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Abstract

Background: The level of serum creatinine is important affected parameter in presence of type 2
diabetes. The choice of type 2 diabetes drug therapy is crucial to control the serum creatinine
level. The drug treatment effect can only be captured through repeated observations in the
patients.

Objective: The aim of this work is to compare the drug treatment effect (i.e. “Metformin plus
Pioglitazone” and “Gliclazide plus Pioglitazone™) in presences of repeatedly measured missing
observations to control serum cretinine levels in type 2 diabetes patients.

Method: The joint longitudinal modeling approach is applied to deal with missing observations.
The presences of missing observations are assigned with missing at random and not random. The
Markov chain Monte Carlo (MCMC) is used to carry out the iteration procedure.

Results: The “Metformin plus Pioglitazone” is found more effective to control serum creatinine
in comparison to “Gliclazide with Pioglitazone”. The joint longitudinal model with consideration
of missing assumption proffers enhanced tool for inference on clinical trial data analysis.

Conclusion: The presence of missing observation is natural in repeated measurement. The
tendency is to overlook the trial having observation and conclusion with missing observation.
The elaborated method can be applied in other clinical trial problem to reduce the inconsistency
due presence of missing observations.
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Introduction

The higher level of serum creatinine can affect kidney function. The skeletal muscle is insulin
resistance and accumulate higher amount of glucose disposal after glucose infusion.! The level of
serum creatinine is highly correlated with renal function? and type 2 diabetes.? The uncontrolled
serum creatinine can lead the advance prostate cancer.*> However, the contradictory results are
also documented.®”® Therefore, the levels of serum creatinine measures are frequently
considered in the clinical trials. The inferences about drug treatment effect can be fettered due to
presence of drop-out of observations of the corresponding follow-up visits. This work is
contributed to overcome the cumbersome occurred due to presences of missing observation of
serum creatinine in repeated measurements.

In longitudinal study design, the control and experiment groups are measured repeatedly over the
study period. The occurrence of missing observations is usual at all time points. Briefly, two
types of reason can be figured out for the presence of drop-out of the repeated measurement.
Firstly, the patients have not participated in the study after a certain times. Secondly, the drop-
out occurs due to not filling up the questionnaire. The reason for not filling the questionnaire can
be fault of both side i.e. Interviewer and Interviewee.

The different types of drop-outs are present in the longitudinal data analysis.” The type of drop-
out can be classified through (i) MCAR (II) MAR and (III) MNAR_ 10111213

(D If no reason can be found for the presence of drop-out, then it is known as MCAR.

(I) It is known as MAR, drop-out becomes dependent with previous observation but
independent with current and future measurements.

(IIT) It 1s known as MNAR, if it be dependent on the current and future observations. It is
also known as Informative. It is general tendency to analyze the trial data through the
assumption of MAR. In MAR, the patients drop-out observations are obtained
through the pooled information observed through observed measurements.

It is general tendency to analyze the trial data through the assumption of MAR. In MAR, the
patients drop-out observations are obtained through the pooled information obtained through
observed measurement.

The random effect model is useful tool for longitudinal data analysis. However, it is tedious
work to handle the missing observation and compare the drug treatment effect.'* The selection
models and pattern mixture models are complex to apply in any longitudinal data. The
interpretation and inference becomes cumbersome from the point of medical prospective. The
simple additive model is required to apply with consideration of missing observation to increase
the acceptability of drop-out in longitudinal data rather than ignore it.
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Objective

The aim of this work is to compare the drug treatment effect of the type 2 diabetes patients
observed in follow up visits. The biomarker serum cretinine has been considered in this work as
response variable. The joint longitudinal analysis is applied with consideration of missing
observation in the data set. The performance of combined drug therapy i.e, “Metformin with
Pioglitazone” and “Gliclazide with Pioglitazone” has been compared to reducing the serum
creatinine level. The joint longitudinal data models have been considered with MAR and MNAR
assumption.

Modeling with Missing Observation

The semi-parametric Bayesian approach is effective to overcome the problem of missing
repeated observations.!> The weighted generalized estimating equation can also be considered as
better estimation technique. In this connection, non-ignorable missing observations have been
found with practice.!® The non-ignorable missing observation can be fitted through pattern
mixture modeling, selection modeling and shared-parameters modeling.'>!* The estimating
parameter becomes complex for the non-ignorable missing data. The selection approach modeled
the missing data through conditional on complete data. The distribution of the missing data can
be figured out through complete data in pattern mixture modeling. The random effect and
dependence between measurements and missingness can only found in the shared-parameter
models. Broadly, the handling of missing observation can be classified into four categories i.e.
() Maximum likelihood (ML) (II) Multiple Imputation (III) Bayesian approach and (IV)
weighted estimated equation. Here, the Bayesian approach has been applied to carry out the
work.!?

Method

From January 2007 to December 2008, 100 patients from Madurai are randomly selected in the
clinical trial for comparing two different type 2 diabetes drug treatment effects. The standard
therapy arm is consisted with “Metformin with Pioglitazone” drug combination. The
experimental groups are consisted of “Pioglitazone with Gliclazide” drug combination. The drug
therapies have been administered for a period of one year with three follow-up visits. Initially, a
total of 123 patients are randomly selected in treatment and only 100 of them participate in the
drug trial of which 50 patients are assigned to the standard therapy and rest to the experimental
therapy. The outcomes are the overall control of sugar level and other biochemical parameters of
the patients.
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Assessment of Serum Creatinine

The joint modelling has been applied to compare the level of changes of serum creatinine. The
measurements of serum creatinine have been observed for each patient in the three follow-up
visits. The normal levels of serum creatinine are observed with 0.7 to 1.3 mg/dL for men and 0.6
to 1.1 mg/dL for women. The percentage of patients observed in each visits are provided in the
Table 2.

A total of 100 patients have been observed in the data set, resulting in 80 (80%) complete cases.
The lowest amount of missing observation has been observed at baseline 7(14%) with highest
10(20%) in the 3™ follow-ups. The information about death has not been found from any
patients.

Joint Model with Missing at Random

The time effects have been considered as random. The p-value of smaller than 5% level is
considered as significant. The relationship between serum creatinine and FBS, adjusting for sex,
BMI, drug treatment effects has been studied under consideration of MAR. The imputed model
1s like,

serum creatinine;; = fp;; + By FBS;; + f25EX;; + f3BMI;; + B,DRUG; (1)

The relationship between serum creatinine and FBS, adjusting with sex, level of BMI and drug
treatment effects has been studied.

Let i is the ID of the patients for the treatment j. The intercept term fo,;j in equation (1) has been

further separated to

Po.i=Potpite; (2)
i ~N(0,0.01) (3)
eij ~N(0,0.001) 4)

The terms ; and e; j have been assumed to follow the Normal distribution with minimum amount
of standard deviation. The posterior mean of regression coefficient obtained through simulation
procedures are given in the Table 1.
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Joint Model with Missing Not at Random

In case of MNAR, the logistics regression has been applied in the equation (1). The variable
serum creatinine has been classified into obs=1 or 0. If it is observed then given as,

logit Pr{obsj=1}.
In both the case-MAR and MNAR , the imputed model as an extension of (1) in specified as,

FBSij=o,i; ™+ Bo.;™P*Serum creatinine+ P1™P*Sex+ Po™P*BMI+ B3™*Drug  (5)

Bo,ij "™ =Po P+ P+ ™ (6)
W ™P~N(0,0.01) N
e;j™P~N(0,0.001) 5

The imputed model is like linear regression model, with the missing values of FBS imputed from
the observed value of Serum Creatinine, Sex, BMI and Age respectively.

Statistical analysis

The Statistical analysis have been performed with R (Version 2.13.1) and WINBUGS 14. The
cross sectional comparison of serum creatinine has been performed at each visits, through
observed means and standard errors per visits. In this analysis, differences in serum creatinine
level in each time point on both treatment groups are considered. The posterior means of the
regression coefficients related to the level of response are computed through MCMC iterations.
The initial 5,000 burns obtained through the MCMC techniques have been discarded. The
standard deviation and 95% credible interval of each regression coefficient obtained through
5,000 times burns with 2 separate chains. The Highest Posteriors Density Intervals are also given
in the Table for each regression coefficients. The mean value for the regression coefficients are
shown in the Table 1. The uncertainty of the estimated regression parameter can be observed
through the standard deviation value.

Discussion

The imputation technique has been applied in the type 2 diabetes drug treatment effect
comparison. In recent years, the problem with missing observation with longitudinal analysis
have received special attention.!®!%20:2122 In this paper, the additive model as a method to deal
the drop-out observation has been applied. The methods have been illustrated on the randomized
clinical trial data for patients with type 2 diabetes. The MAR and MNAR methods have been
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compared and discussed. The Bayesian MCMC is useful to estimate unknown parameter in the
joint modeling.!” It is also useful in multivariate longitudinal and survival modeling to estimate
the parameter with missing observation.”> However, the trial with consideration of missing
observations becomes difficult to interpret in presences of complex mathematical notation. In
this scenario, the simple linear imputation technique has been applied in this work to compare
the serum creatinine level among type 2 diabetes patients. The result shows that “Metformin with
Pioglitazone™ is better than “Pioglitazone with Gliclazide” to control the upper limit of serum
creatinine over a period of one year study.

Conclusions

The presence of missing observation is natural in repeated measurement. The general tendency is
to discard the missing cases before statistical analysis. The complete case analysis is the way to
avoid the missing observation in the repeated measurement. However, the analysis with
consideration of only fully observed cases reduces the power of the study. The other tendency is
to overlook the trial having observation and conclusion with missing observation. This work is
contributed to explore the serum creatinine as the drug treatment effect. The effect of fasting
blood sugar has been found positively associated with serum creatinine. The reduction rate of
serum after the end of the study among male and female are same. The result confirms that MAR
and MNAR can be considered as powerful tool to overcome the missing observations in the
clinical trial measurement. The covariates and prior observed measurement of the response
variable assist to generate the unobserved information of the drop-out. It can be confirmed that
“Metformin with Pioglitazone” is useful to control upper serum creatinine level than
“Pioglitazone with Gliclazide”. The elaborated method can be applied in other clinical trial
problem to deal with missing observation in the follow-up study periods.
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Table 1: Posterior mean (s.d.) for serum creatinine level at each time point, stratified by
assumption of missing-ness ; MAR = missing at random; MNAR=Missing Not at random

Parameter Mean SD 2.5% 97.5%
MAR B.rBs 0.03 0.06 0.00 0.08
B.pruc 0.01 0.08 0.0001 0.0003
B.sMm1 0.35 0.12 0.15 0.58
Bo 0.59 0.14 0.35 0.83
Bvp.FBS 102.9 7.95 87.33 118.70
Bmvp.DrRUG 46.13 9.29 28.56 64.17
Bvp.BMmI 29.47 8.78 12.85 47.27
Bvp.SEX -3.45 6.34 -15.85 9.12
Bo,mvp. 5.47 0.15 5.22 5.82
MNAR B.rBs 0.01 0.08 0.01 0.03
B.pruc 0.39 0.15 0.16 0.67
B.em1 0.35 0.12 0.15 0.58
Bo 0.59 0.14 0.35 0.83
Bvp.FBS 102.9 7.95 87.33 118.70
Bmvp.DrRUG 46.13 9.29 28.56 64.17
Brvp BMI 29.47 8.78 12.85 47.27
Bvp.SEX -3.45 6.34 -15.85 9.12
Bo,vp. 5.47 0.15 5.22 5.82
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Table 2: The Pattern of missingness in drug treatment group

Number of missin Percentage
Treatment Observation g of missing
components of Y; observation
srcret]® 0 0
metformin with | srcret 2™ 7 14
pioglitazone
srcret 3™ 8 16
srcret]® 0 0
g!1c1g21de with sreret 2n 4 g
pioglitazone
rd
srcret 3 10 20
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