
International Journal of Conceptions on Computing and Information Technology 

Vol. 5, Issue. 1, July’ 2017; ISSN: 2345 - 9808 

23 

 

Development of Statistical Pharmacokinetic 

Modeling and Analysis Methodologies 
 

Hoa Vo, Jongho Jung, Taewan Kim and Sangmun Shin 

Department of Industrial and Management System Engineering 

Dong-A University 

Busan, Republic of Korea 

hoavobd@gmail.com, cowboy531@naver.com, twkim4231@naver.com, sshin@dau.ac.kr

 

 
Abstract— Studies of drug procedure based-pharmacokinetic 

(PK) allow reducing uncertainties in exposure assessment of 

enhancing physiology and biology. Several researches have been 

integrated mathematics into PK models to improve effectiveness 

and safety of drug release. However, there is still room for 

advancing the PK model fitting. The goal of this paper is to 

propose a statistical robust design approach for the PK modeling 

to address the uncertainty and variability in pharmacology. First, 

design of experimental method is used to exploit information 

between the PK concentration and time during drug dose routes. 

Second, response surface methodology and rational approach are 

proposed as two alternative PK estimation methods. Third, 

simulation studies are performed for verification purposes. Final 

results and comparative studies indicate that a better 

performance can be obtained from the proposed methods 

compared to the existing methods. 
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I. INTRODUCTION 

Recently, the pharmaceutical industry has encountered 
numerous existing problems involving the safety and stability 
of drug discovery. A drug formulation is composed of various 
formulation factors, process variable, and experiments [1]. In 
particular, transferring knowledge along the various stages of 
drug discovery is a primary procedure of a new drug release 
[2]. The cross-species extrapolation process between laboratory 
animals and first-in-human trials has been posing challenges 
due to inhomogeneity in biology and physiology. Studies of a 
complex process biologic concerning a drug absorption, 
distribution, metabolism and excretion (ADME) over the time 
based-pharmacokinetic (PK) modeling allow reducing the 
uncertainties and enhancing extrapolation between 
physiological and biological differences. PK models have been 
an important research tool to describe the relationship between 
pharmacologic or toxic response to a drug and the 
concentration of the drug in the blood in early stage drug 
development [3]. Conventional PK models have been simply 
developed to accommodate dose-dependent elimination rates 
and flow-limited metabolism processes [4]–[6]. A large 
number of studies on two conventional PK modeling 
approaches including compartment models proposed in the 

work of Enderle JD. as in [7] and non-compartment models 
suggested by Veng-Pedersen P. [8] have been focused and 
extended as illustrated in Figure 1. Regarding the theoretical 
comparisons, many researchers have extended these two 
models [7]–[11].  

 
Figure 1.  Classification of pharmacokinetic models 

Non-compartment models based on linear system principles 
are applied to estimate the ADEM parameters of a drug, 
illustrating the input rate and the resulting systemic drug 
concentration, and reflect a terminal phase in the drug 
concentration time course [7], [12]. However, it is complicated 
and challengeable when utilizing non-compartment models to 
predict and extrapolate PK due to physiological instability. 
Enderle [7] introduced compartment models to simulate the 
plasmas concentration of a drug because the author recognized 
the differences of concentration level at each compartment. 
This method is considered as a mathematical representation of 
an area of the body study in pharmacological kinetic 
characteristics. These models identify the relationships between 
parameters and physiological processes. Although 
compartment models show the superiority of physiological 
interpretations over non-compartment models, ambiguity and 
variability regarding system behavior are their drawbacks [6], 
[13], especially, estimation of an abundance of biochemical 
and physiological parameters. By applying statistical 
approaches in PK modeling for the description of the system, 
the estimated values can subject to the substantial uncertainties 
and variable issues.  

Statistics has been applied for the PK data analysis of a 
drug. Statistics are used to formulate design of experiment data 
and variance (standard deviation, error or MSE). This is 
significant when attempting to reduce the risk of making 
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misleading claims of translating knowledge from an animal 
into man. Due to the variability (such as genetic differences 
between subjects), the random effects are likely to be 
overestimated in realistic interpretation [14], [15]. Lew 
proposed a significant F ratio obtained from calculation of the 
error variance to reduce this variability [16]. A common non-
parametric function is applied to find the best curve fitting 
presenting the relationship of concentration over time [17], 
[18]. Response surface methods have widely been used in the 
pharmaceutical formulation [19]–[21]. Recently, Weibull 
functions have also been suggested in many papers [22]–[24]. 
In this paper, a Rational function method is proposed to 
consider the PK concentration procedure of a drug. This 
approach is more flexible than others because the degrees of 
the numerator and the denominator can be selected to reflect 
the best fitting curvature of the concentration of the drug from 
the origin to the death out as time progresses. 

The primary objective of this paper is to propose statistical 
robust design approaches for PK modeling in order to address 
the uncertain and variable issues in clinical pharmacological 
studies. First, an experimental design method is applied to 
exploit information of the PK plasma concentration during 28 
days of drug dosage routes. Second, statistical estimation 
approaches (i.e. RSM and Rational function method) are 
proposed as new PK modeling methods. Third, two simulation 
studies are generated to obtain the performance of comparative 
results. The estimation criteria consisting of sum squared error, 
R-square, adjusted R-square and root of mean squared error as 
well as curve fitting can be implemented. Final comparative 
results indicate that the better performance can be archived 
from the proposed methods in comparison with the existing 
methods. 

II. THE CONVENTIONAL PHARMACOKINETIC MODELS 

Study of PK modeling is critical to determine the 

relationship between time and drug concentration during drug 

dosage routes. Traditionally, a two-compartment model 

(Figure 2a) is considered as a sufficient and flexible 

mathematical representation of an area of the pharmacological 

kinetic characteristic study [25].  

The changes of the plasma concentration over time ( x ) in 

tissue are illustrated as the following equation: 
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k , 
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k , p
C , 

x
C denote the first-order rate transfer 

constants for the movement of drug from compartment 1 to 

compartment 2 (
12

k ), from compartment 2 to compartment 1 

(
21

k ), the plasma concentration in the central compartment 

and the tissue compartment, respectively. 

One way of representation of the plasma concentration 

over the time is the sum of exponentials. Exponential function 

considered as a transformed mathematical method can be used 

to analyze PK data. PK models described by two compartment 

terms can directly translate into bi-exponential model. 
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where   and   are rate constants for the distribution phase 

and elimination phase, respectively; A  and B are coefficients 

of the drug concentration )( xC
p  following a bolus dose 

(Figure 2b).  

 

 
Figure 2.  Drug plasma concentration versus time: (a) Two compartment 

model diagram, (b) Drug curve response with two compartment model 

III. THE PROPOSED STATISTICAL APPROACHES 

A. Response Surface Methodology 

Response surface methodology (RSM) is a collection of 

statistical and mathematical techniques useful for developing, 

improving, and optimizing processes. In statistical analysis, 

RSM is often utilized as an estimation method to explain 

influence of inputs factors and their associated output response 

[26]. Normally, RSM is employed to express the output 

response (i.e. y ) as functions of control factors (i.e. x ). The 

mathematical model is given as follows: 

)3(),...,,()(
21


k

xxxfxy  

where x , y , )( xf , and   are input variables, measured 

responses, a vector function, and random error, respectively.  
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In this paper, the behavior of PK modeling is explained by 

the estimated quadratic polynomial equation as follows: 

)4()(ˆ
32

2

1
pxpxpxy   

where, p  is the unknown parameters estimated by using the 

conventional least square method. The quadratic model is 

widely used because it is flexible and works well in solving 

real response surface problems [27]. 

B. Rational Function 

Rational function is considered as a ratio of two 

polynomial functions. It can be characterized by non-negative 

integers that define the numerator ( n ) and denominator ( m ).  
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where p and q are constants. When fitting the rational function 

models, the constant term of the denominator is usually set to 

1 [28]. Rational functions can be more accurate and efficient 

than others both inside and outside the limitation of data due 

to the wide range of shapes and interpolator properties.   

The estimated quadratic function is given as follows: 
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In this study, the quadratic term in both the numerator and 
the denominator are selected to fit the curvature of the set of 
PK data on the levels of drug concentration over time. 

IV. SIMULATION STUDIES AND RESULTS 

A. Simulation Studies  

Simulation studies are performed to investigate the 

prediction accuracy through the sum of square error (SSE), R-

square, adjusted R-square and the root means squared error 

(RMSE) based on the conventional PK model, RSM, and 

Rational methods in PK study. An assumption of a function 

demonstrating a true relationship between the plasma 

concentrations ( y ) over the time ( x ) is given as follows:  

)7()1576.0exp(1684)1576.0exp(1684)(ˆ xxxy   

Normally, the value of the true function y  associated with 

the PK plasma concentration profile is generated over 28 days. 

Two different simulation studies are considered in this paper. 

In simulation 1, 120 replications can be calculated by 

randomly adding a number of small standard deviation (
s

 :  

TABLE I.  PLASMA CONCENTRATION-TIME DATA 

Day y  
s

y  L
y  

0.042 0.000812 0.000846 0.001324 

0.08 0.04383 0.05518 0.08493 

0.125 0.18151 0.16732 0.19463 

0.25 0.43808 0.45237 0.40388 

0.5 0.41423 0.37186 0.37738 

1 0.24097 0.27954 0.24885 

2 0.10945 0.09905 0.12759 

5 0.03219 0.02864 0.03906 

7 0.02000 0.02002 0.02622 

8 0.01652 0.01709 0.02034 

9 0.01394 0.01552 0.02063 

10 0.01197 0.01290 0.01313 

11 0.01042 0.01063 0.00892 

12 0.00918 0.00906 0.00853 

13 0.00817 0.00806 0.01086 

14 0.00733 0.00701 0.00787 

15 0.00663 0.00667 0.00603 

16 0.00603 0.00604 0.00611 

17 0.00551 0.00516 0.00712 

18 0.00507 0.00508 0.00705 

19 0.00468 0.00483 0.00520 

20 0.00434 0.00445 0.00516 

21 0.00404 0.00352 0.00485 

22 0.00377 0.00362 0.00423 

23 0.00353 0.00352 0.00574 

24 0.00332 0.00337 0.00359 

25 0.00312 0.00317 0.00329 

26 0.00294 0.00295 0.00448 

27 0.00278 0.00275 0.00211 

28 0.00264 0.00254 0.00169 

Noted: y and  are the estimated mean and standard deviation, respectively.  

 

range) to the true concentration value (
ss

yy  ). In 

simulation 2, the data is conducted by randomly adding a 

number of large standard deviation (
L

 : range) to the true 

concentration value (
LL

yy  ) to perform 120 

replications. The estimated mean of experiment data in 

simulation studies 1 and 2 are represented in Table 1. 

The primary purpose of this paper is to determine which 

model best matches experiment data. The accuracy of the 

parameter fitting model can be assessed by comparing the 

results obtained from estimation criteria such as the sum of 

square error (SSE), R-square, adjusted R-square, and the root 

mean squared error (RMSE). By using MATLAB software 

package R2014a, the estimated equations, employed from the 

statistical robust design approach including RSM and rational 

function (RF), are shown in Equation (8) and (9), respectively.  
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In addition, the estimation criteria (i.e. SSE, R-square, adjusted R-square, 
and RMSE (Table 2) as well as curve fitting (Figure 3) can be implemented 
efficiently. 

TABLE II.  ESTIMATION FUNCTIONS WITH THE TRUE DATA 

Estimation 

Function 
SSE  2

R  

2
R  

(Adjusted) 
RMSE  

Two 

Compartment 
0.1857 0.5161 0.4603 0.08452 

Response 

Surface 
Method 

0.1943 0.4939 0.4564 0.08482 

Rational 

Function 
0.0022 0.9944 0.9937 0.00909 

 

 

Figure 3.  The PK plasma concentration-time profiles fitting to the two 

Compartment model, RSM and Rational function:   (a) True data, (b) 

Simulation study 1, (c) Simulation study 2 

B. Resutls  

Based on the final results obtained from the statistical 

criteria (i.e. SSE , 2
R  , adjusted- 2

R  and RMSE ) in Table 2 

and curve fitting graphs as demonstrated in Figure 3, the 
proposed statistical robust design method, rational function 
method, is remarkably better than the others when providing 
the lowest values of SSE  and RMSE  as well as the highest 

2
R  and adjusted- 2

R . The two-compartment model and RSM 
give the results close to each other. Besides, RSM analysis 
estimated negative values in the areas of the concentration-time 
data distribution that were out of physical reality. Therefore, 
the proposed rational function illustrated the superior and 
sufficiency to the others. 

V. CONCLUSIONS 

In the drug release procedure issues relating to 
effectiveness, stability, and safety are required to implement 
simultaneously. Pharmacokinetic studies can be significant to 
facilitate quality evaluation and curative influence estimation 
for new drugs. The existing two-compartment PK model is 
commonly utilized to demonstrate the subject drug 
concentration-time curve. However, there are still ambiguous 
and variable regarding system behavior. In this paper, 
statistical robust design approaches (i.e. response surface 
method and rational function) for PK modeling are proposed 
to address the uncertain and variable issues in clinical 
pharmacological studies. Rational function method performs 
the superior and sufficiency results in comparison with the 
others. In addition, an attempt of statistical models is to obtain 
PK modeling without considering the number of 
compartments.  

While this study provided some meaningful results in PK 
modeling, it may indicate potential research rooms in the 
further. The estimated solution can be improved by integrating 
different statistical methods into each compartment of PK 
modeling. This may well change to understand elaborate 
insight of PK procedures and reduce the uncertainties and 
variability for drug discovery and development in the future. 
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