong
antagonism as the effect levels increased such that in order to reach ED,s, a large
dose of 218.30 pg/ml is required, exceeding the dose regimen of the experiment.
This out of range value is expected as EP demonstrated a relatively flat dose-
response curve in Fig. 1. Finally, combination LP demonstrated significant syner-
gistic effects, approaching the ideal zero CI value at a rapid rate.

3.3 Regression Analysis

In application of both DG and ELP formulations, each experimental combination
was analysed via regression to estimate their ED5, doses and variance. Cheung et al.
(2012) outlines the initial steps to determining G’s dose at EDs,. As doses were
doubled on each increment, a log transformation of base two was used to ensure the
linearity of the data analysis, and thus maintaining the validity in extending upon
Tallarida’s methodology. With reference to the supplementary data presented in
Cheung et al. (2012), a statistical test of significance can be performed on DG’s sup-
pression of NO production.
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Table 4 Regression coefficients and EDs, data for experimental osteoblast differentiation (MSC-
ALP activity) results

ELP EL LP EP E L P
Observation 48 32 32 32 16 16 16
s 32220  42.089 42.368 34.845 9.536 13.062  12.452
a -57.642 -100.998 -109.256 -30.643 -80.208 -13.389 -22.234
p 17976  27.576 31.027 6.541 18.863  7.774 3.272
log ,(Herb) 5.988 5.476 5.133 12.328 6.903 8.154 22.080
Herbs, 63.475  44.499 35.085 5,141.425 119.656 284.861 4.43E+06

Valueof Dat ED,; : Y =52.5503 +63.2619 Log (dose)
= Log(EDy, ) =-0.0403%0.1516
= D,, =0.9114+0.3178

Valueof Gat ED,, : Y = 46.9808 + 51.5477 Log (dose)
= Log(EDy, ) =0.0586+0.1336
= D,, =1.1444+0.3515

Value of DG at ED,,(Z,,.): Y =71.3030+72.7996 Log (dose)
= Log(Z,, ) =-0.2926+0.0529

=7, . =0.5098+0.0620

mix

Z ., =09114x0.7+1.1444x0.3 = 0.9813 +0.2462
t'=7.5179,T = 2.0508

Since Z;x (0.5098) <Z.44 (0.9813), this indicates the DG combination is syner-
gistic. Further, the #-test criterion is satisfied |t] (7.5179) >T (2.0508), indicating the
DG synergistic interaction is statistically significant. Applying this high dimen-
sional regression model on the ELP combination, the regression coefficients on the
effect versus log(dose) curve can be summarised in Table 4. Regression at dose zero
is ignored as there are no observed effects (NOEL) at any biologically significant
endpoint.

Continuing with the ELP example, the regression equation can be expressed as
Y=-57.642+17.91og»(doseg; p). Solving for dose; p (or Z,,,) gives a dose of 63.475
at EDs,. The standard error corresponding to the dose is 47.329, calculated using

_\2
211 (Herb—logdose)
SE,, =2.3-Herby, |—|—+

B | N S

XX
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where N represents that number of observations and logdose is the mean of dosage
data that have utilised the log transformation.

With the experimental values calculated, the additive reference curve can be
computed by weighting the individual herbs in a 5:4:1 ratio, Z,4=0.5E+0.4L+0.1P
where E, L and P are the doses derived from regression analysis at EDs,. At EDs,
Z.a=443E5+147E7 where the standard deviation SE(Z,4) was calculated by
weighting the standard error of the participating herbs, variance V(Z,4)=0.52SE;+
0.4?SE, +0.12SEp.

Testing for synergy, it is observed that Z,;, <Z,,, and thus, ELP is synergistic at
EDs,. To test the statistical significance of this synergy, the #-test described in Eq. 4
is applied

log(4.43E5)—1log(63.475)
1.47E7 Y L[ 47429 :
2.3%4.43E5 2.3%63.475

[ o (1-a)-(14.44) ~1,, , (1-a)-(0.324)°
(1.44.44)" +(0.324)’

where a is the significance level used to compute the confidence level of (1 —o)%.
In this example, a=5 % is used.

Note the denominator on the LHS has terms log(SE(Z,,;)) and log(SE(Z,;.))
where the latter is equivalent to dividing the SE(Z,;,) term by 2.3 and the Z,,;, term
at the desired ED value.

Evaluating the #-test, ¢'(0.8841) <|T(2.0154)|, indicating that the ELP interaction
is not statistically significant at EDs,. This indicates the ELP ratio combination has
a sub-additive effect on osteoblast differentiation. The regression methodology of
calculating doses at EDs, identifying synergy and testing for significance can be
repeated for several ED values, summarised in Table 5.

From Table 5, it is observed that synergy is present at ED,s;, EDs, and ED-5 for
all combinations of ELP, EL, EP and LP. However, this synergy is only statistically
significant for EL. combinations. Comparatively, Chou's CI from Table 3 indicates
synergy with ELP, EL and LP for EDs, and ED;s levels. The test of statistical sig-
nificance from regression analysis highlights the importance of a statistical test in
analysing significance. Otherwise, Chou’s CI results will produce two false syner-
gistic interactions (ELP and LP). In addition, LP showed synergy at ED,s. Though
LP demonstrated clear synergy in Fig. 1, herb P and its large standard error
impacted on the statistical significance of LP, thus attributing a large variance in
LP’s Z 4, value. A summary of the interacting herbs and its statistical significance
is shown in Fig. 2.
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Table 5 Determination of interaction and testing for significance for osteoblast differentiation
(MSC-ALP activity)

Mix EDy, Zmix Z.aa t-test

ELP ED,;s 24.2073+16.0326 2,255.72+£4.07 x 10* t'(0.8339)<|T(2.0154)|
EDs, 63.4753+47.3287 443x10°x1.47x10* 1'(0.8841)<|T(2.0154)|
EDys 166.443+221.37 8.85x107+4.26x 10° £'(0.9080)<|T(2.0154)|

EL ED,;s 23.7380+16.5637 40.1535+15.7349 1'(2.1794)>|T(2.0423)|
EDs, 44.4993 +28.8061 193.080+351.170 t'(2.5099) > |T(2.0423)|

ED;s 83.4186+77.2535
EP ED;s 363.594+2,495.70
EDs, 5,141.42+£7.24x 10*
ED;s 7.27%x10*+£1.56x 10°
LP ED,;s 20.0712+13.8007
EDs, 35.0855+19.4806
ED;s 61.3313+41.7771

1,342.93+6,432.15
3,739.10+£6.78 x 10*
7.39%x10°+£2.45% 107
1.48x10%+7.11x 10°
4,463.70+8.13x 10*
8.87x10°+2.95% 10’
1.77x108+8.53x 10°

1'(1.8901)<|T(2.0423)|
1'(0.3989)<|T(2.0423)|
1'(0.4568) <|T(2.0423)|
1'(0.4794) <|T(2.4486)|
1'(0.9833) <|T(2.4486)|
1'(1.2174)<|T(2.4486)|
1'(1.0248) <|T(2.4486)|

Fig. 2 A summary of the interacting combinatory subsets within ELP and its effect on osteoblast
differentiation (MSC-ALP activity). For combinatory sets, the inner line represents the type of
interaction: synergism (solid line) or antagonism (dashed line); and the outer line represents the
statistical significance: not significant (dashed line) or statistically significant (thick solid line). For
single components, a dashed line indicates the component performed worse than the control and a
solid line indicates the component performed better than the control

As a post-processing step, the marginal contribution for each combinatory subset
can be calculated to describe the role of interacting herbs. The marginal contribution
for the ELP formulation is summarised in Table 6. It is observed that all pairwise
interactions are synergistic while the three-way interaction is antagonistic. As both
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Tabl(? 6 ‘Marginal Marginal Interaction Rank

contrlp ution of ELP LP 8.87E5 Synergistic 1

combinatory subset for o

osteoblast differentiation EP 7.34E5 Synerg}“?C 2

(MSC-ALP activity) EL 1.49E2 Synergistic 3
ELP —-1.18E6 Antagonistic 4

Tables 4 and 5 agree in the antagonistic interaction of ELP, this implies that the
interaction on the third dimension is predominately derived from the three-way
interaction, over-riding any synergistic interacting pairwise combinations. As the
marginal interaction calculation extends upon regression analysis, herb P’s large
standard error will further affect the magnitude of the marginal interaction. In par-
ticular, combinations involving herb P will always have a large magnitude and rank,
and thus lack in statistical confidence. It is only combination EL that has some sta-
tistical confidence in its synergistic interaction. As a consequence, the large syner-
gistic pairwise contribution combined with the dominant three-way antagonistic
effect gave an overall antagonistic ELP interaction. Similarly, as EP is demonstrated
to be antagonistic from both CI and regression analysis, but synergistic in marginal
contribution, this indicates that EP is dominated by the individual effects of herbs E
and P. The interaction between EP, though synergistic, is not large enough compared
to the individual interaction. Thus, ELP has an overall antagonistic effect.

Observing the magnitude or rank of the pairwise synergy within ELP from
Table 6, this suggests that the optimal synergy lies in the two dimensional LP com-
bination. Further analysing the rank of the pairwise interaction, herb P appears in
both the first and second rank. This suggests that herb P may be the principal inter-
acting drug in the combination. This is against preconception as herb P demon-
strated a relatively flat dose-response curve in Fig. 1. Referring back to Fig. 1 and
analysing the individual herbs at EDs,, herb L is a more consistent performer than P,
responsible for the overall synergy of LP and EL.

By combining Chou’s Combination Index and the extended Tallarida’s method-
ology, it was possible to identify the type of interaction and test for statistical sig-
nificance. Application to the DG and ELP combinations demonstrated the feasibility
of applying this high dimensional model and test to describing the effects between
interacting components. Post-processing interacting combinatory subsets further
illuminated the mechanisms and roles each herb plays in a specific combination.

4 Discussion

Application of the higher dimensional model has some inherent limitations, particu-
larly as it was designed primarily for pharmacological use in drug development.
Issues may also arise with application to combining herbs and their inherent low-
performing nature. Nevertheless, the combined framework of Chou’s CI and
extended Tallarida’s test aids in the understanding and difference between effective-
ness and marginal contribution.
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4.1 Pharmacological Usage

The integrated Chou and Tallarida model was designed for pharmacological use
and may therefore experience issues with accuracy and validity on application to
more complex systems. Though an herb may be underperforming or vary in per-
formance and reliability does not necessitate the removal of that herb. As the
body is a complex system, an herb combination with an outlier herb that may not
be core in one treatment, may be core in another treatment. This is the whole
basis of herbal treatment, affecting multiple areas of its environment. As the body
is a multi-targeted and multi-outcome environment, herb combinations may be
helpful in affecting other interacting components of the environment. As high-
lighted in Chau et al. (2013), the higher dimensional model is designed for phar-
macological use, performing more accurately in in vitro studies for the purpose
of drug development.

4.2 Low Performing Herbs

When analysing the ELP formulation, it was observed that herb P’s low-performing
effects affected the statistical validity of analysing any formulations consisting of
herb P. Herb P and any other herb that underperforms compared to the control vari-
able and demonstrates a relatively flat dose-response curve will always affect the
standard error of any preceding results. If an herb has difficulty reaching the EDs
value, this means the derived calculations used in analysis will be a large extrapo-
lated result with little confidence. One such consequence of an estimated result is
that false synergistic interactions may be detected. As the regression analysis
depends on both Z,44 and Z;, of which Z,44 has been severely compromised in terms
of statistical validity, regression calculations will always claim synergistic results.
The criterion after all observes Z,;, < Z,4. However, it is not until the test of statisti-
cal significance that the false synergies are exposed. This test then concludes any
false interactions as a questionable interaction termed "sub-additive"; not purely
antagonistic, but at best, sub-additive. A low-performing herb therefore poses chal-
lenges in statistical validity, but when mixed with certain drugs, the reliability and
standard error may become stable.

Due to the low-performing and off-target nature of herbs in contrast to western
medicine, the notion of EDs, is not as important in analysis. Though combined
interactions may enhance a beneficial effect, these off-target herbs may still never
cumulate to effects as great as EDs,. Thus, when analysing herbal combinations, if
EDs is not statistically relevant, analysing between ranges ED,, — ED;, may be
more realistic. Herbs generally work as an overall well-being treatment and thus
less restrictive ED ranges should be used for analysis.



An Innovative and Comprehensive Approach in Studying the Complex Synergistic... 187
4.3 Effectiveness Versus Marginal Contribution

Evaluating combinations at higher dimensions observed a difference between
effectiveness and marginal contribution. In terms of effectiveness, formulations EL
and LP demonstrated overall synergistic effects, though LP with a smaller level of
confidence. In terms of marginal contributions, LP, EP and EL demonstrated syner-
gistic pairwise effects. This difference aids in the understanding of higher order
interactions. For example, a synergistic interaction may involve competing lower-
order interactions, involving either synergistic or antagonistic interactions, with a
dominant synergistic subset. An antagonistic interaction may also be made up of
synergistic interacting pairs, but the dominant interaction is the individual herb.
Where an antagonistic interaction is made up of synergistic interacting subsets, this
can indicate that there exists a smaller and more effective subset involving fewer
herbs that is more optimal in treatment. By analysing both effectiveness and mar-
ginal contribution, an indication of the core herbs can be deduced.

5 Conclusion

In the multi-targeted in vitro studies, we have integrated the use of the Combination
Index and a statistical test to demonstrate not only the effectiveness of the combined
use of herbs, but of the variation of their relationship on each mode of action. We
report one of the first applications of statistical interpretations of combination
effects of herbs in complex herbal formulae and the feasibility of applying this
methodology in combinatory study of herbs. This study not only highlighted the
potential herbal combinations of DG (Danshen and Gegen) and ELP (Epimedii
Herba, Ligustri Lucidi Fructus and Psoraleae Fructus), but the design of future
promising and low-cost means of novel drug discovery.
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Data Mining in Real-World Traditional
Chinese Medicine Clinical Data Warehouse

Xuezhong Zhou, Baoyan Liu, Xiaoping Zhang, Qi Xie, Runshun Zhang,
Yinghui Wang, and Yonghong Peng

Abstract Real-world clinical setting is the major arena of traditional Chinese med-
icine (TCM) as it has experienced long-term practical clinical activities, and devel-
oped established theoretical knowledge and clinical solutions suitable for
personalized treatment. Clinical phenotypes have been the most important features
captured by TCM for diagnoses and treatment, which are diverse and dynamically
changeable in real-world clinical settings. Together with clinical prescription with
multiple herbal ingredients for treatment, TCM clinical activities embody immense
valuable data with high dimensionalities for knowledge distilling and hypothesis
generation. In China, with the curation of large-scale real-world clinical data from
regular clinical activities, transforming the data to clinical insightful knowledge has
increasingly been a hot topic in TCM field. This chapter introduces the application
of data warehouse techniques and data mining approaches for utilizing real-world
TCM clinical data, which is mainly from electronic medical records. The main
framework of clinical data mining applications in TCM field is also introduced with
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emphasizing on related work in this field. The key points and issues to improve the
research quality are discussed and future directions are proposed.

1 Introduction

As a system of healing and treatment, Traditional Chinese Medicine (TCM) has a
long history in Chinese society (Anonymous et al. 2003). The philosophy of TCM
very much reflects the classical Chinese belief that the life and activity of individual
human beings has an intimate relationship with the environment. In TCM, the gen-
eral principle of health and the ultimate goal of treatment are to maintain the bal-
ance of yin and yang (WHO Regional Office for the Western Pacific 2007) inside
the human body. TCM defines a different methodology and approach for disease
diagnosis and treatment, which has been widely accepted in China (Robinson 2006;
Stone 2008; Tang et al. 2008a). The reported data of the National Bureau of Statistics
of China in 2007 (The National Social Statistical Data of China 2007) shows that
there are 2,720 TCM hospitals and 123,760 TCM clinicians (including physicians
and apothecaries) in China. In 2007, the number of inpatients in TCM hospitals
reached 6,930,000 and the number of visits to outpatients and emergency cases is
about 2,210 million. Even the doctors trained in modern western medical programs
in China consider that Chinese herbal medicine is safe and would like to use them
to supplement western medicine in treating patients with chronic or intractable ill-
ness (Harmsworth and Lewith 2001).

In the past decades, TCM has been increasingly adopted as a complementary
medical therapy around the world (Barnes et al. 2004; National Center for
Complementary and Alternative Medicine 2008). Actually, TCM has been success-
fully applied to the treatment of various complex diseases (Flaws and Sionneau
2005), such as cancer (Konkimalla and Efferth 2008), rheumatoid arthritis (Rao
et al. 1999), promyelocytic leukemia (Wang and Chen 2008; Wang et al. 2008),
migraine (Diener et al. 2006; Bensoussan et al. 1998), and irritable bowel syndrome
(Tsang 2007), and its effectiveness has been validated in modern clinical or labora-
tory studies. However, establishing a practical and rational efficacy assessment sys-
tem is a vital issue if TCM is to be widely accepted and used (Xie and Gao 1994).

It is widely accepted in China that TCM and modern biomedicine are mutually
beneficial and complementary in generating an understanding of the body and of
disease phenomena (Chen et al. 2006). It is hoped that the integration of TCM and
modern medical therapies will provide great possibilities for developing novel
methods of disease treatment (Tu et al. 2008; Liu et al. 2004). One example is the
integrated use of TCM and modern medicine in the treatment of SARS, which has
proved to be more effective than the use of modern therapies alone (World Health
Organization 2004).

Since 2003, there developed several basic TCM databases, such TCM biblio-
graphic literature database, herbal medicine database, disease database and ancient
literature database, for literature search and data sharing (Zhou et al. 2010a). Various
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computing and statistical methods have been used in TCM clinical studies, clinical
decision support, and TCM knowledge discovery using these available data sources
(Lukman et al. 2007).

Recently, evidence-based discovery using electronic medical records or electronic
health records has been increasingly recognized as a necessary approach to explore
the complicated regularities of disease phenomenon and the corresponding therapies.
However, as a most important component of TCM data, due to the difficulty of data
curation, large-scale clinical data (mainly from electronic medical records) has not
been recognized and explored as important data mining data source until in recent
years. Therefore, developing a TCM clinical data warehouse platform would be the
essential task for large-scale TCM clinical data management and analysis.

Data warehouse (Inmon 2002) is a technical solution for immense data storage,
management and processing. The increased demands on financial analysis
(Silver et al. 2001), disease control (Wisniewski et al. 2003), clinical decision pro-
cess (Banek et al. 2006), adverse drug events control (Einbinder and Scully 2002),
laboratory test data analysis (Allard et al. 2003), information feedback for hospital
practice management (Granta et al. 2006), large-scale radiologic and pathologic
data management (Rubin and Desser 2008) and clinical data mining (DM) (Lyman
et al. 2008) in healthcare have given rise to the research and development of clinical
data warehouse (CDW). Clinical data warehousing is a difficult systematic task with
many particular complicated issues, such as many-to-many relationships, entity-
attribute-value (EAV) data structure and bi-temporal data (Pedersen et al. 1998). In
this chapter, we intend to introduce the clinical data warehouse platform to integrate
the clinical data from disparate data sources in different hospitals. The real-world
data mining issues in clinical data warehouse are discussed and the related work
using real-world clinical data are introduced. Due to the task disparity and heavy
burden of practitioners in clinical environments, data quality would be one of the
major issues to use data directly generated from clinical settings. Furthermore, data
directly from real-world patients incorporates rich clinical phenotypic features at
the individual level. Therefore, TCM clinical data would contain important pheno-
typic features to be used for phenotype-genotype association research.

2 TCM Clinical Data Warehouse: Platform
and the Related Key Components

Data integration of medical data storage is challenging, hence the data warehouse
architectures (Sahama et al. 2007) were studied to propose practical solutions to
tackle data integration issues. Based on the TCM clinical reference information
model (RIM), we introduce a data warehouse solution to process and analyze the
large-scale TCM clinical data sources (Zhou et al. 2010b).

Compared with the clinical data of modern medicine, TCM clinical data have
the distinct and significant information contents, such as symptom and sign, syn-
drome, formula and herb, as the core components. Moreover, the symptom and sign
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information with systematic description is the foundational information for syn-
drome diagnosis. Therefore, the medical record containing symptom and sign
should be structured and relationally stored. However, the structured data entry of
electronic medical record (EMR) is still a research issue that needs to be further
explored (Los et al. 2004), and the manual structured medical record data entry is a
labor-intensive task. Hence, although the free text in EMR data need further infor-
mation extraction are in huge scale, the collected structured EMR (SEMR) data in
medical domain are still very rare.

In 2002, we have developed a TCM SEMR system (Li et al. 2005a), which stores
the SEMR data (e.g. the clinical events and entities contained in the chief complaint,
histories and progress notes) in relational database. Using the SEMR system, we
have manually collected about 50,000 inpatients data of diabetes, coronary heart
disease (CHD), stroke and hepatitis from TCM hospitals or TCM wards. In addi-
tion, over 50,000 outpatient data cases, which record the outpatient clinical encoun-
ters of 48 highly experienced TCM physicians were collected. Furthermore, we
have a systematic study on the TCM clinical terminology and nomenclature (Guo
et al. 2007) to facilitate the data entry and standardized representation of structured
information elements. To utilize and analyze the TCM clinical data for research
purposes, we have developed a clinical data warehouse (CDW) system to support
medical knowledge discovery and clinical decision making. By comprehensive
analysis of the characteristics of TCM clinical data structure and the subjects of
TCM clinical research topics, we have designed the RIM, the physical data model
and the multidimensional data model for CDW. Meanwhile, we have developed an
extraction-transformation-loading (ETL) tool, called medical integrator (MI), to
take the tasks of clinical data integration, data cleaning and preprocessing. We have
also integrated the DM systems, namely Oracle data miner (ODMiner) (Oracle data
miner) and Weka (Witten and Frank 2005), and the business intelligence system
(BusinessObjects) (BusinessObjects) to implement a TCM clinical intelligence
analysis platform with data mining and online analytical processing (OLAP) abili-
ties. Moreover, we have studied on the complex network phenomena of TCM clini-
cal data (Zhou et al. 2007), and found that it will be a promising approach to analyze
the TCM clinical data from complex network perspective. Currently, we have devel-
oped a complex network analysis (CNA) system, called Liguorice (previous named
TCMNetBench), to automatically construct the corresponding network models and
directly analyze the data from the CDW. In this section, we would introduce the key
components of the TCM CDW (Fig. 1 depicts these key components).

2.1 Data Model of CDW

Information model design is the vital step of TCM CDW development. Medical
information model like HL7 RIM (HL7 reference information model) is a compli-
cated system with various classes and relationships to support general medical opera-
tional processes. The semantic network of unified medical language system (UMLYS)
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Fig. 1 The technique infrastructure of TCM clinical data warehouse

(Lindberg et al. 1993) is considered as the distinguished medical ontology in modern
biomedical science, whose semantic types and structures proposed a global concep-
tual view of the medical terminologies. The main aim of UMLS is to bridge the gaps
between different terminological systems used in the medical literature.

To help store the data elements for TCM clinical research using EMR data, we
designed an information reference model to incorporate main information catego-
ries and the related elements with regard to clinical events and activities, and the
related entities like patients, herbs and clinical terminologies as well. We consider
that the main objective of TCM clinical research is to investigate on the relation-
ships between different entities in each event and the relationships between different
events. Therefore, we regard the clinical information as various kinds of events
(phenomenon and activity), and in each event there have several conceptual entities
and physical entities participated at a specific time point or in a time interval. More
detailed description could refer to the published article (Zhou et al. 2010b).

Due to the variable and various kinds of manifestation information in clinical
data, the EAV data model is preferred in the health-care information system. We
also have implemented the TCM SEMR system based on EAV data model. In the
EAV data model, each row of a table corresponds to an EAV triple: an entity, an
attribute, and the attribute value. For example, the entity “patient” can have the attri-
bute “postprandial blood sugar”, a laboratory test result with a float value of 13.5.
The EAV model facilitates the regular operations in health-care information system.
In addition, it is flexible to be used in the data analysis applications. Hence, we also
use EAV model to materialize all the phenomenon classes in physical data tables.
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The activity class is defined to capture the information of clinical process and
treatment. It is similar with the act class in HL7 RIM (HL7 reference information
model) except that the activity class focuses on defining the factual actions, which
have happened, it does not include the actions of happening or scheduled to happen.
This is also fit for the research purpose of the clinical RIM since we aim to propose
a general RIM for data analysis and clinical research. The information of the activ-
ity class will record the information content like “when and where the activity is
performed”, “who performs the activity” and “what has been conducted in the activ-
ity”. The activity class includes the sub-classes such as registration, examination,
laboratory testing, diagnosis, treatment and follow-up visit. Some of the result
information of the sub-classes, namely examination, laboratory testing, diagnosis,
treatment and follow-up visit will be recorded in the corresponding sub-classes of
phenomenon. However, the prescriptions and therapies of treatment activity are
directly defined as the sub-classes of treatment class because these information cat-
egories are regarded as the concrete contents of treatment.

There are two kinds of entity classes, namely conceptual entity and physical
entity, in the clinical RIM. These two entity classes aim to define the elementary
information classes, such as physician, patient, symptom, and disease in the clinical
data. The conceptual entity class defines the conceptual or functional abstract enti-
ties, and the physical entity class represents the substantial and physical objects in
the clinical data. The conceptual entity class gets the standardized terminology sup-
port from the existed clinical terminology systems such as UTCMLS (Zhou et al.
2004), TCM clinical terminology and nomenclature (Guo et al. 2007) and ICD-10
(it is inherited from the SEMR system). Because of the mixture of TCM and modern
medical concepts and methods in current TCM clinical processes, some sub-classes
of conceptual entity class like disease are also the mixture of TCM and modern
medical classes. For example, we have defined two distinct disease classes, namely
TCM disease and modern disease, in the model. The former represents the disease
concept in TCM, while the latter is the modern medical concept. It is worth men-
tioning that the conceptual entity classes would be materialized as dictionary tables
in the physical data model in data warehouse. The physical entity class defines the
physical and substantial objects involved in the clinical practices. The sub-classes
like patient, physician and medication are the core entities. The medication class
includes the herb, Chinese traditional patent medicine and drug sub-classes. These
sub-classes would be materialized to dictionary tables, in which some of the fields
get the standardized terminology support from the conceptual entity class, such as
herb effect and herb nature. Therefore, we construct the TCM RIM with an abstract
level and granularity fitting for the TCM theoretical research purpose. The informa-
tion classes like roles of HL7 RIM, which are mainly to support the clinical opera-
tion management, are not considered. We have the more detailed description of the
RIM in the work (Zhou et al. 2007). Based on the defined information model, we
have designed the physical data model to manage the detailed TCM clinical data
from the heterogeneous operational data sources. The physical data model has 18
core physical data tables such as patient, clinical registration, diagnosis, clinical
finding, laboratory test, order, clinical formula, drug, herb, progress notes and scale.
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These core tables provide the storage schema for the detailed clinical data.
Furthermore, to support the multidimensional analysis tasks such as OLAP, we have
designed several core relational multidimensional data models as the basis of data
marts. There are several significant subject analysis applications for TCM clinical
research purpose, which have the corresponding relational multidimensional data
models such as clinical formula, clinical diagnosis and clinical finding. For exam-
ple, the clinical formula relational multidimensional data model is defined in snow-
flake schema, which has a clinical formula fact table with several related dimensional
tables like patient, physician, time, diagnosis, herb and therapeutic method. The
herb dimension is further normalized into multiple related tables such as herb nature
and flavor table, herb efficacy table and herb channel entry table. The formula data
model is used for the clinical formula prescription data analysis. The frequent for-
mulae, herbs (also the herb properties) and therapeutic methods for a specific dis-
ease could be explored based on the clinical formula data model. The practical
results showed that the RIM and multidimensional data model could support well
for the clinical analysis applications (Bi et al. 2012).

2.2 Extraction-Transformation-Loading Tool

The ETL is the core component of a successful data warehouse system. Due to the
requirement of complex clinical data structure transformation, flexible data check-
ing, heterogeneous data sources integration and terminological standardization pro-
cessing, even the commercial ETL systems can not fit well for the tasks. Using Java
and Eclipse Rich Client Platform technique, we develop an ETL tool, medical inte-
grator (MI), to implement the required functions. It has the key components such as
data connection configuration, data checking, data integration (e.g. operational data
source consolidation, data transformation and loading), data cleaning, data standard-
ization and data transformation interface. Due to the distributed SEMR data collect-
ing in different hospitals and wards, the data integration component has been
developed to integrate the multiple operational data sources (e.g. inpatient and out-
patient SEMR data) to one unified data structure, and load the transformed data into
the TCM CDW. Recently, we have partitioned the CDW data storage to three distinct
data schemas, namely, operational data stores, detailed data warehouse and multi-
dimensional data marts and developed corresponding ETL components to perform
data loading, data transformation and standardization tasks (Pan et al. 2012).
Because the EAV data structure is used in the SEMR system and strict data entry
control is not applicable in the clinical practice, we should check each value of the
original data to avoid loading the invalid data into the data warehouse. Furthermore,
MI has focused on the particular functions like data standardization and data analy-
sis interface. Data standardization process mainly concerns the standardization of
the terminological data like clinical finding, diagnosis and treatment (e.g. herb name
and description phrase of the therapeutic methods). The data analysis interface
implements the functions of preparing the data for OLAP analysis and DM. It
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includes the components of data transformation of detailed physical data to multidi-
mensional data, the transformation of EAV data to conventional data and the data
exporting for statistical software. MI performs significant tasks to integrate and pre-
process the heterogeneous TCM clinical data.

2.3 Online Analytical Processing and Data Analysis Components

Based on the multidimensional data model and ETL preprocessing, we have pre-
pared the clinical data for OLAP analysis and data mining tasks. We develop the
OLAP analysis applications (Bi et al. 2012) based on BO platform. To make the
report-designing task available for clinical experts, we designed several semantic
layers to map the physical data structures to domain knowledge categories by using
BO Designer. Based on the semantic layers, even clinical experts can design their
own reports according to their personal requirements. In addition, have developed a
complex network analysis system, called Liguorice, for TCM clinical data. The
complex network analysis system filters the data set directly from the data ware-
house, and automatically constructs several interesting TCM clinical networks, such
as herb combination network, symptom co-occurrence network and complication
disease network. The constructed networks could be displayed and analyzed with
manually tuned parameters. We implement the network visualization and analysis
functions using JUNG graph package (http://jung.sourceforge.net/index.html).
Using Liquorice, the clinical researchers could filter the data set from the huge
CDW by the expected combinatorial conditions, such as inpatient of type 2 diabetes
with thirst symptom and the outpatient data of a specific TCM physician with Xiao
Chaihu decoction (XCD) treatment. Then the objective networks would be auto-
matically constructed and stored based on the filtered data set. The metadata of the
constructed network is also recorded in a table. Finally, the stored network data
could be explored and visualized by searching the metadata table. Several properties
like node size, node shape, node color, edge style, layout and scale of the visualized
network can be configured and changed. The core sub-networks could be filtered
and clustered by the ranking methods (e.g. degree and betweenness) and community
identification algorithms respectively. To address community discovery from the
dense networks, we have implemented a novel algorithm to extract the core hierar-
chical sub-networks from the constructed large-scale networks (Zhou et al. 2008).

3 Real-World Data Mining Issues in TCM Clinical Data
Warehouse

There are common challenges of the medical data mining applications, such as,
high dimensions with sparse values, multi-relational data schema and privacy-
reserved data mining requirements. The main components of the TCM clinical data
form a typical kind of the multi-relational data structure (Fig. 2). The TCM clinical
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data are generated from a holistic information system with patient, manifestation,
diagnosis, prescription and physician as the core components. Meanwhile, because
there are no popular adopted clinical guidelines for clinical operations, the TCM
theories and empirical knowledge that are charged by the individual TCM physician
will be one of the main constraints of the clinical information. This means that
besides the diagnosis and prescription, the manifestation will also be influenced by
the different TCM physicians. Meanwhile, as time and space are the common fea-
tures that will be considered in clinical operations, the diagnosis and prescription
for the same patient (with identified manifestation) in the different time conditions
(e.g. season and weather) may be diverse. Due to the hidden factors of TCM theo-
ries, empirical knowledge and environments, it is widely recognized that TCM has
the individualized diagnosis and treatment mode in clinical practices. To get the
reliable knowledge discovery results, it is necessary to analyze the TCM clinical
data by keeping the different components of TCM clinical data as a whole. However,
it will become a real challenge for data mining methods. Although has the problems
of missing values, possible error information inputs and variable expressions, real-
world TCM clinical data directly from EMR sources keeps individualized pheno-
type features, which has high value for evidence-based personalized medicine
research. Therefore, inductive analysis of this kind of real-world empirical data
from clinical practice is a key step for TCM clinical research. Moreover, study on
the relationships between primary conceptual medical elements like disease, syn-
drome, symptom, herb and formula is the central topic of TCM clinical research.
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The DM would be an efficient approach to get the related knowledge and evidences
from the practical clinical data. Corresponding to the TCM clinical research topics,
we have a depiction of the clinical DM topics in Fig. 2. It shows that there are vari-
ous types of knowledge and topics, such as syndrome differentiation, herb combina-
tion, formula and syndrome relationships, and syndrome epidemiology, could be
explored by DM methods. Currently, the related research focuses on the study of
syndrome differentiation (generally includes syndrome epidemiology) and herb
combination. However, due to the practical integrated clinical practice in TCM hos-
pitals, there are various interesting topics could be further explored and studied on
the relationships among manifestation, diagnosis and clinical therapy. The TCM
CDW provides a well-prepared information source for clinical DM research.

3.1 Rich Structured Data with Flexible Terminological
Expressions

In contrast to the quantitative variables (e.g. laboratory test results) of biomedical
clinical data, the main contents (e.g. main complaints, histories and diagnoses) of
TCM clinical data are originally expressed as natural language. Moreover, different
from modern clinical medicine, TCM diagnosis and prescription is mainly based on
the utilizing of the symptom information. Therefore, the structured EMR system
should struggle to record the rich structured information expressed by natural lan-
guage. Also TCM physicians prefer to use the idioms in clinical practice. Meanwhile,
based on the TCM theories, TCM has a very elaborate differentiation of the mani-
festations of patient to make diagnosis and prescription. Hence, although the TCM
clinical data will often be manually transformed as structured data, the incomplete
information (the structured data will have inevitable loss of some information in the
original natural language data) and the flexible terminological expressions will be
popular. For example, TCM physician will often differentiate principal symptoms
and secondary symptoms in the main complaints to make the accurate diagnosis and
prescription. However, the differentiated information can not easily be recorded in
the structured data. Furthermore, the synonymous and polysemous terms are diffi-
cult to be distinguished in the structured schema. Hence, the TCM clinical data with
multi-dimensions and hierarchical information structures propose a real obstacle for
CDM research.

3.2 Data Preprocessing

The poor data quality, inconsistent representation, and the requirement of transfor-
mation from EAV schema to flatten tables and the complicated domain knowledge
make data preparation of CDM a labor intensive and error prone task. Moreover,
TCM clinical data mainly consist of the medical terminologies, which have rich
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domain knowledge support, such as the clinical terminology systems. There are
multi-granular and heterogeneous variables in the clinical data. The standardization
of the symptom representation, and the feature reduction of symptom variables are
the core problems in TCM clinical data preprocessing, because the symptom terms
are various and diverse in different clinical cases. Unify the symptom terms to the
distinct concepts will be the key problem to generate the standard variables. For
example, the symptoms like fatigue and lower limbs fatigue will be recorded in the
different clinical cases. It should unify the two terms at a common knowledge level.
Otherwise, the two different granular terms with conceptual relationships will influ-
ence the analysis effect.

Usually there will be thousands of symptoms in a middle-scale TCM clinical
data set, and also there are various locally dependent variables. It is a both necessary
and effective step to reduce the dimensions and integrate the related variables for
data mining tasks. For example, the symptom variables like fatigue, nightly cough,
insomnia, dark purple tongue and deep pulse, may be related to each other. Hence,
the feature extraction method (e.g. factor analysis) or the attribute interaction
method (Jakulin and Bratko 2004) could be used to promote the data mining perfor-
mance in the context of the local correlation between variables.

3.3 Post-Processing and Interpretation of the Data Mining Results

TCM has rich theoretical knowledge and the ability to deduce new concrete knowl-
edge from the general principles. There are plenty of classical literatures to present
the commonsensible knowledge. It is only the elaborate data mining results with
both commonsense convincing and newly information that would be clinical useful
and accepted by the TCM clinicians. The detailed level commonsense knowledge
with high frequency in the clinical data is often not useful for TCM clinicians.
However, the rare patterns with high interestingness may provide valuable informa-
tion for researchers. For example, association rule mining is the preferred method to
analyze the combination knowledge of herbs in the formulae. However, if the
method only generates the high support association rules, it will often get no novel
knowledge but common sense in TCM field. Whereas, the low support herb combi-
nations with high lift values may provide useful information. Therefore, the discus-
sion with domain experts will be a significant step to perform the analysis and
elucidate the results. Often the results should be post-processed to visualize in a
natural way by integrating more background knowledge. Usually the analysis pro-
cedure must be repeated many times to change the measures or algorithms to get the
clinically meaningful results. Another important issue of data interpretation is the
understanding of the TCM problem through data mining perspectives. There exist
inaccurate interpretations of the data mining results in the previous related research-
ers, such as the variable clustering for syndrome epidemiology analysis that is dis-
cussed in (Zhang et al. 2007b).
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4 Related Work on Real-World Clinical Data Mining

As a DM domain with high rewards and uniqueness (Cios and Moore 2002; Prather
et al. 1997), medical DM has been a hot research topic in recent years. Mining over
medical, health or clinical data is considered as the most difficult domain for DM
(Roddick et al. 2003). There is plenty of related research in clinical DM (McSherry
1999; Harrison 2008; Bellazzi and Zupan 2008) of modern biomedicine. The study
on the methods and data analysis of laboratory test results, medical images and
demographics to make diagnosis or prognosis prediction are the main research topics
(Tan et al. 2003; Kurgan et al. 2001; Richards et al. 2001). Compared with the clini-
cal DM research in modern biomedicine, TCM clinical DM only becomes the hot
topics in recent years. The related work of TCM knowledge discovery has been
reviewed by Feng et al. (2006) and Lukman et al. (2007). Recently, Zha et al. (2007)
used neural network to predict the role of diagnostic information in treatment effi-
cacy of rheumatoid arthritis. Chen et al. (2008) had a comparative study on the five
classification methods (e.g. SVM, neural network and decision tree) for syndrome
differentiation of CHD using 1,069 clinical epidemiology survey cases. The result
shows that SVM performs best in the prediction task. Tang et al. (2008b) have worked
on the mining of the elder TCM masters’ knowledge to visualize their thoughts and
facilitate the knowledge transfer. To illuminate the statistical foundation and objec-
tive diagnosis standards of syndrome differentiation, Zhang et al. (2008a, b) pro-
posed the latent tree model to learn the diagnosis structures from the TCM clinical
data sets with symptom variables in an unsupervised way. The study showed that
there exist natural clusters in the data sets, such as the data set of kidney deficiency
syndrome with 2,600 cases, which correspond well to the syndrome types.

Besides using of the outpatient cases of highly experienced physicians, most of
the previous work on TCM clinical data mining utilizes of observational clinical
data of case report form, whose feature set is limited to predesigned medical ele-
ments. Not reflecting the individualized phenotypes of patients is one of the most
recognized shortcomings of this kind of clinical data.

4.1 General Data Mining Methods for TCM Diagnosis
and Treatment

We have successfully conducted several preliminary TCM clinical data analysis
studies like acupuncture prescription knowledge discovery (Zhang et al. 2007a), the
relationship between formula (herbs) and syndrome of T2DM affiliated metabolic
syndrome (DAMS) (Ni et al. 2006), herb treatment for T2DM (Jian et al. 2007),
cluster analysis on the syndrome types in patients with acute myocardial infarction
(Gao et al. 2007), and the GPBT syndrome differentiation (Zhang et al. 2008).
All the previous work has gotten the clinical useful results.

Here we give one example on finding the phenotype features of TCM diagnosis
(i.e. syndrome differentiation) by using classification methods. We have conducted
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Table 1 The experimental results of classification methods. The chief symptoms are ordered by attribute
weight, prediction weight in SVM and ADTree respectively. The chief symptoms of Bayesian network
are ranked by the ratio of the probability distribution of symptom on QIS syndrome and non- QIS syndrome

Classification Prediction
method Test mode accuracy  The five suggested chief symptoms
SVM Evaluate on 0.864 Costal pain (1.7166), back pain (1.1961), chest pain
training data and oppression (1.0361), breathlessness (0.7063)
and gastric pain (0.6704)
10 cross-evaluation 0.812 Costal pain (1.7041), back pain (1.1745), chest pain
and oppression (0.9662), breathlessness (0.7833)
and gastric pain (0.6959)
ADTree Evaluate on 0.841 Chest pain and oppression (0.732), gastric pain
training data (0.592), dyspnea (0.402) and slow pulse (0.383)
10 cross-evaluation 0.814 Chest pain and oppression (0.732), gastric pain
(0.592), dyspnea (0.402) and slow pulse (0.383)
Bayesian Evaluate on 0.845 Costal pain (0.042/0.006), back pain (0.030/0.006),
network training data chest pain and oppression (0.042/0.011), gastric
pain (0.077/0.023) and breathlessness (0.053/0.021)
10 cross-evaluation 0.806 Costal pain (0.042/0.006), back pain (0.030/0.006),

chest pain and oppression (0.042/0.011), gastric
pain (0.077/0.023) and breathlessness (0.053/0.021)

the classification study on QIS syndrome differentiation of a high-experienced
TCM physician to validate the possibility of inducing the common rules from clini-
cal data by machine learning methods. We get 484 first encounter outpatient cases
of the physician from the CDW. The data set has 102 standard symptom variables.
It is a binary classification into QIS syndrome and non-QIS syndrome. The number
of outpatient cases with QIS syndrome is 83. We use three classification methods,
namely SVM, ADTree (Freund and Mason et al. 1999) and Bayesian network, in
Weka 3.4.6 to learn the syndrome differentiation models. The prediction accuracy
and the suggested chief symptoms are listed in Table 1. All the results are got with
the default parameters. The results showed that the three methods have the accept-
able prediction accuracies. In addition, there are common chief symptoms, such as
costal pain, chest pain and oppression, and gastric pain, suggested by the three
methods. The prediction accuracy of the SVM learned model is high over 86.4 %
while in “evaluate on training data” test mode. The related variables with large posi-
tive weight are the variables of costal pain (1.7166), back pain (1.1961), chest pain
and oppression (1.0361) and breathlessness (0.7063), gastric pain etc. These vari-
ables with positive values are considered as the chief symptoms of QIS syndrome.
The discovered chief symptoms of QIS match well with the widely accepted clinical
guidance in TCM practice. Hence, it indicates that the machine learning and DM
methods could be a helpful approach for syndrome differentiation and syndrome
epidemiology studies. It shows that SVM could be used for TCM clinical diagnosis
study with high dimensions. Although Bayesian network has the visualization
results that will facilitate the interpretation, the interpretation of the result with high
dimensions is rather difficult. Hence, the dimension reduction issue should be fur-
ther addressed in the large-scale TCM clinical DM research.
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The herbs in the same formula are organized according to the principle of for-
mula theories such as the monarch, minister, assistant and guide theory, to make a
prescription with systematic efficacy. Herb combination and the basic formula with
common herb combinations play a key role in the efficient clinical prescriptions.
Hence, discovery of the common herb combinations from large-scale clinical for-
mulae has been a significant research topic in TCM DM. Frequent itemset and asso-
ciation rule have been used as the general DM methods to find the interesting herb
combinations. We have conducted several studies using association rule mining
method, such as acupuncture prescription knowledge discovery (Zhang et al.
2007a). The work focuses on the empirical clinical acupuncture prescription of a
doctor in acupuncture department of Guanganmen hospital, Beijing, China. Using
the association rule mining method (Apriori) in Weka, we got 18 common acupunc-
ture formulae from the 1,697 clinical prescriptions. The doctor indicates that one of
the 18 acupuncture formulae is not a fixed prescription in his clinical practice.
Therefore, finally, we get 17 useful acupuncture formulae (with name, acupuncture
point composition, modifications, main efficacy, etc.) for different disease condi-
tions, which reflect the empirical knowledge of the doctor. However, association
rule mining has the shortcoming that it often generates large amount of rules due to
the limited number of herbs (not over 1,000 herbs in clinical use) and acupuncture
points (not over 400 points in the clinical use), and the almost unlimited clinical
prescriptions. Furthermore, the rules generated by association rule method are often
in low granularity, thus association rule method cannot capture the skeleton herb
combination knowledge in the large-scale prescriptions.

In conclusion, the DM applications based on the TCM CDW get the promising
results to help the knowledge distilling and discovery from large-scale clinical
data. The results could be a good reference for clinical operations and Chinese pat-
ent medicine development. Based on the prepared clinical data from TCM CDW,
we will conduct further studies on the various clinical DM topics as indicated in
Fig. 2.

4.2 Complex Network Approaches for Clinical Herbal
Combination Knowledge Discovery

We have implemented the hierarchical core sub-network structure discovery algo-
rithm (Zhou et al. 2008) in the CNA system. The method constructs herb combi-
nation network from the complete connected sub-networks with the element herb
as node of one formula, and then extracts the hierarchical core herb combinations
from the constructed herb combination network. We have applied the method to
several specific TCM prescription data sets extracted from the CDW, and got the
clinical meaningful common herb combination patterns. We take the data analy-
sis results from two data sets, namely the herb prescriptions of DAMS and the
herb prescriptions of GPBT syndrome, to demonstrate the interesting analysis
results.
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Metabolic syndrome!' is one of the significant complications of T2DM, which
may have the symptoms and features of high blood pressure, central obesity, and
fasting hyperglycemia. Distilling the common herb combination knowledge from
the large numbers of clinical prescriptions for DAMS will help guide the efficient
herb treatment. There are 188 inpatient cases of DAMS that have been treated with
herb prescriptions, are filtered from the 5,000 over diabetes inpatient data according
to the WHO standard. The data set has totally 752 herb treatment prescribed in the
different encounters. The herb prescriptions have 320 different herbs and the con-
structed weighted herb combination network has 9,541 edges (two-item herb rela-
tionships). The extracted core herb combinations and main herb modifications of
DAMS prescriptions are displayed in the right part of Fig. 3. The core herb combina-
tions contain the herbs, such as Chinese angelica, dwarf lilyturf tuber, milkvetch
root, Chinese magnoliavine fruit and figwort root. According to the efficacies of
these five herbs, it shows that the organization principle of core herb prescription for
DAMS is to replenish gi and nourish yin (one type of the TCM therapeutic meth-
ods). This reflects the basic pathogenesis of DAMS indicated in the previous research
(Ni et al. 2006). Also, the main herb modifications for DAMS are the herb pairs like
gordon euryale seed and cherokee rose fruit, red poeny root and white peony root,
indian bread and largehead atractylodes rhizome, danshen root and fresh rehman-
nia, etc. These herb pairs are mainly prescribed to treat the accompanying
syndromes, such as nephrosis and numbness of extremities, of the DAMS patients.

GPBT syndrome is a rather general syndrome in the patients with the diseases
such as chronic gastritis, fatty liver, female infertility, liver cirrhosis and polycystic
ovary syndrome. The pathogeneses and manifestations of GPBT syndrome are vari-
ous. Hence, the herb prescriptions for the patients with GPBT syndrome are also
various and individualized. The discovery of the common herb combination knowl-
edge will be helpful to grasp the central rules of the prescriptions for GPBT syn-
drome. We get 1,287 clinical herb prescriptions of GPBT syndrome from the
outpatient data of 21 high-experienced TCM physicians in the CDW. There are 367
distinct herbs in the data set, and the result weighted herb combination network has
13,428 edges, which is dense and hard to be directly understood. However, it is
interesting that the extracted core herb combinations form a high-experienced clas-
sical formula, called Xiaoyao San. Although Xiaoyao San has been accepted as one
of the classical formulae (e.g. Xiao Jianzhong decoction, Chaihu Shugan San and
Sijunzi decoction) for GPBT syndrome treatment, it has not been suggested as the
basic formula for GPBT syndrome treatment yet. Our result proposes a hypothesis
that Xiaoyao San could be considered as the fundamental formula to treat the patient
with GPBT syndrome. Also, the core herb combinations and the discovered main
herb modifications (in the below left part of Fig. 3) provide the individualized thera-
pies for reference in the clinical herb prescriptions for GPBT syndrome. For
example, the herb pair of danshen root and red pony root would mainly be pre-
scribed to patients with additional blood stasis syndrome. Based on the analysis
result, we have summarized several useful empirical formulae with herb

Thttp://en.wikipedia.org/wiki/Metabolic_syndrome (Accessed: 2013 June 30th).
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Fig.3 The extracted core herb combinations and main herb modifications of GPBT syndrome and
DAMS. The number labeled at the edge represents the co-occurrence of herb nodes. The color of
nodes is defined according to the flavor and property of herbs (red: warm or hot herb property,
green: cold or cool herb property, yellow: other herb property) (Color figure online)

constituents and dosages for the different types of patients with GPBT syndrome
(Zhang et al. 2008).

4.3 Topic Models for Detection of Patient Groups
and the Related Herb Prescriptions

Topic model, such as latent Dirichlet allocation (LDA) (Blei et al. 2003; Steyvers
et al. 2007) is a widely-used statistical probability model that could find the latent
topic in documents. While we consider patients with symptom and sign features as
documents, we could apply topic model to analyze the clinical phenotypic topic
structure of patients. Besides of symptoms and signs, other medical entities, such as
herb prescriptions, diseases, are involved in TCM EMR data as well, therefore,



Data Mining in Real-World Traditional Chinese Medicine Clinical Data Warehouse 205

multi-relational knowledge (like depicted in Fig. 2) that is meaningful for clinical
tasks should be detected by topic model. Zhang et al. proposed several multi-
relational topic models (Zhang et al. 2011) by extending the author-topic model to
incorporate multiple relationships between symptoms, herb prescriptions and diag-
noses. The proposed models were useful to extract the underlying common symp-
tom groups of one specific general disease classification, like diabetes, stroke and
heart disease. Furthermore, the herb constitutes of clinical prescriptions were also
generated. To help generate more reliable multi-relational topics from real-world
TCM clinical data, Jiang et al. (2012) applied LinkedLDA to symptom-herb topic
detection.

4.4 Effectiveness Driven Clinical Knowledge Discovery
by Using Markov Decision Model

Finding clinical regularities of diagnosis and treatment with good outcome is impor-
tant in promoting the development of sustainable clinical solutions. Currently,
information on effectiveness of treatment is often absent in most real-world TCM
clinical data. Therefore, most related TCM clinical data mining tasks only generate
empirical regularities with no constraints on clinical effectiveness. This means that
it is difficult to judge which discovered regularities are effective for disease treat-
ment. For example, association rule mining on herb combinations would generate
rules like: if herb A is used, then herb B will be used with a probability of 100 %.
However, the rule does not provide predictive information on the outcome of
patients who have taken both herb A and herb B. Therefore, it is significant to
explore clinical knowledge or hypothesis in the context of clinical effectiveness.
Furthermore, because TCM theories are rather abstract and only provide the general
principle for clinical operations, effective clinical treatment will largely depend on
the empirical knowledge of TCM physicians. Therefore, it is promising to discover
TCM clinical knowledge by integrating the clinical effectiveness analysis. For
example, finding the effective herb—herb interactions from clinical prescriptions for
specific disease conditions (Li et al. 2005a) would be useful to propose regularities
for practical clinical treatment. In particular, real-world TCM clinical cases include
individualised sequential treatment decision policies. If we can infer optimal or
hypo-optimal sequential solutions with effectiveness from the clinical data, it will
be a great help for TCM clinical trials and practical clinical treatments. Markovian
decision processes (MDPs) and partially observable MDPs (Li et al. 2005b) are
powerful mathematical frameworks for sequential planning under uncertainty and
are potential methods to help plan the sequential treatment for specific diseases
(Mackay and Taylor 2007). Feng et al. (Hripcsak et al. 2003) proposed an initial
study on using MDP to model traditional Chinese medicine therapy planning to find
the optimal sequential clinical treatment options for inpatients with type 2 diabetes.
It inferred the model parameters (e.g. states, actions, rewards and transition func-
tions) from clinical data set and used value iteration algorithm (Prather et al. 1997)
to solve the MDP problem. The study shows that MDP model can be used to help
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identify useful clinical prescriptions from data and help to generate sequential TCM
clinical guidelines for type 2 diabetes treatments.

5 Future Directions

In recent years, meaningful use and data mining from real-world EMR data has been
recognized as an extremely important research task in medical field (Denny 2012;
Roden et al. 2012). Integration of the clinical phenotype data with genotype data on
individual patients would generate high valuable data sources for disease pathology
and clinical solution research. Therefore, it is an essential step for translational med-
icine research, which aims to correlate basic discovery from bench to practical clini-
cal solutions at bedside. Due to the rich phenotype information like symptoms and
signs, behavior, and environmental factors, captured in TCM regular clinical set-
tings, we consider real-world TCM clinical data a classical clinical phenotype data
sources related to disease diagnosis and treatment. Therefore, integration of clinical
phenotype and genotype information for biomedical knowledge discovery and
hypothesis generation would be a potential direction of real-world TCM clinical
data mining. Furthermore, as a well-developed clinical practice schema integrating
with personalized treatment by multi-ingredients prescriptions, TCM contains high
volume of clinical data that need perform clinical effectiveness evaluation to detect
novel effective therapies for disease treatment. Thus, it is a high opportunity to
develop new data mining methods in the constraint of effectiveness to find effective
therapeutic knowledge. However, due to various complicated clinical tasks involved
and diverse information incorporated, data quality will become a major obstacle for
real-world TCM clinical data mining. Therefore, how to evaluate, monitor and
improve the data quality of TCM clinical data during the data capture, integration
and preprocessing stages, would be vital task to assure getting reliable knowledge
discovery results. Hence, we consider three main directions that need be further
addressed to meet the major challenges in real-world TCM clinical data mining.

5.1 Translational Biomedical Informatics for Clinical
Phenotype and Genotype Association Discovery

To accelerate the translation of bench biological discovery to practical clinical solu-
tions, translational medicine has been proposed as new promising discipline to inte-
grate basic biology science with clinical medicine (Lean et al. 2008). Several
translational medicine projects like eMERGE and I2B2 showed that current EMRs
used for routine clinical care could be used to identify phenotypes for genetic stud-
ies (Kho et al. 2011). Real-world TCM clinical data includes rich disease pheno-
types, and disease related environmental factors and behavior features. Most of
these phenotype information relate to macro-level functional health status of human



Data Mining in Real-World Traditional Chinese Medicine Clinical Data Warehouse 207

body, which is directly observable for patients and clinical practitioners. In one
hand, like modern biomedical EMR, TCM clinical data could help generate clinical
useful knowledge to improve the practical health solutions. In the other hand, while
integrated with the available genomics data banks, it could also be used to accelerate
the understanding of disease molecular pathologies and etiological mechanism by
exploring the correlation between phenotypes and genotypes (Maricel 2009; Kohane
2011; Butte 2009). However, one obstacle of the utilizing of free text TCM EMR
data is that the phenotype information is subjectively described in high-level knowl-
edge representation approaches like natural languages and has semantic diversity in
different clinical data sources. Therefore, with large-scale EMR data (in free text)
available, two important steps should be conducted to make this kind of data usable
for improving clinical solution development and disease genomics exploration. One
essential step is automatic or semi-automatic extraction of medical named entities
(mainly clinical phenotype entities) and their relationships from these data (Cohen
and Hunter 2013). Another step is biomedical data integration (Payne 2012) to inte-
grate both TCM clinical data and modern biomedical data by using TCM and medi-
cal terminology systems into a unified semantic medical knowledgebase.
Furthermore, as a complex intervention method, TCM herbal prescriptions (acu-
puncture therapy as well) have a complicated molecular pharmacological effects
and mechanisms. Real-world TCM clinical data would provide as a high valuable
data sources for pharmacogenomics research (Wilke et al. 2011).

5.2 Effectiveness Driven Data Mining for Comparative
Effectiveness Research

Managing and defeating diseases in real-world clinical setting is the final objectives
of medical research and clinical studies. Real-world TCM clinical practice is practi-
cal clinical schema for personalized treatment and management of patients, in which
new prescriptions with herbal combinations were introduced to treat individual
patients. Each new proposed herb prescriptions were not evaluated by experimental
results but were directly prescribed for patients. This means that TCM clinical prac-
tice is also a kind of real-world clinical study aiming to manage the patients by
optimal therapies generated by TCM practitioners. This, in the other fold, would
generate large-scale real-world clinical solutions that need be assessed to obtain the
optimal ones. Therefore, comparative effectiveness research (CER) (Luce et al.
2009) using real-world clinical data from routine clinical care would be an extremely
promising research direction in TCM field. Different from CER research in conven-
tional medical field (Bayley et al. 2013), getting better effective therapies would be
the major research task for TCM because too many personalized therapies were
used in TCM clinical settings. From these immense personalized therapies, which
consist of multiple herbal ingredients, we can get better clinical care solutions while
using the outcome information for comparisons (Yan et al. 2013).
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To meet these requirements, the new data mining methods or statistical models to
find the structured relations between intervention constitutes and clinical pheno-
types with the constraints of outcomes would be a inherent pursuit for TCM research.
Probabilistic graphical model like Bayesian network (Pearl 2000) and probabilistic
relational model (Friedman et al. 1999) would be one of the potential approaches to
discover the significant phenotype-intervention correlation structures.

5.3 Data Quality Monitoring Methods to Prepare High Quality
Clinical Data Sources

Data quality is a fundamental issue in secondary data analysis and comparative
effectiveness research using EMR data (Sandra 2007). The real-world TCM clinical
data is recorded for clinical operation purpose. It contains the necessary information
(e.g. symptom, diagnosis, prescription and laboratory test result) that is relevant to
the diagnosis and treatment of diseases. Other than the data used in secondary data
analysis in modern medicine, the TCM clinical data includes most clinical variables
and clinical information contents to support various clinical questions.

However, the primary issue in use of TCM clinical data for analysis is the exis-
tence of missing values and heterogeneous data representations. In general, the
real-world clinical data would usually only record the abnormal values of the
medical variables of patients. The negative variables are only recorded in the con-
ditions of diagnosis differentiation purpose. Thus, most of the missing values
could be considered as negative values. However, due to the personalized views of
TCM physicians, some abnormal values would not be recorded in the clinical data
if they were considered having no value for diagnosis and treatment. Therefore,
the mixing conditions of missing values propose challenges for reliable data
analysis.

Furthermore, heterogeneous data sources and rich classical references result in
the various terminologies and phrases used in the clinical data. The same concepts
may be represented by different synonymous terms. Also related but not identical
phrases are frequently used in the data. Also data accuracy has become an important
concept with the widespread use of computer-based systems for clinical and epide-
miological research (Hogan and Wagner 1997).

Thus, with the structured clinical data prepared, there still needs a both reliable
and efficient preprocessing step to filter the useful data set from the large-scale
clinical data source, clean and integrate the data to provide high-quality data for
further analysis.
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1 Introduction

While herbal medicines have been used by all nations in the world for thousands of
years, Traditional Chinese Medicine (TCM) is one of the most significant herbal
medicines in human civilization. Over generations, TCM has been used to treat all
clinical conditions and more importantly, the herb usage and clinical observations
are recorded in numerous notes, books and research reports. Tremendous amount of
written documents going back to 3,000 years ago have provided strong evidence of
safety and effectiveness on Chinese herbs. Making good use of this treasure is an
important task for TCM modernization.

On the other hand, quality of TCM information has always been questioned.
Actually, much of the TCM information is either probably myths or based on anec-
dotal evidence. In addition, TCM theories, on which traditional herb usages in the
clinic are based, are extremely diverse and often contradictory. This results in thou-
sands of TCM prescriptions with completely different herb compositions for a very
same clinical condition (Yan Liu et al. 2010; Zhiqgiang Ouyang et al. 2007; Zhanpeng
Tan et al. 2011). It is therefore very challenging to understand and select the best
prescription and herb combination for further drug discovery with a logical and
unbiased approach.

There are many TCM databases in China. However, the majority is encyclopedia-
like, which have collected everything without further verification for quality of the
information. Furthermore, those databases typically do not provide any tools for
using the information to design new TCM products or to discover lead compounds
for novel drugs. Realizing the above shortcomings of current TCM databases, we
have established SAPHRON™ database at Shanghai Innovative Research Centre of
Traditional Chinese Medicine after more than 10 years of efforts. SAPHRON data-
base links diseases, prescriptions, herbs, active compounds and bioactivity of com-
pounds together. Based on SAPHRON™ database, we developed a SIRC TCM
Information Quality Evaluation System (STIQES) to address the quality issue of
TCM information. The present article is to test the SAPHRON database and its use
in early product development.

2 Assessment of Quality of Published TCM Clinical Trials

We have assessed 412 published clinical trials out of 5,559 searched publications
that used TCM prescriptions to treat hyperlipidemia (Fig. 1). We then investigated
the quality of each clinical trial with eight commonly used parameters for modern
clinical studies and the results are shown in Fig. 1. Our results show that 7 % did not
mention any specific criteria for efficacy evaluation; 26 % did not conduct any sta-
tistical analysis; 8 % did not use any objective measurements for efficacy; 59 % did
not mention whether toxicity/side effects were observed; 28 % did not include a
control group; 36 % were not randomized trials; 62 % involved less than 100
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Fig. 1 Analysis of 412 clinical trials for hyperlipidemia

patients; even worse, 3 % trials included a control group but did not make any com-
parison with the TCM treated groups.

Taken together, only 55 trials in the 412 total reports did not have any of the eight
deficiencies above.

3 Quality of Studies on TCM Formulated Products

Formulated TCM products have been widely used in clinic in China. For TCM
usage, the formulated TCM products are supposed to be the best regulated as each
product must go through clinical trials as regulatory procedures before being used
in clinic. Unlike most TCM prescriptions that the decoctions are prepared by either
patients themselves or TCM pharmacies using individual herbs, formulated TCM
products are manufactured by TCM pharmaceutical companies with standardized
GMP procedures. Therefore, it is expected that clinical data of those products may
be more reliable. To test that, we have evaluated 115 reports of clinical studies on
“Shenmai Injectable”, a well-known TCM formulated product used as intrave-
nously infusion for cancer management. This product has been granted the certifi-
cates of SFDA by seven manufacturers in China (Lixing Nie et al. 2011; Weirong
Zhu et al. 2005; Weixin Guo et al. 2008; Minhua He et al. 2004; Yang Cao et al.
2006; Wei Hu et al. 2008; Li 2008).

As shown in Fig. 2, among the 115 studies, 51(45 %) did not mention the manu-
facturer of the product used in the clinical study. 90 reports (78 %) did not provide
complete information about the herb composition of the product used for the study.
90 % of the studies did not give any information regarding SFDA registration num-
ber for the product used. Finally, none of the reports described how the product was
extracted and formulated.
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Fig. 2 Information from 115 references of “Shenmai Injectable”

While the above information may not be necessarily essential for a clinical report
on western drugs, they are important for TCM clinical studies. This is because that
there are seven pharmaceutical companies in China manufacturing the products that
are all named “Shenmai Injectable”. As the products are formulated extracts from
the roots of Ginseng Radix et Rhizoma and Ophiopogonis Radix (Dwarf Lilyturf
Tuber), it is necessary to identify the specific manufacturer for the product being
trialed as each product may be manufactured by different procedures developed by
each manufacture.

Furthermore, although all products in the 115 studies were called “Shenmai
Injectable”, some studies also contained Schisandrae Chinensis Fructus as a third
herb component (Lu et al. 2004). In addition, only 18 studies disclosed some quan-
titative information of herb components and none of them mentioned any informa-
tion about non-herb additives in the products used. Shi et al. have used peak-area
ratios of characteristic components to compared four batches of “Shenmai
Injectable” from the same manufacture (Shi et al. 2002). Their results showed that
chemical ingredients can vary 20 % from batch to batch. Another study (Xiaohui
et al. 2006) has measured two principle components (PC1 and PC2) of “Shenmai
Injectable” from three manufacturers and found the clusters of products from each
manufacturer were completely non-overlapping when plotted in a PC1-PC2 plane.
Given the fact that mechanism of action is unknown for most of TCM, variation in
the concentrations of thousands of compounds may significantly affect the efficacy
of the product. On the other hand, the SFDA certificate number is the identification
for each drug in China that is not only the proof of approval for the product and also
refers to specifics of the product for the approval. Without knowing the exact com-
position, the clinical data cannot be sensibly analyzed. Thus, owing to the lack of
specifics and tremendous variation in chemical composition for the drugs used in
each study, results of clinical studies on those products even under the same name
are not comparable.

Taking together, the above analysis (Shi et al. 2002; Xiaohui et al. 2006) suggests
that information quality of clinical trials on TCM is generally poor. This is partly
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attributed to substandard quality requirement for publication in TCM related journals,
which may improve with time. However, the other problems (such as lacking informa-
tion of herb or chemical composition in formulated TCM products) were inherited as
the nature of this type of products due to industry trade secrets and government poli-
cies. In conclusion, while there is abundant clinical information for TCM, the above
fatal flaws substantially reduced the credibility and value of such information.

The above preliminary analysis exemplified the variation in quality of TCM
related information, which raised a serious question for product development from
TCM herbs. Thus, a TCM database should not only serve as a knowledge resource
but more importantly, should provide a function to evaluate and screen for the most
creditable information that meets current standard of modern medical sciences. To
this aim, we have established a novel approach using SAPHRON™ database devel-
oped by Shanghai Innovative Research Centre of Traditional Chinese Medicine.
This platform takes approaches of statistics and informatics to evaluate the quality
of TCM related literatures and to provide a screening system for TCM prescrip-
tions, herbs and active compounds that can be used for product development.

4 SAPHRON™ TCM Information Platform

4.1 SAPHRON™ TCM Database

The SAPHRON™ TCM database was built in 2000 and it has been expended sig-
nificantly since then after more than 12 years data construction. The database is
constructed in an interactive framework that contains five independent sub-
databases, namely TCM disease terminology, TCM prescriptions, TCM herbology,
TCM phytochemistry and TCM pharmacology. The TCM disease terminology
database collected 1,400 TCM disease terms that are all described in terms of both
TCM and modern medicine. This database connects current disease terminology
with TCM defined diseases, which are described in symptoms and syndromes. The
TCM prescription database is a collection of more than 180,000 TCM formulas
some of them were documented 3,000 years ago. While the database kept many
original ancient TCM prescriptions, it collects and emphasizes more on TCM pre-
scriptions that derived from ancient formulas and are currently used in clinic. The
TCM herbology database has monographs of more than 9,000 TCM herbs with their
full botanic definition as well as the process techniques used by TCM practitioners.
The phytochemistry database contains more than 30,000 compound structures iden-
tified in TCM herbs with their full physical and chemical characteristics. Finally, the
pharmacology database has more than 120,000 items of biological information for
the compounds isolated from TCM herbs. Since the five sub-databases are built in
an interactive manner, one can obtain a set of information for any TCM related
questions from their clinical indications by both western and Chinese definition,
formulas with various herb compositions, known compounds found in those herbs
and their known biological and pharmacological activities.
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4.2 Outline SAPHRON™ TCM Information Platform

We have utilized the SAPHRON™ to establish a service platform as shown in Fig. 3
that can be used for screening TCM resources to provide information that are used
to develop new products including novel TCM medicines, nutraceutical products,
cosmetic products and lead compound discovery.

The first part of the system is data collection. Key words of both English and
Chinese related to the topic of interest are generated. Using TEXT MINING tech-
nology, literatures potentially relating to the topic will retrieve from SAPHRON™
database as well as other public databases including VIP (http://www.cqvip.com/),
PUBMED (http://www.ncbi.nlm.nih.gov/pubmed/) etc. Secondary, KNOWLEDGE
DISCOVERY FROM DATABASE (KDD) techniques are applied to collect infor-
mation from retrieved literatures and only those containing the information closely
relating to the topic are selected. KDD is a process of knowledge creation from both
structured (such as SAPHRON database) and unstructured (text, literature, etc.)
sources. From those sources, KDD generate knowledge in a machine-readable for-
mat (Cunningham 2006). For instance, to obtain knowledge about a clinical trial
literature, information such as numbers of recruited patients for the trial, dosage of
treatment and rates of response, etc. are extracted from the related literature and
organized into a form that can be stored in access format to facilitate further inves-
tigation. Thirdly, data collected from the KDD process are grouped with CLUSTER
ANALYSIS to extract common features in each group. For the example of clinical
trials, prescriptions utilized in the trials will be grouped according to the similarity
of herb usage. Compounds contained in the herbs can be grouped based on the simi-
larity in their scaffold structures. At the last stage of analysis, information of TCM
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prescriptions, herbs of interest, and compound structures will be evaluated for their
credibility and quality using SIRC TCM Information Quality Evaluation System
(STIQES) (see below). Through STIQES, each prescription, herb or compounds
with potential for treatment of a specific clinical indication will be scored and
ranked according to their STIQES scores. The highest scored prescriptions, herbs,
active fraction of herb extracts or compounds will be the recommended candidates
for further development.

4.3 Cluster Analysis of Herb Usage in TCM Prescriptions

While individual TCM prescriptions vary significantly in herb usage and doses for
treatment of the same clinical indication, most of the prescriptions can be grouped
with a simple cluster analysis (Ye Liang et al. 2008; Gu 2010). Taking the same
example for treating hyperlipidemia, 222 prescriptions were screened out of 412
clinic prescriptions on the basis of known specific herb composition and proportion,
which is essential for prescription-herb cluster analysis. There are totally 220 herbs
used for those prescriptions. Figure 4 shows the results as a heat map that provides
a visible way to show frequencies of herb usage. When the prescriptions are clus-
tered according to the similarity of their herb usage and weight of each herb in a
prescription, groups are formed and showed in trees (left of the figure).



222 J. Yang et al.

Pre_scription group

Astragali Radix

X
g Salviae Miltiorrhizae Radix
w
:’-}— Alismatis Rhizoma Crataegi Fructus
!
p}
o
5 |
I

dooule N T T s

Prescription group B
=T s — AT . e
Salviae Miltiorrhizae Radix  Crataegi Fructus
x
z Alismatis Rhizoma m
g
g I
=]
3
fre
g l
p}
Qo
5 | I||||I |
: L. | [k |
R [T L1l DO P )
Prescription group C
s |Ligustri Lucidi Fructus  Lycii Fructus Alismatis Rhizoma
)
§ Eucommi.%@nex| Corni Fructus
g Epimedii He)ﬁa Dioscoreae Rhizoma
s
5 \
=] Polygoni Multiflori Radix
o
5}
I
L 11 | L1l | | 01 11

Herb

Fig. 5 Herb use frequency in prescription group A, B and C

Derived from cluster analysis, group A, B and C can be defined. In each prescrip-
tion group, some of the herbs were commonly used, which are showed as regions
with high density of red color in their heat maps. Details are showed in Fig. 5.

In group A, Astragali Radix is the principle component with a function of invigo-
rating “qi”. Salviae Miltiorrhizae Radix et Rhizoma and Crataegi Fructus are used
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as adjuvant ones to activate blood circulation. In addition, Alismatis Rhizoma is to
promote urination and dispel dampness. Based on these herb compositions, it can be
concluded that the prescriptions in this group are to treat hyperlipemia with a syn-
drome of “qi” deficiency caused “blood stasis” by TCM theory.

In group B, Crataegi Fructus, Salviae Miltiorrhizae Radix and Alismatis Rhizoma
are the main components that activate blood circulation, remove blood stasis and to
promote urination and dispel dampness. Since little Astragali Radix was used, the
prescriptions in group B are mainly to treat hyperlipemia with blood stasis but not
“qi” deficient.

In group C, Ligustri Lucidi Fructus is the principle component that is known for
its function of reinforcing “liver” and “kidney”, while Lycii Fructus, Corni Fructus,
Polygoni multiflori Radix, Dioscoreae Rhizoma, Taxilli Herba, Epimedii Folium
and Eucommiae Cortex are used as adjuvant ones. As mentioned above, Alismatis
Rhizoma is to promote urination and dispel dampness. Thus, the prescriptions in
group C are to treat hyperlipemia with “yin” deficiency of “liver” and “kidney”.

It is worthwhile to point out that Alismatis Rhizoma, is commonly used for all the
three groups. This herb is well known for the diuretics effect to eliminate dampness
(Chinese Pharmacopoeia 2010; Chunping Yin and Jizhou Wu 2001; Wang et al.
2008), which is also consistent with the TCM theory that hyperlipemia is a disease
closely related with increased “dampness”. Modern pharmacology studies also sup-
port that Alismatis Rhizoma is useful for treating hyperlipemia (Hu et al. 2011;
Shugang Yuan et al. 2011; Shuzi Li et al. 2008).

The results from the above statistical analysis reveal the most frequently used
herbs for one indication such as Alismatis Rhizoma. Furthermore, grouping by clus-
ter analysis provides an objective approach to distinct different treatments by TCM
practitioners. These can be the difference based on individual patient’s conditions
(such as with or without “qi” deficiency) or based on specific TCM theories.

4.4 Frequency Analysis of Co-used Herbs to Reveal Possible
Synergy Between Herbs

TCM herbs are typically used by decoctions of multiple herbs in clinic. Some rules
are applied in TCM practice to allow certain herbs used together but others are
exclusive to each other (Erxin Shang et al. 2010; Chen et al. 2012). While those
rules are to be understood by modern pharmaceutical sciences for potential synergy
or adverse interaction when herbs are co-decocted or co-administrated, we used
clinical data to demonstrate how TCM herbs are combinedly used in prescriptions
with creditable clinical evidence. Prescriptions for a given indication are first
grouped by clustering to ensure that all the formulations are prescribed based on
similar principles of TCM theories. Within a group, the most frequently used herbs
are analyzed for the time it is used in combination with each of another herb used in
all the prescriptions to treat the same indications. An example is shown in Table 1.
In this case, Puerariae Lobatae Radix appeared with a 100 % frequency in a group
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Table 1 Herb correlation analysis

Frequency of co-used herbs (No. of

Herb name co-appearance/no. of total prescriptions)
Puerariae Lobatae Astragali Radix 1.000 (71/71)
Radix Rehmanniae Radix 0.859 (61/71)
Dioscoreae Rhizoma 0.845 (60/71)
Trichosanthis Radix 0.662 (47/71)
Ophiopogonis Radix 0.592 (42/71)

Schisandrae Chinensis Fructus ~ 0.507 (36/71)

of 71 prescriptions for treating diabetes group. Some herbs in the group with high
frequencies of co-use with Puerariae Lobatae Radix are listed in Table 1, which
showed that, in this group of prescriptions for treating diabetes, Puerariae Lobatae
Radix is always used with Astragali Radix and also co-used with Rehmanniae Radix
and/or Dioscoreae Rhizoma.

4.5 STIQES (SIRC TCM Information Quality
Evaluation System)

We have developed three STIQES systems for evaluate credibility and quality of
information for prescriptions, herbs and potential lead compounds, respectively.
STIQES is an itemized scoring system consentaneous with the principle of Evidence
Based Medicine, which evaluates the above TCM related information from multiple
aspects, including not only the evaluation of randomized trial with proper control
group but also the availability of toxicity/side effect data and pharmacological
study, quality of clinical studies, costs and environmental impact of each TCM
product. The total STIQES score of each TCM related information determines the
final list of prescriptions, herbs or compounds that are recommended for further
verification.

5 General Discussion

SAPHRON™ TCM database has been established since 2000. During the past 13
years, we have vigorously verified the information contained in the database to
ensure the accuracy and correctness of each piece of data. SAPHRON™ TCM Data
Mining & Product Design System is a platform for drug discovery and product
development using TCM information. While this system has been used successfully
to identify TCM prescriptions, herbs and potential lead compounds for early stage
development of TCM related products, it is still rather primitive and needs further
development. Most TCM literatures are published in Chinese and so it shut out a
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large number of international researchers. On the other hand, there is lack of power-
ful software to extract information from Chinese literatures. A lot of work are still
checked manually. The technology of bioinformatics for data mining and informa-
tion extraction needs to be improved to increase the efficiency of data management.
Also, information of TCM remedies are always more or less subjective and arbi-
trary. Modern statistical methods provide good tools to analyze those information.
However, statistical tools utilized in the analysis of TCM data require optimization.
For example, we still look for a good statistical tool to reasonably express the antag-
onistic relationship of herb usages. At the same time, statistical methods used in
other fields can be expanded to researches of TCM prescription to find the possible
laws of TCM treatment. Cluster analysis is widely used in biological studies to help
the research on DNA or proteins by grouping. When this method used for TCM
prescriptions, the distribution of herb usages for one indication can be visually pre-
sented. In our system, TCM prescriptions, herbs and lead compounds can be quan-
titatively evaluated from various angles of interest. Given the inherent nature of this
type of information, any quantitative scoring has to be arbitrary. Therefore, interpre-
tation of the final ranks for recommendation shall be dealt in caution. Furthermore,
it needs to point out that any recommendations by the SAPHRON database services
merely indicates the quality of information supporting the claims by literature but
not to compare the effectiveness of the recommended TCM prescriptions, herbs or
lead compounds. The purpose of SAPHRON TCM information services can only be
seen as to provide a group of candidates that may have the best quality of supporting
evidence for their claimed efficacy while one cannot rule out the possibility that
others without strong evidence may be more effective. Therefore, with the improve-
ments of publication of experimental approaches both in animals and in well-
designed clinical trials, more effective researches can be traced by further studies.
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patients in randomized clinical trial for TCM products studies and that in practice
individual patients’ reported outcomes linked with biomedical parameters may pro-
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1 Introduction

Traditional Chinese medicine (TCM) is a holistic medical practice that alleviates
disease related syndromes and maintains good health by balancing the body, mind,
and spirit into harmony (Jiang et al. 2012b). Currently, TCM has been increasingly
accepted world-wide. The widespread use of TCM in the treatment of chronic dis-
eases that conventional western medicine fails and the investigation of mechanisms
of actions for Chinese herbal medicines and acupuncture treatment have produced
massive publications in both basic and clinical literature (Jiang et al. 2012c).

Following the principle of evidence-based medicine, concrete evidence is
needed to evaluate the efficacy of TCM (Lu and Chen 2009). Accordingly, in the
past decade, since the first systematic review of TCM clinical research was pub-
lished in 2002 (Nestler 2002), more clinical trials have also been published inter-
nationally, and, which has consequently increased the number of systematic
reviews (SRs) and meta-analysis of TCM clinical trials (Jiang et al. 2012b), TCM
has a long history but its efficacy is not as well-documented as one would hope.
Proof of efficacy has to come from empirical researches, i.e. clinical trials, pro-
spective experiments assessing the effects of medical interventions. Randomized
Controlled Trials (RCTs) are regarded as golden clinical trial design. Since 2002,
more and well-designed RCTs have been conducted worldwide to evaluate the
efficacy of TCM.

2 Effectiveness Evaluation of TCM

More TCM clinical studies were reported in the past three decades (Fig. 1), and
majority are observational ones since it is still difficult to conduct RCTs for TCM
with its unique diagnostic and treatment approach. The observational clinical stud-
ies on TCM do show the efficacy for chronic diseases. For TCM treatment of
chronic disease processes, individually prescribed, bulk-dispensed, water-based
decoctions are the professional standard of care in China (Flaws 2005). This implies
that decoctions have their own particular indications and uses in a large outpatient
population. Usually nonrandomized controlled clinical trials and observational
studies report indicated that decoctions’ efficacy. Ideally, the efficacy of decoctions
should be rigorously tested by RCTs. It is also difficult to include placebo herbal
mixtures in the double-blind design.

Only recently, RCTs have been conducted in China to evaluate the effectiveness
of proprietary traditional Chinese medicines (PTCMs) generated from well-known
Chinese medicine formula and from currently effective practice formula in treat-
ment of various diseases. Some studies have shown good effectiveness in not only
the treatment of certain chronic diseases, such as hypertension (Liu et al. 2006a),
gastroenteritis (Yu et al. 2007), diabetes mellitus (Tong et al. 2009), rheumatoid
arthritis (Guo et al. 2008), cerebrovascular disease (Zhou et al. 2010a), interverte-
bral disc disorders (Qin et al. 2007), chronic obstructive pulmonary disease (COPD)
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Fig. 1 The number of papers on total TCM clinical studies and RCTs published in China from
1979 to 2009 in Chinese BioMedical Literature Database (CBM) [http://sinomed.imicams.ac.cn/
index.jsp]

(Xu et al. 2010c), ischaemic heart disease (Qing et al. 2009), cholelith & cholecys-
titis (Liu et al. 2005), and peptic ulcer (Gong et al. 2012; Wei Jingi and Weining
1994); but also in the treatment of some virus infective disease including HIN1
influenza (Wang et al. 2011, 2012) and hand-foot-mouth disease (Li et al. 2013).
However, the situation on the efficacy evaluation focus on PTCM is not enough
since the clinical trials are difficult to evaluate the individually-prescribed decoc-
tions. In fact, the bulk of current RCTs were assessing the efficacy of one TCM
product or formula on a specific chronic disease diagnosed with western medicine
(biomedicine) approach and aimed to prove the “one size fits all” hypothesis, while
TCM practice is more personalized and the herbal combination is prescribed indi-
vidually on the basis of each person’s particular disease Pattern (ZHENG,
syndrome).

As the evidence gathering tools both systematic reviews (SRs) and meta-analysis
provide synthesis of published research papers. The number of SRs and meta-
analysis on TCM is increasing rapidly after the evidence-based medicine (EBM)
was introduced and practiced in China. The following accounts are recently pub-
lished findings of SRs that explores a range of evidence on TCM for chronic
diseases.

Using Chinese medicines for treatment of irritable bowel syndrome (Liu et al.
2006b) in 75 randomized trials 7,957 participants were included in the studies.
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Some TCM formulae showed significant improvement of the global symptoms.
Twenty-two TCM medicines demonstrated a statistically significant benefit for
symptom improvement. Six tested PTCM showed additional benefit from the com-
bination therapy compared with conventional mono therapy. Some Chinese medi-
cines deserve further examination in high-quality trials.

In reviewing TCM treatments for type 2 diabetes mellitus (Liu et al. 2004), 66
randomized trials, involving 8,302 participants had been reported. Methodological
quality was generally low. Some PTCM showed hypoglycemic effects in type 2
diabetes. Some PTCM deserved further examination in high-quality trials.

Danshen and related PTCM were introduced into clinical practice for treatment
of ischaemic stroke in 1970 in China. Six trials involving 494 patients were reported
(Wu et al. 2007). These Danshen products were associated with a significant
increase in the number of patients with the positive outcomes. No deaths were
reported within the first 2 weeks of treatment or during the whole follow-up period.
The authors called for further high-quality randomized controlled trials should be
performed.

Generally speaking in large TCM clinical practices where most extensive obser-
vational studies and substantial number available of RCTs and SRs have shown that
efficacy of TCM was reflected in some advances in treatment of various diseases.
Though the efficacy in some evaluated TCM treatments remains uncertain with
RCTs and SRs, it should be carefully interpreted due to issues of methodology. On
the other hand, most TCM clinical trials have been published in Chinese language
and are inaccessible to scholars outside China for further analysis. To substantiate
observations on positive findings, some PTCM and related composite formulae
deserve further examination in high-quality trials based on TCM pattern differentia-
tion. We expect that improvement on reporting more TCM clinical studies in high
level international journals in the near future.

3 Safety Evaluation of TCM

TCM treatment using Chinese materia medica (CMM) or PTCM is regarded as a
safe and effective system of medicine because TCM practice has served the com-
munity in China through several thousands of years with cumulative practice expe-
rience. TCM has also provided personalized therapy by using multi-component
prescriptions that act with concerted actions derived from multi-target pharmaco-
logical actions (Chan 2005). Records of safety issues can be reviewed as follows.

Literatures on TCM safety and ADRs from 1978 to October of 2010 in the
Sinomed database (http://sinomed.imicams.ac.cn/) were searched and there are
altogether 30,631 related papers on this topic. The increasing literature number on
ADREs after the year 2005 indicated the close attention to the safety issue of TCM in
China. Table 1 showed the summary of adverse events for chronic diseases reported
in SRs (TCM vs. Pharmaceuticals) focusing on the common chronic diseases in
China. The conclusion exhibited a desirable safety profile of TCM comparing to
pharmaceuticals.
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TCM prescriptions or PTCMs are prescribed to patients according to the
principles of diagnosis and treatment in TCM practice, which is considered as safe
through experience of test of time. Various studies have been reported outcomes of
good safety and quality of TCM decoctions in treatment of some chronic diseases
(Geng et al. 2010; Hsieh et al. 2010; Sze et al. 2011; Zhou et al. 2010b; Zhu et al.
2010). Majority of PTCMs have been reported to be safe (Deng et al. 2010; Fan
et al. 2010; Jia et al. 2010; Wang et al. 2010; Xie et al. 2009; Xu et al. 2010a; Xu
et al. 2010b; Zhao et al. 2010), yet it had been observed that the toxicity was aug-
mented in PTCM comparing to TCM decoction due to the unsupervised long-period
usage of PTCM and the improved surveillance effort recently introduced by national
authority. To evaluate the safety of TCM is complicated by using conventional
methodological approaches since TCM products are complex in composition, as in
prescriptions containing multiple CMM, the lack of known synergetic active ingre-
dients, the risk of contaminants such as pesticides, heavy metals and addition of
other ingredients (sometimes pharmaceuticals), deterioration and variation in com-
position (Chan 2005). Furthermore, the interactions between TCM and pharmaceu-
tical drugs might be another issues related to safety of TCM. All these issues should
be addressed accordingly (Chan and Cheung 2000).

TCM safety profile is essential for TCM application in clinical practice, espe-
cially in patients with chronic diseases since they often need long term taking of
those TCM products. Through clinical application based on TCM theory and strict
quality control we can improve safer application of TCM. Nevertheless, TCM safety
has not been fully determined and further studies are needed to explore the mecha-
nisms of TCM products in order to decipher the toxic activities of TCM products.

4 General Issues in Evidence-Based Study of TCM

TCM has been involving the healthcare system in China for thousands of years, and
supplies about one fourth medical services nowadays in China. More importantly,
TCM takes an active role in prevention of diseases and rehabilitation after recovery
from severe illnesses in China. To provide efficacy evidence, the design and report-
ing of clinical trials of TCM should follow the same guidelines as those for any
other such research. However, there are some specific features and general issues in
TCM practice that the design for clinical studies require modification from conven-
tional approach because of both diagnosis and treatment paradigms are different
from orthodox medical practice.

4.1 TCM Pattern Classification

Utilizing diagnostic principles in TCM practice, pattern classification is applied to
stratify the patients and provide more suitable indications for inclusion criteria in
RCT. However, the key problem which undermined the acceptance of RCTs in



An Overview on Evidence-Based Medicine and Medical Informatics in Traditional... 233

TCM is the absence of standard TCM diagnosis criteria for patient recruitment into
the RCTs.

In some RCTs design, patients with the same disease were recruited and received
TCM or conventional treatment respectively but the information for TCM pattern
classification was ignored. Thus in these clinical studies, conventional treatment
tends to produce a better curative effect than TCM treatment, the RCT failed to
evaluate the real efficacy of TCM.

In studies where the patients were given individual TCM prescription treatments
according to their TCM pattern diagnosis the results may show efficacy, but to gen-
eralize the success of treatment efficacy is difficult unless the trial is sufficiently
large to allow subgroup analyses. On the other hand, if patients with the same TCM
pattern diagnosis can be recruited from those with a particular disease in conven-
tional medicine in a trial, the same TCM treatment can be evaluated, and generaliza-
tion about the therapy would be valid, but eligible patients available for such study
could be small in number and difficult to recruit.

Increasing numbers of medical researchers recognized that the combination of
disease diagnosis in biomedicine and pattern classification in TCM is essential for
the clinical practice when TCM is included as part of the treatment along side with
conventional medical approaches, and it has been a common practice model in
China since it may produce a better clinical effect (Lu et al. 2008). Therefore, defin-
ing TCM pattern classification becomes the underlying issue of TCM-RCTs. Before
a RCT is conducted, there should be standard criteria for pattern classification of the
targeted disease with the support of acceptable data and evidence.

Since pattern classification is mainly based on symptoms (including self-reported
signs), tongue and pulse diagnosis, it is difficult to be understood by orthodox medi-
cal researchers. Diagnoses on symptoms, tongue and pulse are often diversified.
Some of them, not closely related to the disease diagnostic parameters, are less
focused upon by modern medicine, such as thirst and turbid urine and yellow tongue
fur in some diseases (Lu et al. 2004; Yang et al. 2012). Although symptoms are
diversified in a disease, they can be clustered into specific groups using bio-statistical
analysis, even though traditionally they are classified into groups based on TCM
theory and clinical experiences. A multi-center RCT study had shown that symp-
toms clusters in 396 patients could be classified into four factors (symptom combi-
nations) with factor analysis. The symptom combinations are very similar to the
patterns differentiated by TCM theory in RA patients, which divides RA into three
basic patterns: cold, heat and deficiency patterns (He et al. 2007). The gene profile
differences between the cold and heat patterns of RA patients might mainly reflect
as differences in the amino acid and fat metabolism (Lu et al. 2012a; Lu et al. 2012b;
van Wietmarschen et al. 2009) and the molecular mechanism of interventions in
treating RA patients with corresponding TCM patterns was also analyzed based on
a bioinformatics approach (Jiang et al. 2012a). In other RCTs, the TCM symptom
groups in chronic gastritis was detected to be positively correlated with gastric
mucosal immune reactions (Lu et al. 2005); similarly, the six typical symptoms
defined in TCM in patients with asthma were identified as predictors for good
response in the treatment with Xiaoqinglong granules (Zha et al. 2013). Thus TCM
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patterns in a disease, such as RA, can be useful as essential basis in the relation to
biomedical sciences.

A report indicates that better effective treatment rate could be achieved from the
RA patients some specific symptoms and the results suggest that RA patients should
be treated differently based on their pattern differentiation (He et al. 2007). The
application of TCM pattern classification would also be helpful to identify the inno-
vative therapeutic methods. More importantly, pattern classification will help
improvement of the clinical efficacy during practice since it further specifies the
indication with TCM classification.

Above all, pattern classification based on TCM practice principles such as symp-
toms is important for further stratification of disease, which will help improve the
treatment of disease with further specified indication of the therapy and the validity
of RCTs in TCM. The idea of integrating pattern classification with disease diagno-
sis might be helpful in making innovations in modern clinical research, not only for
TCM studies (Lu and Chen 2009).

For future progress TCM pattern classification should be incorporated into
research design, producing value-added clinical evidence to identify the efficacy
of TCM based on its own diagnostic & treatment principles. The innovative
design of a RCT with integrating pattern information and disease diagnosis for
group classification will certainly explore more valuable contribution of TCM
treatment and can avoid the short-comings of some study designs in assessing
TCM efficacy that utilizes orthodox medical research methods without discrimi-
nating patterns. These unique characteristics and essence of the TCM diagnosis
& treatment theory should be included in future clinical studies when TCM treat-
ments are utilized.

4.2 Randomization

It was observed from literature that the methods of allocation in studies described as
randomized are poorly and infrequently reported (Jadad and Rennie 1998; Schulz
et al. 1995; Vader 1998).

It is not possible to determine, in most cases, whether the investigators used
proper methods to generate random sequences of allocation (Vader 1998). In review-
ing an initial sample of 37,313 articles from the China National Knowledge
Infrastructure electronic database, reports of RCTs were searched on 20 common
diseases published from January of 1994 to June of 2005. RCTs published in some
Chinese language journals lacked an adequate description of randomization, and
similarly, most so-called ‘randomized controlled trials’ were not really randomized
controlled trials due to the lack of adequate understanding on the part of the authors
of the stringent clinical trial design (Wu et al. 2009).
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4.3 Inclusion of Control Groups

The importance of having a control group cannot be overstated as the inclusion of a
properly designed control group is one of the key factors in a RCT for TCM therapy.
A review of 66 RCTs with Chinese herbal medicines for type 2 diabetes mellitus
published in July 2005 indicated that a variety of control groups such as placebo,
positive and waiting-list control groups (Bian et al. 2006), was included.

However, extant control strategies may not be appropriate for RCTs of TCM. In
many RCTs of TCM clinical studies, positive control, which employs a conven-
tional medicine with strong evidence of efficacy, is used widely to confirm the effi-
cacy of TCM treatment. Most RCT outcomes from such approaches indicated that
conventional drugs had better efficacy than TCM when a single disease or symptom
was employed as the evaluation criterion. The effect based on TCM pattern was not
publicly considered and validated, as the outcome measures lack adequately
accounting for multiple statistical tests and evidence. Furthermore, conventional
drugs provide more definite mechanism with a single target and treatment indica-
tion, while TCM prescriptions act in a more complicated, network-like way so that
its treatment outcome often consists of a group of symptoms/pattern rather than a
single disease or symptom. Thus the efficacy measurement between the two kinds
of medicines is difficult to be notarized for the validity comparison.

Approved or well-used Chinese medicines are also included as control group in
certain trials. In such cases, both therapeutic regimens had complex active mecha-
nism. Nevertheless, even the indication of the two regimens proved to be the same
pattern in TCM, different Chinese medicines might have diverse biological param-
eters/targets, which would have influenced the comparing measurement of efficacy
and lead to false assessment.

It is difficult to design a perfect placebo on account of the special taste and
appearance of the Chinese herbal medicines. The blindness would be revealed
ahead of trial schedule by the improper placebo. Also the ethical requirements
would limit the usage of placebo in many cases.

In summary, different control groups may be appropriate according to the study
objectives, and several factors should be considered prior to selecting control groups
in the future RCTs of Chinese herbal medicines (Bian et al. 2006): Control groups
for RCTs should be selected according to study objectives; interventions as positive
control groups should have the strongest evidence of efficacy with prescriptions as
recommended by TCM practitioners, and act in similar ways as the test interven-
tion; placebo should bear the physical characteristics of tested medications as
closely as possible and is completely inert; no treatment control groups should be
used when withholding treatment is an ethical issue, and objectives outcomes will
not be subject to bias due to absent blindness. Registration through the Chinese
Clinical Trial Registry (CHICTR) and getting open access to information about
ongoing and completed trials will help in designing the proper control strategies.



236 K. Chan et al.

It should be expected that interdisciplinary support from pharmacology, pathology,
pharmacokinetics, pharmaceutics, and other appropriate disciplines will contribute
to the innovation of control group strategies which would meet the characteristics of
RCTs in TCM research.

4.4 Quality of Life (QOL), Patient Reported Outcomes (PROs)
& Biomarkers

It is acceptable that Quality of Life (QOL) indicators are often used as secondary
outcome indicators in many clinical studies. However, the efficacies of TCM treat-
ment on QOL have not been particularly evident in these studies. There is a general
impression among TCM practitioners that the currently available QOL instruments
may not be sensitive enough to detect the health changes that are regarded as impor-
tant in treatment using TCM. For examples, in TCM diagnosis and treatment regi-
mens, appetite and digestion, routine of urination and bowel, facial and lips colour,
spirit in the eyes and adaptation to climates and seasons are very important indica-
tors of health status. However, these indicators are usually not included in common
health related QOL (HRQOL) measure. Through the development of Chinese medi-
cine based QOL (ChQOL) (Leung et al. 2005) we demonstrated this evidence-based
approach using patient-reported outcomes or HRQOL measures can be utilized to
evaluate treatment efficacy of Chinese medicine, thereby build a bridge for the inte-
gration of Chinese medicine into mainstream health care (Zhao and Chan 2005).

Patient-reported outcomes (PROs), generated from QOL instruments adminis-
tered to patients before and after treatment intervention, refer to self-reported out-
comes in the context of health care, and include any report generated directly from
the person or persons involved. PROs include not only health status and quality of
life but also reports on the satisfaction with the treatment and care, the adherence to
prescribed regimens when directly related to end-result outcomes, and any other
treatment or outcome evaluation obtained directly from the patients through inter-
views, self-completed questionnaires, diaries or other data collection tools, such as
hand-held devices and web-based forms (Donald 2003).

PROs and HRQOL are self-reported outcomes in the context of health care. They
are essential endpoints in any clinical trial in which the patient’s self-report is the
primary or sole indicator of the disease activity; as well as when the treatment has a
small impact on survival but may have a significant impact, positive or negative, on
HRQOL,; the treatment may adversely affect patient’s ability to function and their
wellbeing; the treatment aims to offer equal clinical efficacy but differential PRO
benefits; and treatment-related decisions are based on a combination of objective
and patient-reported subjective parameters (Acquadro et al. 2003). In fact, PROs is
not new in TCM practice. The PROs concept is actually similar to one of the four
diagnostic methods in TCM: “Interrogation”, which has been used since the begin-
ning of TCM, and is a very effective diagnostic and evaluation method in TCM.
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Treatment related decisions are based on a combination of objective and
subjective parameters as well as PROs. The monitoring endogenous biomarkers in
relation to healthy and disease conditions is an objective measurement. Biomarkers
are molecular biological or physical characteristics that are used to identify risk for
disease, and also to diagnose and treat a disease. Cholesterol, blood sugar, proteins
and genes are some examples of biomarkers. Monitoring clinical biomarkers is an
emerging strategy in future development of conventional medicine to formulate
individualized or stratified medicine (Trusheim et al. 2007). The principles of adopt-
ing both objective (monitoring biomarkers and PROs) and subjective parameters
(data recorded by practitioners) in assessment efficacy of TCM treatment should be
encouraged for future approaches.

4.5 Quality Control on Clinical Studies

Most RCT studies of TCM have more methodological limitations than conventional
medicine according to some reports (Shen and Nahas 2009), although increasing
attention have been paid to quality control.

Many differences exist between clinical trials of TCM and conventional medi-
cine (Ernst 2006). To convince the patient’s compliance to TCM treatment is a criti-
cal problem especially in the west because of the absence of Chinese cultural
influence in the patients’ population. TCM treatment requires a long cycle in clinical
trials, because herbal medicine apparently is milder in action and takes a relatively
long time to manifest clinically. This means that trials must involve larger patient
number and longer study period than that of conventional medicine. It is likely the
drop-out rate would increase, and may affect the final statistical analysis and the
credibility of the trial. It is also difficult for a western physician to fully understand
and fulfill a clinical trial design in TCM. For this reason, it is challenging to organize
a large-scale clinical research team for a large sampled and multi-centered RCT.

In addition to these general difficulties, clinical trials collectively encounter a
range of problems that are not unique to TCM; these include size of the trial, design
and other more specific obstacles to clinical research (Ernst 2006).

Many RCTs are limited by small sample sizes or inconsistencies in the TCM prep-
arations studied (Shen and Nahas 2009). In some RCTs, the study populations dif-
fered considerably from typical primary care populations, and participants were not
always screened to rule out other possible causes of their symptoms. An analysis of
data on methodological quality of RCTs from 414 full length articles before 1 January
1997 in the Chinese Journal of Integrated Traditional and Western Medicine showed
that only a few studies had sample sizes of 300 subjects or more (Tang et al. 1999).

Complementary medicine journals likely to publish articles on TCM are associ-
ated with a strong positive publication bias (Ernst and Pittler 1997). The concern
therefore is that, due to a range of factors, bias is more of an issue in TCM than in
conventional medicine.
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Analysis of outcomes measures from clinical trials on TCM revealed that soft
and non-validated outcome measures are often employed, e.g., percentage of
patients perceiving benefit or patients’ preference. Similarly, multiple outcomes are
frequently used without adequately accounting for multiple statistical tests. Finally,
surrogate endpoints are frequent and researchers often measure what is measurable
rather than what is relevant.

Double blindness as a pre-requisite criterion can be difficult to achieve because
of the taste, odour or appearance of herbal medicines that could not be distinguished
from their respective placebos as exemplified by the numerous “placebo-controlled,
double-blind” trials of garlic preparations for cholesterol lowering (Stevinson et al.
2000); due to the body odour caused by garlic, blinding is not a realistic option.
Similarly double blind studies in clinical trial of acupuncture treatment suffer a
significant difficulty. It was pointed out that blinding was used in only 15 % of the
trials (Tang et al. 1999).

Quality control and safety issues of CMM preparations or composites formulae in
the form of PTCM should be a pre-requisite criterion before commencement of clinical
trials due to the variability of compositions and sources of origins of source materials.

Most problems related to RCTs of TCM can be solved. At present, the authority
in China has increased funding source and technology inputs for clinical research
on TCM, to establish an effective system of quality control and standardization for
the process of RCTs, such as training communication and networking nation-wide
and internationally. These measures would undoubtedly promote the quality of
RCTs in TCM. More worldwide communication and collaboration with multi-fields
experts will also benefit the quality of RCTs in TCM.

4.6 Safety Evaluation

Clinical trials are used not only to establish efficacy of an intervention but also to
learn its most frequently occurring side-effects that can be observed from the studies.
Thus report and analysis of adverse drug reactions (ADRs)/adverse events should
be another focus in the outcomes. However, there seemed to be underreported
adverse events in some RCTs (Shen and Nahas 2009), especially in trials of TCM,
as Chinese herbal medicines were always considered as natural and thus safe
products.

It is important to realize that personal experience is not a reliable basis for the
exclusion of uncommon reactions to herbal remedies (Ko 1999). On the other hand,
ADRs might have some correlation with the efficacy, or sometimes can be a predic-
tive factor for the therapeutic effect in TCM clinical practice (Jiang et al. 2010;
Meyer 2000; Phillips et al. 2001). Some researchers focus on the development of the
predictive model of the drugs responses in complex diseases in order to find a new
way of individualized treatment (Wessels et al. 2007) with the suggestions that it
could be sensible for clinicians and researchers to pay more attention to ADRs both
for side effect and for prediction of effectiveness.
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4.7 Case Study in TCM

An often-voiced criticism of clinical trials is that such clinical experiments often
inform us little about progress of individual patients after treatment intervention. In
TCM, treatments are often highly individualized. Although the importance of case
study has been widely recognized, the quality of the case report in TCM is still
unsatisfactory.

As one of the primary methods of knowledge transmission in TCM, the case
report played a critical role in the history. It is embedded in Chinese culture with its
unique characteristics of focusing on key information for pattern classification with-
out the efficacy evaluation criteria provided, which has resulted in difficulty in
acceptance and comprehension by modern medical system.

It is of paramount urgency that in TCM practice the procedure for reporting of
case studies should be standardized and established with a common language that
can be communicated with modern conventional medicine for comparison of treat-
ment efficacy and evidence-base discussion. To encourage the utilization of case-
report as a means of evidence-based approach for assessment of TCM treatment
efficacy, further analysis using modern informatics processing technology of well-
kept data in TCM treatment of common diseases will contribute to the optimization
of TCM treatment strategy and promote the development of individualized treat-
ment with TCM. The quality of case-reporting in TCM can also be improved by
taking the strict measure/procedure developed by the National Cancer Institute
(Mesch et al. 2006) in the USA, whose current key role is committed to funding
innovative treatment in cancer research by providing funding via the NCI’s Office
of Cancer Complementary and Alternative Medicine (OCCAM) coordinates the
institute’s research programs of complementary and alternative medicine (Campbell
and Whitehead 1977). Such approach can be utilized to provide evidence-base vali-
dation for TCM treatment efficacy.

S Analysis of Formulae for Female Infertility Using
TCM Informatics

The efficacy of a TCM medication comes from the complex interactions of herbs or
Chinese Materia Medica (CMM) in a formula. A practitioner has a repertoire of
these standard formulae but they only serve as templates to be personalized for dif-
ferent patients. Although the records of prescription are available, to determine the
true interacting herbs that contribute to the effectiveness of a treatment is still a
challenging and time-consuming task. We present an approach called Interaction
Rules Mining, which can find effective herbs combination with evidence. The anal-
ysis of the treatment records of female patients with infertility problem (Ainy et al.
2007) is used as illustration.
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Before we get into the details of IRM, we need to introduce the Synergy Index
(Rothman 1976) as it is important concept in our approach. In the field of epidemi-
ology, he formalized interaction by defining the terms synergy and antagonism.
This ratio was statistically approximated from the measured combined risk to the
predicted combined risk. The Synergy Index compared the combined effect of two
factors to that of the parts. If the combined effect of two factors is greater than that
of the two factors acting independently, then this is defined as synergy, and it is
antagonism when the value is sub-additive. These definitions provided the starting
point for the generation of non-parametric interaction rules based on statistical sig-
nificance rather than setting arbitrary thresholds as used in association rule mining.

Another important concept in our approach is complementarities which was first
introduced by (Edgeworth 1881). Activities are considered complement if doing
(more of) any one of them increases the returns to doing (more of) the others. The
idea was later formalized (Topkis 1998) using the mathematical theory of lattices.
This has become a monotone optimization problem and can be represented by the
“supermodularity” of a function with respect to two or more complementary vari-
ables. Supermodularity dictates that the sum of the increases in the value of a func-
tion when the levels of the complements are changed one at a time would be less
than the increase in the function’s value when the levels are changed simultane-
ously. If complementarities among activities exist, then the gains from increasing
every component are larger than the sum of the individual increases. In a more
general way, a function of f: R*— R is said to be supermodular if

f(X/\y)+f(xvy)Zf(x)+f(y) (D)

V x,y € R*, where (x Vv y) denotes the component-wise maximum and (x A y) denotes
the component-wise minimum of x and y (Topkis 1998). In other words, the heuris-
tic is to measure the marginal gain over the baseline and the separate effect due to
each individual variable. Suppose there are two herbs P; and P,. Each herb can be
used in a prescription (P;=1) or not (P;=0) and (P,=1) or not (P,=0). The function
f(P;, Py is supermodular and P, and P, are complements only if: £ (1,1)—f(0,1) >f
(1,0)=£(0,0), i.e. using an additional herb while already using the other has a higher
incremental effect on outcome f than when using the herbs are used in isolation. For
linear functions, this can clearly be mapped directly to the concepts of synergy and
antagonism. The three concepts of epidemiological interactions, complementarities,
and supermodularity are thus related, despite their different roots. Thus, the concept
of complementarities can offer a useful perspective to study the complex interac-
tions of herbs in TCM prescriptions.

5.1 Interaction Contrast (IC)

In our approach, we implement supermodularity with the measure of risk ratio
based on (Poon et al. 2011). This measure has been well accepted in the domain of
public health and epidemiology. We used and extended the concept of interaction
contrast (IC) to measure two things concurrently, namely, the strength of an
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interaction and the reliability of that measurement by using a statistical validation.
This approach simplifies the measure of interactions between probabilities of the
main factors. Synergy for a 2-factor scenario is defined as positive values of IC as
below

[C:(Rn_Rm)_(Rlo_Roo) (2)

where R;; is denotes the ratio of risk (or effect) among those in combined exposure
category i, j to the risk (or effect) among those unexposed to both exposures.
Synergism is defined as the increase in probability between the expected outcome
and the measured outcome for a given combination of herbs. Discovered interaction
rules are thus limited by statistical criteria to ensure the reliability of the generated
rules. In this paper, we rely on an extension to this basic model. Interactions are
represented by an increase or decrease in the probability of the ‘good’ outcome and
the full effects of individual components are included in the model. This approach
allows for a more detailed analysis of higher order interactions.

The efficacy of each combination of herbs is measured by contrasting the proba-
bility of a desirable outcome with the expected outcome due to the parts. To do this
we first measure the effect of each sub-combination of the components. From this, we
can construct the expected combined outcome if no interaction is present. Any inter-
action effect will thus be the difference between our estimated effect and the actual.

5.2 IRM Algorithm

The goal of this IRM algorithm is to systematically generate all possible herbal combi-
nations from the clinical records; all these combinations are statistically synergistic in
accordance to the previously described interaction measurement. It is computationally
prohibitive to analyze every possible combination for interaction effects. Our algorithm
was designed to test for the potentially significant combinations only. It was made pos-
sible using the statistical properties to be described in the next two paragraphs.

The first one is the “necessary” condition. This condition requires sufficient evi-
dence (i.e. sufficient sample size N) to be presented in the dataset for calculating the
IC described earlier. If there is insufficient data in one or more cells, k-herb interac-
tion and its related higher-order interactions can be pruned due to insufficient evi-
dence. The lower the N is, the lesser is the power, therefore, it is harder to get
statistical significance. Extremely low sample size in any cell reduces the power of
the analysis so much that the value of R cannot be determined. A valid R is required
to test its value. Hence, we make use of this property to prune combinations from
the model where we expect there to be too few values for R to be determined. If we
do not have enough cases in a cell (strata), we cannot calculate the IC, hence there
is no point to continue to calculate the subsequent IC in the sub-strata. As a result,
we can discard combinations where statistical significance cannot be determined
(e.g. with any N value being less than a statistical acceptable threshold).

The second one is the “sufficient” condition. This condition requires that the
sets have sufficient evidence to be statistically tested based on the IC described.
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Table 2 Basic statistics Information Count

of the infertility dataset Number of encountors 351
Number of patients 108
Number of herbs 250
Number of good outcome 404
Min number of encounter per patient 1
Max number of encounter per patient 18

We calculate the level of synergism of each identifiable pattern of complex
(high-dimensional) herb interaction from the given TCM datasets (i.e. herb combina-
tions that have satisfied the necessary condition) then measure the statistical signifi-
cance of each.

The rules generated are then analyzed for clinical significance by TCM practitio-
ners. Clinical records of treatment were classified by the use or not use of each pos-
sible herb in a prescription. The outcome of each clinical encounter was then classified
as good (1) or bad (0). From this, the probability of a good outcome was determined
for each combination of herbs that could potentially have statistical significance.

5.3 Experiments and Results

A dataset of clinical treatment on female with infertility problems was obtained
from a TCM hospital in Beijing. The basic statistics of this dataset can be found in
Table 2. It contained the 851 encounters of 108 female patients. Two hundred and
fifty different herbs were used in this dataset. Three of these herbs were frequently
used; they can be found in more than 50 % of the prescriptions. The most frequently
used herb was tusizi (%221") with a frequency of 645 times, the second one was
danggui (*41H), 586 times and baishao (I1%7) had 488 times. The highest number
of encounter with a patient was 18. The outcome of each encounter was annotated
by TCM clinical experts as either effective or ineffective. It was a relatively bal-
anced dataset with 47.5 % of these encountered labeled as effective. This dataset
was analyzed using the IRM algorithm. After all the statistically significant interac-
tion rules were discovered, the rules generated were analyzed for clinical signifi-
cance by TCM practitioners.

Tables 3 and 4 listed the top 10 ranking 2-way and 3-way interactions according
to the synergy-value, with the interpretation of each of the combination in the right-
most column of the tables. Table 3(a) listed the top 2-way interactions. For the
2-way interactions, there were three pairs not having corresponding clinical inter-
pretation. The others all had clinical values. Pair-1,3,5 were mainly related to nour-
ishing yin, while the rest catered for the treatment of problems with spleen and
stomach, regulating qi, clearing heat and dredging channels. Although the dataset
was about infertility, however, the patients’ symptoms were not considered in this
analysis, hence, these herb-pairs might be effective to deal with the symptoms
reported by the patients; they might not be related to the infertility problem.
There were three combinations in Table 4 that were obviously prescribed to address
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Table 3 Top 10 2-way interactions

#i1 #2 Synergy-value Interpretation

1 A A 0.88623 It has practical clinical value: both herbs are useful for
nourishing yin

2 A Bl F 0.88246 No such known combination

3 HE Bk 0.87846 It has practical clinical value: both herbs are useful for
nourishing yin for moistening dryness

4 WEAR ZEIME 0.85778 They can be useful in treating the spleen and stomach,
but it is not common to be used together

5 = bk 0.84792 It has practical clinical value: both herbs are useful

for nourishing yin. The former is for nourishing yin
but not moist, while the latter herb is for nourishing

kidney yin
6 WE i B 0.84091 Dangshen is useful for regulating qi. The second herb
warms the spleen and kidney, relieving diarrhoea
7 R 21 0.83893 No such known combination
8 X Lyl 0.83197 Both herbs are useful for clearing heat
9 IRKI HRAEHE 0.83060 Both herbs are useful for dredging channels
10 WaChHE AH®E 081836 No special clinical value

Table 4 Top 10 3-way interactions

#il #2 #i3 Synergy-value Interpretation

1 W HH S 0.97686 No good explanation

2 A MH KIME 096920 No good explanation

3 RE B AHE 095593 Useful for regulating stomach and spleen
*4 W 4 A 0.95355 The first herb is for regulating the qi to prevent

miscarriage. The role of the remaining two
herbs is to nourish blood. And they are two of
the important herbs in the Sijunzi decoction

*5 A TR LT 094115 The first two herbs are useful for regulating qi
and promoting blood circulation. The third
herb is useful for tonifying the kidney and
liver, preventing miscarriage, improving
eyesight and relieving diarrhea

6 #FE& HT LU 093603 The first two herbs are useful for nourishing
yin, while the third one is for regulating
stomach

7 K¥Z HH 0 ETH 093528

*8 HA M 24 0.93510 It is common to put these three herbs to help
prevent miscarriage

9 KT7Z HH SKIME 0.93378 The first herb is to benefit qi. Danggui is to

nourish blood while Zisugeng is to regulate
qi and stomach

10 M= KR5S SEE 0.93147 The combination of these three herbs has
clinical value: dispersing and relieving
stagnated liver qi, and regulating stomach
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issues in a pregnancy, which was to prevent miscarriage. Pair-1 was useful to
regulate spleen and stomach. Pair-6 aimed for nourishing yin. Pair 9 was useful to
benefit gi and to regulate stomach. Pair-10 helped disperse stagnated qi. There were
two combinations that were not easy to explain.

We had mixed response to this preliminary experiment. Firstly, the algorithm
was able to find useful herb-combinations that addressed fertility problems but, sec-
ondly, other combinations that seemingly unrelated were also highlighted. We
should be all aware that TCM treatment is a holistic approach. In many occasions,
treatments do not necessary aim to solve the specific disease but other phenomena
worth the attention. Hence, we believed this observation was largely due to the fact
that many herbs were prescribed to address the symptoms reported by the patients,
i.e. the spleen and stomach problem, or the stagnation of qi. We reckoned the results
can be improved by first clustering the symptoms and their related herbs, then these
herbs are sent to the IRM algorithm for analysis to find the effectiveness of different
herbs combination.

6 Concluding Remarks

Over the past decades, increasing numbers of clinical trials on TCM treatment effi-
cacy have emerged and we predict that there will be more RCTs with higher quality
in the future to meet the needs of modern research and development, and that the
quality of RCTs will be improved with the generalized RCT registration, standard-
ization of clinical research, and the promotion of evidence-based medicine (EBM).
The world-wide focus on clinical trials in TCM will continue to increase. However
we are in need of modified modalities that can focus on the assessment of TCM
diagnosis and treatment outcomes of holistic and individual approach.

Based on accepted and recognised models such as Interaction Rules Mining,
informatics analysis of data from TCM diagnosis and treatment principles can con-
tribute to the understanding of how complex mixture of CMM are related to the
principles of TCM formulary in treatment of diseases. The success of applying
information technology in deciphering TCM principles depends on the synergistic
combination of knowledge from the fields of information technology, statistics, and
TCM. Combining the strengths of each is essential to improving the quantitative
analysis of TCM and broadening our knowledge of the principles that underlie its
effectiveness. Continued feedback between the practitioners in each field will help
us to refine the analytical techniques used for evaluation.

The way forward to identify evidence-base in TCM practice requires multidisci-
plinary collaborations among different professionals of both conventional medical
and TCM practices with expertise from biomedical, bioinformatics, pharmaceutical
and TCM disciplines.
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