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Abstract

Objective Therapeutic drug monitoring (TDM) is a proce-
dure in which the levels of drugs are assayed in various
body fluids with the aim of individualizing the dose of
critical drugs, such as cyclosporine A. Cyclosporine A
assays are performed in blood.

Methods We proposed the use of the Takagi and Sugeno-
type “adaptive-network-based fuzzy inference system”
(ANFIS) to predict the concentration of cyclosporine A in
blood samples taken from renal transplantation patients. We
implemented the ANFIS model using TDM data collected
from 138 patients and 20 input parameters. Input parameters
for the model consisted of concurrent use of drugs, blood
levels, sampling time, age, gender, and dosing intervals.
Results Fuzzy modeling produced eight rules. The devel-
oped ANFIS model exhibited a root mean square error
(RMSE) of 0.045 with respect to the training data and an
error of 0.057 with respect to the checking data in the
MATLAB environment.

Conclusion ANFIS can effectively assist physicians in
choosing best therapeutic drug dose in the clinical setting.
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Introduction

Therapeutic Drug Monitoring (TDM) is a useful procedure
that helps physicians estimate effective plasma concentra-
tions of the prescribed drugs [1, 2]. To determine critical
doses of drugs, the physicians use the quantitative TDM
assay results in their clinical reasoning to diagnose drug
toxicity, ineffective dosing or poor patient compliance [1—
3]. As such, TDM offers the opportunity to control
pharmacokinetic variability during the drug therapy based
on the analyses of drug concentrations in body fluids rather
than using the dose alone. However, TDM is not only a
costly procedure, which restricts its use, but fast and easy
analytical methods are not available for most agents in
many medical centers.

Cyclosporine A, an immunosuppressant agent, is of
critical value in terms of immunosuppressive therapy for
the prevention of graft rejection and autoimmune diseases
[4, 5]. The striking importance of cyclosporine A TDM
assays becomes apparent when the outcomes of ineffective
cyclosporine A treatment begin to manifest. Many factors
affect the blood levels of cyclosporine A [6].

There has been limited use of TDM in planning a
treatment regimen for cyclosporine A since what we
measure is simply what we had administered. In fact, the
basic requirement of most physicians is to know what to
prescribe rather than to learn how effective the prescribed
drug was. In other words, TDM should be used for
checking whether the administered dose is effective.

The use of simple pharmacokinetic relationships is not
easy and practical at outpatient clinics, and most of the
mathematical algorithms currently available do not reflect
patient characteristics, such as concurrent use of drugs,
presence of various disease states, race, sex, among others.
In addition, data from pharmacokinetic studies performed
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Table 1 Therapeutic drug monitoring parameters used for fuzzy
modeling

Parameters Mean Range
(minimum—maximum)

Age (years) 35 2-72

Morning dose (mg) 89 25-200

Evening dose (mg) 83 25-200

Post-dose sampling time (h) 7.6 1.5-24.5

Cyclosporine A blood 443.5 3-4600

concentration (ng/ml)

on large patient populations are scarce. The necessity of
population pharmacokinetic studies performed using TDM
data is important, as demonstrated in one study using
Bayesian estimators [7].

Data mining, also known as knowledge-discovery in
databases, is the process of automatically searching large
volumes of data for patterns [7—14]. It is a fairly recent
development and a contemporary topic in the field of
computer sciences. However, current data mining proce-
dures used many older computational techniques from
statistics, information retrieval, machine learning and
pattern recognition. One common approach to evaluate the
fitness of a model generated via data mining techniques is
called cross validation, which is a technique that produces
an estimate of generalization error based on re-sampling. In
simple terms, the general idea behind cross validation is
that dividing the data into two or more separate data subsets
allows one subset to be used to evaluate the general-
izeability of the model learned from the other data subset
(s). A data subset used to build a model is called a training
set; the evaluation data subset is called the checking set.

In this study, we propose the use of adaptive-network-
based fuzzy inference system (ANFIS) to predict the
level of cyclosporine A in blood of renal transplantation
patients.

Methods
Data

Cyclosporine A assays carried out in 2005 on renal
transplant patients who had been admitted to the TDM
Unit of Marmara University Hospital were included in this
study. The use of this retrospective data set was accepted by
the Local Research Ethics Committee of Marmara Univer-
sity, School of Medicine (Protocol and approval number:
2007-70/813).

Whole blood samples were analyzed using the TDx
assay [based on fluorescence polarization immunoassay
(FPIA; Abbott Laboratories, Abbot Park, IL). Data on a
total of 654 TDM assays were collected from 138 patients
(78 male, 60 female). The concentration of cyclosporine A
in the blood was monitored in each patient at different post-
dose sampling times. The data collected for each assay
were age of the patient (years), morning/evening doses of
cyclosporine A (mg), post-dose sampling time (h), concen-
tration of cyclosporine A in the blood (ng/ml), and gender.
In the checking data set, 69 of the TDM assays were from
female patients and 112 from male patients. In the training
data set, 166 TDM assays were from female patients and
307 from male patients. The mean and ranges of the TDM
parameters are given in Table 1.

The cyclosporine A assays were randomly assigned into
two sets: 473 assays were used for training the data mining
models, and the other 181 assays were used for checking
the models. Some basic population statistics for the training
and checking sets are shown in Tables 2 and 3.

Fuzzy modeling

Fuzzy modeling or fuzzy identification, first explored by
Takagi and Sugeno, has found numerous practical applica-
tions in control, prediction and inference [13]. Fuzzy if-then
rules or fuzzy conditional statements are expressions of the

Table 2 Distribution of con-
current drug use in the check-
ing and training data sets

Drug class

Checking data () Training data (n)

Presence Absence Presence Absence
Class I (steroids) 132 49 346 127
Class II (immunosuppressants) 80 101 259 214
Class III (antihypertensives) 139 42 340 133
Class IV (antiplatelets) 33 148 101 372
Class V (hypolipidemics) 44 137 129 344
Class VI (antiulcers) 58 123 127 346
Class VII (antacids) 11 170 44 429
Class VIII (calcium or vitamin D supplements) 69 112 132 341
Class IX (antiosteoporotic agents) 9 172 21 452
Class X (others) 144 37 337 136
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Table 3 Distribution of age groups in checking or training data sets

Age groups (years)  Checking data (n) Training data (n)

Presence  Absence  Presence  Absence
Group I (0-5) 0 181 10 463
Group II (6-15) 9 172 32 441
Group III (16-25) 27 154 64 409
Group IV (26-40) 75 106 170 303
Group V (41-55) 56 125 164 309
Group VI (56-72) 14 167 33 440

form IF A, THEN B, where A and B are linguistic labels of
fuzzy sets characterized by the appropriate membership
functions [13]. Fuzzy if-then rules are often employed to
capture the imprecise modes of reasoning that play an
essential role in the human ability to make decisions in an
environment of uncertainty and imprecision. The ANFIS is
a fuzzy inference system (FIS) implemented in the
framework of adaptive networks [8]. By applying Jang’s
hybrid learning procedure, an input—output mapping is
constructed based on both fuzzy if-then rules (human
knowledge) and stipulated input—output pairs [8]. Basically,
a FIS is composed of five functional blocks:

1. a rule base which contains a number of fuzzy if-then
rules;

2. a database which defines membership functions of the
fuzzy sets used in the fuzzy rules;

3. a decision-making unit which handles the inference
operations of the rules;

4. a fuzzification interface which converts the crisp inputs
into degrees-of-match with linguistic values;

5. a defuzzification interface which converts the fuzzy
results of the inference into a crisp output.

In this study, Takagi and Sugeno’s fuzzy if-then rules
are used such that the output of each rule is a linear
combination of input variables plus a constant term, and the
final output is the weighted average of each rule’s output.
The rules’ premise membership functions are optimized by
gradient descent, while the consequent equations are
optimized by linear least squares estimation. The optimiza-
tion process stops when the improvement in root mean
square error (RMSE) after a pass through the data becomes
less than 0.1% of the previous RMSE. The ANFIS
constructs a consequent parameter matrix C based on the
linguistic labels defined by the bell-shaped membership
functions. As the values of these parameters change, the
bell-shaped functions vary accordingly. The bell-shaped
function is defined as:

B 1
R e T (1)

A Takagi and Sugeno-type ANFIS is illustrated in Fig. 1.
For simplicity, the fuzzy inference system shown in Fig. 1
has two inputs x and y and one output z, and the rule base
contains two rules:

Rule 1:
Rule 2:

If x is 4, and y is By, then fi = pix + q1y + 1.
If x is A, and y is B,, then f, = pox + g2y + 2.

In layer 1 of Fig. 1, every node i in this layer is a square
node with a node function, s, (x) where x is the input
to node i, and 4; is the linguistic label associated with this
node. The parameter set {a;, b;, c;} of 1, (x) is referred to
as premise parameters [8]. In layer 2 of Fig. 1, every node
is a circle node labeled 7, which multiplies the incoming
signals and sends the product out. For instance:

Wi = iy (x) X pag, (). (2)

Every node in layer 3 shown in Fig. 1 is a circle node
labeled N. The ith node calculates the ratio of the ith rule’s
firing strength to the sum of all rules’ firing strengths:

Wi
Wy =—— 3
—— (3)
Every node in layer 4 shown in Fig. 1 is a square node
with a node function:

Wwifi = wi( pix + qiy +ri). (4)

Finally, the single node in fifth layer shown in Fig. 1 is a
circle node labeled ) that computes the overall output as
the summation of all incoming signals:

f= Zw,ﬁ. (5)

We developed the ANFIS model in the MATLAB
environment, a numerical environment and programming
language created by The MathWorks Inc. [15]. which
allows easy matrix manipulation, plotting of functions and
data, implementation of algorithms, creation of user
interfaces and interfacing with programs in other languages.
Although it specializes in numerical computing, an optional
toolbox interfaces with the MAPLE symbolic engine, allow-
ing it to be a part of a full computer algebra system.

layer 4

layer 1
Fig. 1 Schematic representation of Takagi and Sugeno’s type
adaptive-network-based fuzzy inference system (ANFIS) for two rules
(redrawn from [8])
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Results

In our ANFIS model, we used 473 assays for training and the
remainder (181 assays) for checking the model. The number
of linear and nonlinear parameters were 168 (consequent

parameters) and 69 (premise parameters), respectively. Eight
fuzzy rules were found.

Table 4 presents the premise parameters of the bell-
shaped membership functions for the linguistic labels of the
linguistic variables, such as post-dose sampling time,
morning dose and evening dose. The input vector,

)? = [A15A27A37A47A57A67G7ST7 C17C25 C37C4a C5aC67C77C87C97 C107M7E7 1]

consists of six age variables (41,4,,43,44,45,46), one
gender variable (G), one post-dose sampling time (S7),
ten concurrent drug usage variables (C;,C5,C3,C4,Cs,Cs,C,
Cy,Cy,Cyp), one morning dose (M) and one evening dose
(E). We choose one fuzzy set with the corresponding bell-
shaped membership function for each age, gender and drug
class input. For each post-dose sampling time, morning
dose and evening dose inputs, we choose two fuzzy sets
with two bell-shaped membership functions.

For example, suppose we want to predict the C2 level of
a 23-year-old female patient that has a history of concurrent
Class I and Class VIII drug usage with 100 mg of cyclo-
sporine A morning and evening doses. The corresponding
input vector should be given as X = [0,0,1,0,0,0,0,0.081,
1,0,0,0,0,0,0,1,0,0,0.500,0.500, 1] in normalized form.
The output vector 0 is computed from the matrix product
O =X x C. The consequent parameter matrix C constructed
by ANFIS is presented in the Appendix. The overall output
(predicted cyclosporine A level) is calculated by taking the
weighed average of each rule’s output. Thus, the ANFIS
model has a total of eight rules and one output, CyA,,, ..

8 ¢ =
X x Ci
CyAjever =
YAlevel I:ZI ]
where ¢ corresponds to the ith column of the consequent
matrix. The weight of each rule’s output is set to one. The

fuzzy if-then rules after training can be expressed as follows:

Rule 1: If ST is in 8T,0ming and M is in Dose,orming iow
and E is in Doseyening 1ow» then Cyclosporine
Alevel = ¢ X.

If ST is in ST,,0rming and M is in DoSe€,ormig iow and
E is in Doseeyening nign» then Cyclosporine A level =
&H.X.

If ST'is in S8T,,,0/ming and M is in DoSe€,rig pign and
E is in Dose,yening jows then Cyclosporine A level =
&.x.

If ST is in ST,y0ning and M is in Dose,ormig nign and
E is in Dosegyening nigh» then Cyclosporine A level =
é.X.

If ST is in ST,yening and M is in Dose,omig 10w and
E is in Dosecyening 1ow» then Cyclosporine A level =
&.X.

Rule 2:

Rule 3:

Rule 4:

Rule 5:
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Rule 6: IfSTis in ST,y ening and M is in Dose,,ormig 10w and E
is in Doseeyening nigh» then Cyclosporine A level =
6. X.

If ST is in ST, vening and M is in Dose,ormig nign and
E is in Dose,yening jows then Cyclosporine A level =
@.X.

If ST is in ST,,ening and M is in Dose,,ormig pign and
E s in DosSegyening nigh» then Cyclosporine A level =

cs.X.

Rule 7:

Rule 8:

The ANFIS performances in the checking and training
data sets for the prediction of cyclosporine A level are
shown in Figs. 2 and 3, respectively. The developed ANFIS
model exhibited a RMSE of 0.045 with respect to the
training data and an error of 0.057.

Discussion

The concentration of a drug in the blood is the ratio of the
absorbed dose to the volume of distribution, and many
factors can affect the drug level since the drug is subject to
eliminatory processes immediately following its absorption.
All factors that affect the pharmacokinetics (absorption,
distribution, metabolism and excretion) of the drug in
question would determine the blood level of that drug.
There is also a great variability among patients, and drug
levels will sometimes change in the same individual during
the course of treatment [1-3]. In TDM, the standard and
acceptable approach is to use the measurement of the

Table 4 The premise parameters of the adaptive-network-based fuzzy
inference system (ANFIS) model

Linguistic label a b c

ST worning 0.4592 2 0.0816
STevening 0.4592 2 1
Dosemoming 1ow 0.495 2 0.01
Doseyorming nigh 0.495 2 1
Doseeyening low 0.495 2 0.01
Doseorning high 0.495 2 1

SToming  and ST,yenine refer to post-dose sampling time in the
morning and evening, respectively. a, b and ¢ are the premise
parameters as stated previously [8]. All values are normalized.
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Fig. 2 Performance of ANFIS in the checking data set

trough concentrations (CO) after the onset of the steady
state to interprete the TDM data [1-3]. Cyclosporine A
therapeutic trough values are considered to be within the
range of 100 to 350 ng/ml [4]. Recent studies have shown
that the first 2-hour post-dose concentration (C2) is a better
index than the CO measurement in improving the clinical
outcomes for kidney transplant patients [16, 17].
Camps-Valls et al. developed three kinds of networks
(multilayer perceptron [10], finite impulse response and the
Elman recurrent network) for predicting cyclosporine A
levels as a means to facilitate physicians in making
informed clinical decisions in terms of drug therapy. They
showed that the application of neural networks was
clinically useful for the prediction of dose and blood

concentrations of cyclosporine A in the steady-state
condition [7, 10, 14]. Camps-Valls et al. also addressed
that the need for the additional studies to explore statistical
differences between data mining techniques [7].

The ANFIS was employed recently for detecting
epilepsy entropies in electroencephalography, and a 90%
classification accuracy was achieved [9]. The ANFIS can
serve as a basis for constructing an input-output mapping
based on both human knowledge (in the form of fuzzy if-
then rules) and stipulated input—output data pairs. Due to
their concise form, fuzzy if-then rules can easily capture
the local description of the system under consideration.

We have developed here an ANFIS model with Takagi
and Sugeno-type reasoning mechanism for predicting
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Fig. 3 Performance of ANFIS in the training data set
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cyclosporine A levels. One of the advantages of using this
approach for prediction is that the membership functions
can be easily tuned to minimize the output error measure.
By employing a hybrid learning procedure, ANFIS can
refine fuzzy if—then rules obtained from experts to describe
the input—output behavior of a complex TDM system.
However, to make this approach more complete, structure
identification, such as the selection of the number of
membership functions on each input and, most importantly,
an appropriate input—space partition style, is very important
for achieving less RMSE. In this study, the input—space is
partitioned according to age, dose administration time and
concurrent drug use.

The impact of obesity, a frequent problem in patients
after renal transplantation, has been attributed to poor graft
and patient survival and worsening kidney functions [7]. In
one study, smaller cyclosporine A doses were shown to be
sufficient to maintain the CO and C2 levels at levels similar
those of the lean patients, results that were parallel to those
of adult renal recipients [18]. The data processed in ours did
not contain any information on body weights of the
patients, but all other variables were applied successfully.
We assume that the addition of age groups helps restore the
missing parameter.

It has also been shown that morning or evening
administration of cyclosporine A produces different phar-
macokinetic differences [19]. In our method, we also
included morning or evening doses, and the system predicts
the concentration accordingly.

Factors such as the concurrent use of drugs may interfere
with various pharmacokinetic factors and thus affect the
target concentration. The effect of the use of other agents,
such as diltiazem, was also studied, and the results showed
that the concurrent use of diltiazem with cyclosporine A
produced a better correlation with the area under curve
fitting of the first 4 h following the cyclosporine A
administration [20]. Similarly, the effect of ketoconazole
use on the correlation of high cyclosporine A level and liver
toxicity was also reported [21]. The use of concurrent drugs
is included in our method to predict cyclosporine A level
and may help physicians in prescribing drugs that require
TDM. It is well documented that steroids and calcium
channel blockers reduce cyclosporine A levels; consequent-
ly, the use of these agents should also be considered in
choosing the best cyclosporine A dose to attain the target
level. It has been demonstrated that under physiological
conditions, the oral bioavailability of cyclosporine A is
mainly controlled by cytochrome P4503A enzyme
(CYP3A) in the upper intestine, rather than in the liver,
but when P-glycoprotein is induced by dexamethasone, the
intestinal absorption of cyclosporine A may be inhibited
[22]. A microdialysis study demonstrated that the bioavail-
ability of cyclosporine A was reduced markedly by methyl
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prednisolone succinate pulse treatment. The mechanism of
this interaction was confirmed to involve an enhancement
of small intestinal P-glycoprotein function and a decrease in
bile secretion [23]. The orphan nuclear receptor, steroid and
xenobiotic receptor [SXR; also called the pregnane X
receptor (PXR)] is highly expressed in the liver and small
intestine and regulates the CYP344 gene [24-26]. The SXR
forms a heterodimer with retinoid X receptor (RXR) on
xenobiotic-response elements (XREs), which are located in
the promoter region of the CYP344 gene. A variety of
known CYP3A4 inducers bind to SXR as ligands and
stimulate transcription of the CYP3A4 [24-26]. It is also
apparent that steroids induce CYP3A4 and P-glycoprotein
via the SXR receptor and thus reduce the level of
cyclosporine A in the blood. Age-related differences in
the body’s capacity to metabolize steroids and xenobiotic
compounds have also been demonstrated, suggesting an
important role for SXR and its target genes, CYP3A44 and
the multidrug resistance gene 1 (MDRI) in this process
[27]. In our model, age groups were involved in the
prediction of cyclosporine A blood levels. In our study, the
drugs categorized into ten different pharmacological classes
were included in the model for prediction the level of
cyclosporine A in the blood. We are able to calculate the
level of cyclosporine A at any time by entering the patient
information prior to prescribing.

Genetic polymorphism of the CYP3AS5 enzyme plays a
critical role in cyclosporine dose requirements in terms of
maintaining blood concentrations within the therapeutic
target range [28]. It goes without saying that our model
will be more valuable as a TDM tool if the type of iso-
enzyme is used as an addition input parameter. However,
although we did not have the data on the genetic
polymorphisms of enzymes in our patient cohort, we were
still able to accurately predict cyclosporine A dose or
blood levels.

We suggest that new studies should be planned that use
the same approach for testing other critical dose drugs, such
as antiepileptics, cardiac glycosides, and aminoglycosides.
Various other pharmacological and pharmaceutical factors
may be included in developing the model.

In conclusion, the results of our study demonstrate that
ANFIS modeling can be used in clinical pharmacology for
estimating the dose and facilitating safe prescribing. Based
on our results, the application of ANFIS in the context of
TDM is a clinically useful tool. We do not yet suggest that
TDM assays are not required, but this approach may assist
clinicians to determine the best dose with the aim of
individualizing the drug therapy.
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Appendix
The consequent parameter matrix C of the developed
ANFIS model:
0.162 —3.509 2.474 -3.154 —-0.101 0.282 0.719 0.347
—0.111 0.817 —0.299 0.539 —0.046 —0.545 1.813 —0.521
0.068 0.538 —0.377 0.642 —0.243 0.214 1.374 0.092
0.010 0912 —-0.567 0.683 0.056 —0.806 1.235 0.304
—0.003 0.709 —0.489 0.656 0.0457 —0.367 1.143 0.221
0.046 0496 —-0.309 0.154 —-0.179 0.161 1.181 0.632
—0.063 —0.028 0.148 —0.061 0.162 —0.066 —0.335 0.188
—0.183  0.853 —2.472 —1.044 0.500 4747 —10.835 —0.708
—0.020 —-0.222  0.265 0.043 0.061 0.439 —-0.624 —0.023
—-0.120  0.117 0.197 0.130 0.048 —0.081 —0.101 —0.189
C = 0.060 —0.133 —-0.045 —-0.180 —0.093 0.403 0.121 0.160
—0.072 0.152 0.252 —0.466 —0.001 0.503 —0.390 0.223
—0.075 0341 —-0.104 0.189 0.164 —0.461 0.068  —0.149
0.077 —0.143 —0.089 —0.024 —-0.204 0.346 0.171 0.044
0.129 —0.881 0.151 —0.068 —0.116 0.747 —0.112 0.113
—0.093 0.362 0.197 0.152 0.096 0.069 —0.447 —-0.372
—0.168 0.128 0.537 —-0.925 0.375 —0.694 —0.876 1.646
0.020 —0364 0.232 —-0.064 0.041 0.139 —0.280 0.247
0.838 —-3.138 —-3.512 —1.145 —-2.066 6.311 4.574 1.545
—-0.912 1.507 4.174 1.711 1.140 —7.521 —8.636 —2.494
0.171 —0.036 0.432 —-0.479 —-0.468 —1.059 7.464 1.075
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