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Abstract. Traditional Chinese Medicine (TCM) is a significant channel for the
prevention and treatment of Chinese diseases and is increasingly popular among
non-Chinese people. However, it suffered serious credibility problems. The
fundamental question is that TCM syndrome differentiation is it a totally sub-
jective question or is it based on evidence? In recent years, a method called
latent tree analysis (LTA) has been put forward. The main idea is, based on
statistical principles for cluster analysis of the epidemiological survey symptoms
data, to discover latent variables implicated in the data and compare them with
TCM syndromes. However, LTA has its own limitations. It states that one
manifest variable in the latent tree model (LTM) can only correspond to one
latent variable. This is inconsistent with the theory of traditional Chinese
medicine. Therefore, this paper proposed an improved LTA, based on the LTM
obtained from the original LTA, adding arrows between symptoms and syn-
dromes. The current analysis used the improved LTA to study a dataset of
37,624 patients with hepatopathy. The latent variables found here well match the
latent factors of TCM, in addition, there are also some symptoms associated
with multiple syndromes, it not only provides evidence for the validity of the
relevant TCM hypothesis in the case of hepatopathy and helps to classify these
patients into TCM syndromes, but also proved that the improved LTM has a
higher degree fitting to the original data.
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1 Introduction

Traditional Chinese Medicine is a significant channel for the prevention and treatment
of Chinese diseases and is increasingly popular among non-Chinese people. However,
it suffered serious credibility problems, especially in the West. One of the reasons is the
lack of rigorous randomized trials to support the efficacy of TCM treatment [1].
Another equally important reason for this article is the lack of validation of TCM
theory.

The diagnosis of TCM begins with a comprehensive observation of symptoms
(including signs) using four diagnostic methods: examination, hearing, questioning and
palpation. Based on the collected information, patients are classified as various types of
TCM vocabulary collectively referred to as “Zheng” [2]. “Zheng” is usually translated
as “Traditional Chinese Medicine Syndrome.” The process of classifying patients into
various syndromes is called TCM syndrome differentiation.

TCM syndrome such as Yang deficiency, Yin deficiency is the hypothesis of
traditional Chinese medicine to explain the occurrence and co-occurrence of signs and
symptoms. For example, TCM believes that Yang and Yin are essential substances for
the human body. They have the function of warming and nourishing the body [3].
Deficiency of yang can lead to cold performance, such as chilling. Therefore, patients
with these symptoms are often classified as Yang class. Similarly, deficiency of Yin
may lead to dry mouth, throat fever, fever of hands and feet, and other symptoms [4].
Therefore, patients with these symptoms are often divided into Yin deficiency and
Yang deficiency class.

Western medicine divides patients into different categories according to disease
types or subtypes and treats them accordingly. Instead, TCM classifies patients into
different categories based on the type of symptoms and treats them accordingly. The
difference between Chinese and Western medicine is that western medicine is treated
by the type of disease, and TCM is treated by co-occurrence of symptoms [5–7].

Two fundamental questions about TCM syndromes are usually raised: (1) Do they
correspond to real-world entities, or are they purely subjective? (2) TCM Syndrome
Differentiation is it a totally subjective question or is it based on evidence? For more
than half a century, researchers have been seeking answers to these questions through
laboratory experiments [5, 6] However, the question remains unanswered [7–9].

Recently, a different method has been proposed [10, 11]. It distinguishes between
two variables of traditional Chinese medicine. Clinically, symptoms such as “cold”,
“dry mouth” and “throat dryness” can be directly observed and are therefore referred to
as observation variables. On the other hand, the syndrome factors such as Yang
deficiency and Yin deficiency cannot be directly observed and must be determined
indirectly according to the symptoms. Therefore, they are latent factors.

Zhang et al. speculated that certain conceptions of syndromes such as Yang defi-
ciency and Yin deficiency originated from the observed regularity of symptoms and co-
occurrence in ancient times. They proposed a new TCM syndrome research method, in
which the researchers collected data on the patient’s symptoms and ruled out the
doctor’s diagnosis, and re-extracted, from the unlabeled data collected, the latent
factors postulated in TCM. Since the purpose of this method is to provide objective
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evidence for the diagnosis of TCM, the diagnostic results will not be collected in the
first step. The second step is accomplished by using a new type of probability model
called the Latent Tree Model, which was developed specifically for the study of TCM
syndromes [10]. This method is called latent tree analysis (LTA).

They have tested the LTA method on the kidney deficiency data set. The latent
variables they found were in good agreement with the relevant latent factors of TCM.
(Note that in this article, the term “latent factor” refers to a factor that is not observed in
TCM, and “latent variable” refers to a variable that is not observed in the statistical
model.) This provides statistical validation of the relevant TCM hypothesis. However,
this latent tree analysis has its own limitations. It states that one observed variable in the
latent tree model can only correspond to one latent variable. This is inconsistent with
the theory of traditional Chinese medicine. According to traditional Chinese medicine
theory, a symptom may be caused by multiple Syndromes, that is, one symptom can be
connected to multiple syndromes. Therefore, based on the model of LTM, by
increasing the connection between symptoms and syndromes, the arrow-adding
(LTM-AA) operation is performed to improve the fitting degree between the model and
the data. Experiments have proved that the improved latent tree model has a higher
degree fitting to the original data.

The current analysis used the improved LTA to study a dataset of 37,624 patients
with hepatopathy. The latent variables found here well match the latent factors of TCM.
This provides evidence for the validity of the relevant Chinese medicine hypothesis in
the case of hepatopathy and helps to classify these patients into TCM syndromes.

2 Improved Latent Tree Model

2.1 Review Latent Tree Model

The latent tree model is the simplest latent structural model. They were previously
called “hierarchical latent class models.” [12] The “latent tree model” is a tree-
structured Bayesian network [13–15] in which the leaf node variables are observed and
formed as “ manifest variables,” whereas variables at internal nodes are latent and
hence are called “latent variables.” All variables are assumed to be discrete. Arrows
indicate direct probability dependence. In the model shown on the left side of Fig. 1,
there is an arrow from variable Y1 to variable Y2. This means that Y2 is directly
dependent on Y1. The dependence is characterized by a conditional distribution P (Y2|
Y1) which gives the Y2 distribution of each value of Y1.

As an example, consider high school students who need several subjects (such as
math, science, literal, and history). Grades are influenced by latent factor analysis skills
and literal skills, which in turn are affected by general intelligence. These relationships
form a latent tree structure, as shown on the right side of Fig. 1.

The interest in this article is how to induce a latent tree model from the data. This
can be divided into two sub-problems. First, which one is the best among all possible
models? This is a matter of model selection. Zhang [12] empirically examined several
criteria, namely, Bayesian Information Criterion (BIC) score [16], Akaike Information
Criterion (AIC) score [17], Cheeseman-Stutz score [18], and holdout-likelihood [19].
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Bayesian Information Criteria (BIC) score turns out to be the most appropriate for the
task. The BIC score for the latent tree model is given by formula (1):

BIC mjDð Þ ¼ log Djm; h�ð Þ � d mð Þ
2

logN ð1Þ

Where D is the data set, m is the structure of the model, h� is the maximum
likelihood estimate of the model parameters, d(m) is the number of free parameters, and
N is the sample size. Please note that this definition of BIC score is used in the machine
learning community rather than social science researchers who often use negatives.

The second sub-question is how to find the model with the highest BIC score in all
possible model spaces. The first algorithm for this task was DHC [13]. It can handle data
sets with only about six manifest variables. As for it, it is a concept test algorithm. The
second algorithm is called SHC [20]. It can handle about a dozen manifest variables. It is
a springboard for a more efficient EAST (Expansion Adjustment Simplification until
Termination) [21] algorithm that can handle about 100 manifest variables. EAST has
been tested on synthetic data and real-world datasets through market research [22] and
from a social survey. It finds interesting latent structures in all situations.

2.2 The Arrow-Adding Algorithm

Based on the latent tree model obtained by the EAST algorithm, considering that one
symptom is often associated with multiple syndromes in the TCM theory, this paper
uses the arrow-adding (LTM-AA) to improve the original latent tree model,
Improvement is made to enable one manifest variable to correspond to multiple latent
variables, that is, one symptom corresponds to multiple syndromes. However, con-
sidering the complexity of the improved algorithm, this paper considers one syndrome
can only add arrow once.

The LTM-AA algorithm is another search process under the guidance of the BIC
score, adding one edge at each step. For example, for the latent tree model shown in left
of Fig. 1, taking the latent variable Y1 as an example, the AA algorithm is connected to
X1, X2, X3, X5, X6, X7 via Y1, respectively. Then there are six candidate models,
comparing the BIC scores of the six candidate models and the initial model. and then

Fig. 1. Left: A latent tree model. The Xi’s are manifest variables and the Yi’s are latent
variables. Right: An example of latent tree model.
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select the model with the largest BIC score as the initial model for the next step, the
other latent variables Y2, Y3 search process is the same. In the end, the model shown in
Fig. 2 may be obtained. This model is no longer a tree and is a more complex Bayesian
network than the latent tree model.

The LTM-AA algorithm is given as follows:

3 Analysis of TCM Data Set

3.1 Data Collection

The dataset was collected in 2010–2014. It contains 37624 patient cases and 150
symptoms. These symptom variables were selected according to the Chinese
National TCM Clinical Terminology Criteria [23] and some TCM diagnostic textbooks
[24]. These variables are the most important factors for Chinese medicine doctors in
determining whether a patient has hepatopathy. Therefore, we call this dataset hep-
atopathy data. Each symptom variable has four possible values, namely “no”, “light”,
“medium” and “serious”. Operational criteria [25] are defined when collecting data to
determine the consistency of the severity of the symptoms.

The data was from a Shanghai hospital and all subjects were inpatients or outpa-
tients who had suffered from hepatopathy. Therefore, all the conclusions drawn are
about this group.

Fig. 2. The improved latent tree model which obtain by adding arrow algorithm, and the red
arrow is the added edge. (Color figure online)
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3.2 Data Processing

Since the data sample is too large and the data itself is sparse, when the symptoms’
frequency is less than 5%, the symptoms were removed from the data set, and there are
remaining 135 symptoms. However, there are still too many symptoms, and the
improved latent tree analysis can’t handle such a big data, so we also removed some
other symptoms which can be considered irrelevant symptoms. We removed them by
measuring the similarity through Euclidean distance between the symptoms. After that,
there are 55 symptoms contained.

In order to decrease the algorithm runtime, there are only 11854 patient cases
chosen and the removed cases are which contains too few symptoms. Finally, 11854
patient cases and 55 symptoms included in further analysis.

3.3 The Result of LTA

We used the improved EAST algorithm to analyze hepatopathy data. The result of the
analysis is a latent tree model that will be referred to as a hepatopathy model. The best
model’s BIC Score is -248106 and the structure of the model is shown in Fig. 3.

Fig. 3. The structure of the best model M found for hepatopathy data.
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In the model, nodes marked with English phrases represent symptom variables. Each
of them has four possible values that represent the degree of symptoms. The symptom
variable comes from the data set. Nodes marked with a capital letter ‘Y’ and an integer
index are latent variables. They are not from data sets. Instead, they are introduced in the
data analysis process to explain the patterns in the data. Each latent variable has an
integer next to it. This is the number of possible values for the latent variable.

The edges in the model represent probability dependencies. Each edge is charac-
terized by a conditional probability distribution. The width of the edge indicates the
strength of the correlation between the variables. For example, Y5 is strongly related to
“rib-side pain”, related to “dull rib-side pain”, and weakly related to “abdominal
fullness and distention.” In this article, we will focus on the links between variables and
the advantages of these links. The conditional probability distribution contains quan-
titative information that can be used as a syndrome differentiation. We will discuss
them in future work.

4 Discussions

4.1 Latent Variables as Evidence for TCM Hypothesis

In the latent tree model, the set of manifest variables that are directly connected to a
particularly latent variable is called a sibling cluster. The siblings cluster together with
the latent variables constitute a family. For example, two symptom variables under Y3,
“dizziness” and “giddiness” form a sibling cluster. Together with Y3, they form a
family and are said to be headed by Y3.

Why are some symptom variables grouped to form sibling clusters during latent
tree analysis? Why introduce latent variables? Examination of the model (qualitative
and quantitative information) shows that there are three conditions for this problem.
First, some symptom variables are grouped into a sibling cluster because they tend to
occur at the same time. In the family headed by Y8, one example is “thirst” and “ bitter
taste.” In this case, the latent variable is introduced to explain the co-occurrence of
symptoms. Second, some symptom variables are grouped into a sibling cluster because
they are mutually exclusive. One of the examples is “yellow complexion”, “red
complexion” and “darkish complexion” headed by Y20. In this case, the latent variable
is introduced to represent a partition of the patients based on those symptoms. The third
case is a mix of the first two cases. An example is the family headed by Y10, where
“red tongue” and “pale white tongue” are mutually exclusive, and they all occur
together with “teeth-printed tongue”.

The latent variable in the first case is evidence of the validity of the TCM
hypothesis. For example, traditional Chinese medicine believes that syndrome of
deficiency of liver blood may lead to “dizziness” and “giddiness.” The implication of
this hypothesis is that these two symptoms tend to co-occur in clinical practice. The
introduction of Y3 in the latent tree analysis has confirmed that “dizziness” and
“giddiness” really do tend to co-occur in the data. In other words, it has confirmed the
meaning of this hypothesis. In this sense, it provides support for the assumption of
traditional Chinese medicine.
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4.2 Evidence for the Validity of TCM Hypothesis

Starting from the lower center of the model M, we noticed that ‘hot flash’ and ‘night
sweat’ are grouped under Y4. This and related quantitative information suggest that
these two symptoms tend to occur together in the data. On the other hand, the co-
occurrence of these two symptoms is the hypothesis that fire excess from yin deficiency
will lead to “hot flash” and “night sweat”. So, Y4 variable has confirmed this meaning
and therefore proves the validity of this hypothesis.

The family headed by Y13 showed three symptoms of “pain limbs”, “nausea” and
“drowsiness” tended to occur in the data at the same time. The evidence to support this
hypothesis is that phlegm-heat blocking orifices may cause “pain limbs”, “nausea” and
“drowsiness”.

The family headed by Y23 indicated that there was “chest distress” and “heart
palpitation” co-occurrence in the data. The evidence supporting this hypothesis is that
stagnant blockade of heart blood may lead to “chest distress” and “heart palpitation”.
At the same time, family headed by Y22 show that in the data, together with “chest
distress” and “heart palpitations”, there are also symptoms of “ labored breathing “,
“short of breath” and “drowsiness” occurred together. This is evidence supporting the
hypothesis that chest disorder of qi movement may lead to “chest distress”, “heart
palpitation”, “labored breathing”, “short of breath” and “drowsiness”.

In addition, we found that the symptoms of “drowsiness” were linked to Y13 and
Y22 at the same time, and that the interpretation of Y13 and Y22 could both corre-
spond to the syndromes in TCM theory. Y22 and Y13 were related to each other, and it
was consistent with the hypothesis that phlegm-heat blocking orifices is relevant to
chest disorder of qi movement. This not only verifies the correctness of the latent tree
model, but also shows that the improved latent tree model has higher degree of fitting to
the original data.

Family headed by Y12 showed two symptoms: “insomnia” and “dreaminess” tend
to occur in the data at the same time. The evidence supporting this hypothesis is that
yin deficiency can lead to “insomnia” and “dreaminess”. The family headed by Y5
indicated that there is “stomachache”, “dull stomachache”, “abdominal fullness and
distention”, “rib-side pain” and “dull rib-side pain” co-occurrence in the data. The
theory of syndrome differentiation in traditional Chinese medicine generally considered
that: (1) “stomachache” and “dull stomachache” suggest that the lesion is located on the
stomach, which is a manifestation of stomach qi stagnation. There are many causes of
stomach qi stagnation, such as phlegm, drinking, hydrosphere, moisture, retained food,
cold, heat and other evil stagnation in the stomach, or stomach yang deficiency, can
lead to stomach qi stagnation and painful. (2) abdominal fullness and distention
prompted lesions in the spleen, but also in the large intestine, liver, etc. it often due to a
variety of deficiency, such as yang, qi deficiency and real qi stagnation, coagulation
cold, congestion and other factors cause local blood block. (3) “rib-side pain” and “dull
rib-side pain” suggest that the lesions are mostly in the liver and gallbladder, are often
caused by pathogenic factors such as qi stagnation, hot and humid condition, heat
pathogen, etc. which hinder the liver and gallbladder vent. The evidence supporting this
hypothesis is that spleen and stomach qi stagnation and liver qi stagnation may lead to
the above five symptoms.
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The other sibling clusters in the model are also clearly meaningful. The variables
under Y9 are mostly about the color of fur; the variables under Y10 are mostly about
the situation of the tongue; And the variables of Y20 represents a partition of “color of
complexion”.

5 Conclusion

Based on the latent tree model obtained by EAST algorithm, an arrow- adding (LTM-
AA) algorithm is used to achieve a single manifest variable that can correspond to
multiple latent variables, that is, one symptom corresponds to multiple syndromes in
TCM theory.

An improved LTM was performed on the symptom data of 11854 patients with
hepatopathy. This article introduces the model obtained and explains how to under-
stand and appreciate the qualitative aspects of the model. In particularly, this report
discusses how and in what sense data analysis provides evidence for confirming the
TCM syndrome hypothesis. All about this evidence is determined through systematic
inspection of the model.

This analysis shows that according to the data, a symptom corresponds to multiple
syndromes with their realistic basis. For example, for symptoms of drowsiness, before
the arrow-adding algorithm is performed, the drowsiness is only associated with the
latent variable Y13, but by the arrow-adding algorithm, it can find that it is also related
to the latent variable Y22, in addition, for the latent variables Y13 and Y22, we can find
the corresponding syndrome in the TCM. This not only verifies the correctness of the
traditional Chinese medicine theory for chest disorder of qi movement, phlegm-heat
blocking orifices, but also reflects the improvement of the latent tree model is more fit
to the original data. In the same way, this work has provided statistical validation to
TCM hypothesis about yin deficiency, fire excess from yin deficiency, chest disorder of
qi movement, phlegm-heat blocking orifices, stagnant blockade of heart blood, stomach
qi stagnation and liver qi stagnation.
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