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Abstract
The world today has evolved with many and new inventions in areas of medical research. Various drugs
have been generated to cure various ailments like Malaria, HiV/Aids, TB, Cholera, Typhoid, Ebola,
Hepatitis, Diabetes, Cancer, and Hypertension among others. The treatment for various ailments ranges
from a single drug to even five drugs for a particular ailment. The acceptance of a particular drug
depends on the efficacy of a particular drug as compared to others. This results to their recommendation
by world bodies like World Health Organization for their use among the world population. The study
therefore sought to find out among the three treatments administered to children suffering from malaria,
which treatment had a longer delay period to the recurrence of Malaria namely; Artesunate (ART),
Quinine (QN) and Coartem (AL). This was done by identifying three different groups who were
administered the different treatments and applying the survival analysis models on the data. Data was
analyzed using R Programming and Advanced Excel Simulation. The results on the efficacy of the three
treatments showed Artesunate was more efficacious. The difference in Delay time between Artesunate
and Quinine was 3.37 days and between Artesunate and Coartem was 6.59 days. The difference in delay
time between Quinine and Coartem was 3.22 days. In all the cases, the difference in delay time for
Artesunate was positive in comparison with Quinine and Coartem treatments.
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1. Introduction
In clinical research, the choice of a model to represent a natural phenomenon is not made
solely on mathematical grounds but by knowing something about biology, medicine and other
disciplines. Survival models are usually triggered by observations from clinical trials or data
resulting from other forms of experiments. Clinical trials often lead to time-to-event (survival)
data leading to time-to-event analysis known as survival analysis.
According to Woodworth (2004) [17] Bayesian methods have become quite popular in
modelling survival data. The attractiveness of this technique is the easy interpretation of
results and the drawing of conclusions. Information from previous studies can easily be
incorporated through an informative prior distribution. In the absence of tangible prior
information, Bayesian techniques are applied using vague priors that often yield results similar
to classical maximum likelihood methods.
In Africa and many Asian countries Malaria is a vector-borne killer disease that is taking the
lives of many who live in the infested zones. Transmission of malaria is mainly through
infected parasites mainly mosquitoes from one infected person to uninfected person. Treatment
of malaria is done by drugs which have been recommended by WHO. Research is on the
increase towards getting the best combination therapy that will cure and reduce resistance.
Many studies have concluded that ACTs are better treatment therapies in terms of efficacy in
treatment of malaria, but in exactly how long the therapies delay reinfection or recrudescence
in case of failure has not been given the desired attention in modelling. Some related works in
this direction only based their studies on measuring parasitaemia over predefined periods to
determine the levels of parasite clearance in the host's system. Many treatment therapies have
not been able to obtain a desirable model for determining how long the therapies can delay
reinfection or recrudescence in case of failure. Currently no study has been undertaken to
determine the efficacy of the three malaria treatments namely: Artesunate (ART),
~89~

International Journal of Statistics and Applied Mathematics

http://www.mathsjournal.com

Quinine(QN) and Coartem(AL) which are used as third line, second line and first line respectively in the treatment of Malaria.
Hence, this research work sought to propose a method to determine which of the three treatments among Artesunate, Quinine and
Coartem is more efficacious on malaria treatment, and present a new methodology using statistical models that can be used to
estimate how long a treatment can postpone the recurrence of the disease in case of failure.
2. Methodology
2.1. Study Area
This study focused on three groups of children who were suffering from malaria who were administered the three drugs under
study namely; Artesunate, Quinine and Coartem at Coast General Hospital. Their responses to the three was measured to
determine which of the three treatments eliminated all the parasites in their blood. R programming and advanced excel simulation
was used to analyze the data.
2.2 Description of Data
The source of the data was from a clinical trial conducted at Coast General Hospital in the year 2007 to compare the efficacy of
the three drugs used in treatment of Malaria in children under five years. The study was done with a total of 138 patients. Children
enrolled in these trials were randomly assigned to receive either of these drugs. The children had to meet certain entry
requirements; the most important one is having malaria with no other complications and willing to participate in the study. The
children were tested again for malaria at days 7,21,28,42 and 84 after the treatment. We made a major assumption that the number
of patients who were diagnosed as sick again was due to recrudescence (temporary suppression) and not new infection.
We considered two study periods; a period that starts from day 0 to day 42 and the other period that starts from day 0 to 84. The
choice of these two periods was motivated by the fact that some clinical trials do last for 42 days, while others do last for 84 days.
This is because in the medical field, within 42 days, the effect of the most long-lasting drugs (long elimination half-life) must have
become negligible so that most suppressed recrudescence should have had the opportunity to reappear. Meanwhile the 84 days
period is to explore if or ensure that the foregoing assumption was correct. We used t max =42 days, since other studies have
consistently used that, and 84 days, since there seems to be many cases of recrudescence also after day 42. Some patients never
experienced a recurrence of Malaria throughout the study periods. This is the category we considered as having been successfully
treated by the drug they received.
There were six designated intervals to monitor Malaria symptoms during the whole period of trial to the patients. The interval
lengths between the follow-up time are not of equal length. Moreover, intervals between the follow-ups and the duration of trials
depend on the nature of the disease under study and should last as long as the duration of the treatment requires. Our methodology
takes care of this by assuming that such equidistant points lie on lines joining other adjacent known recurrence rate points. This
knowledge provides us with the necessary information for obtaining the conditional survival probability estimates for surviving up
to the given time points. The delay time model is conditioned on no first recurrence beyond time t max (the end of the follow up).
2.2. Study Models
2.2.1 Cure Rate Model-Let ni, be the number at the start receiving treatment i and let xixbe the random variable describing the
number of cured patients (without malaria before time t max, the end of the follow-up). Then the cure rate model is given by xi
~Bin (ni, Πi), where i = ART, QN or AL and Πi is the probability to be cured by treatment i for i = 1, 2 or 3 (type of drug).
𝑛
Then P (x/Π) =( ) Πx(1 − Π)n−x; for x = 0, 1, 2, 3 n.
𝑥

2.2.2 Recurrence Rate Model at Each Follow-up
Next, suppose that rescreening to determine the presence or absence of the disease was done at fixed time points, t 0 =0, t1 ,…, t k =
t max where these time points are the same for the three treatments.
Let R j , i and Y j , i denote the number of children who had been free from malaria up to time point t j-1 and those who get malaria
between time points t j-1 and t j ( i = 1 , 2 or 3), respectively. In particular we have that R j , i + Y j , i = R j-1 ,i . Then for each of
these intervals, the children Y j , i witnessing the event of interest can be modelled as:
Y j , i ~Bin( R j , Q ji ) where Q ji stands for the conditional probability of becoming sick in this interval for those who have not
had any recurrence at or before time t j-1 . Immediately a child witnesses a first recurrence of malaria at any time point, she was
censored and no longer considered to be at risk of recurrence for the rest of the time. In the same way as in equation (1), the
posterior distribution of Q ji is:
Beta( α ji + Y j , i , β ji + R j-1 - Y j , i ) , if the prior is Beta distribution with hyperparameters α ji and β ji .
We also assume that all binomial distributions and priors are independent for different intervals and treatments. Hence, we equally
use the Jeffreys prior, α = β =1/2. for all intervals and all treatments.
2.2 3 Survival Rate Model at Each Follow-up
Let the rate of positive response for j th individual be defined as

𝑛𝑗
𝑟𝑗

Then the survival probability (negative response) for j

th

𝑛𝑗

individual receiving treatment is given by 1- 𝑟𝑗

The survival model at all follow-up time instances for each treatment is given by S ^ ( t j ) = ∏ j k=1 ( 1-

𝑛𝑗
𝑟𝑗

) . Where k represents

fixed time points as illustrated by a product limit estimator.
The posterior survival probability for Q ji is then S ^ ( t j ) = ∏ k=1 j ( 1- Q ki ) . Where our major assumption is that those who get
recurrence between t j-1 and t j at the average get a recurrence at the midpoint of t j-1 + t j /2.
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2.3.4 Difference in Delay Time to First Recurrence
Let the random variable T represents the survival time until first recurrence of the disease. Then the survival function is given by:
S(t ) =1-F( t ) = ∫t ∞ f( s ) ds.
The mean survival time for T with probability density function f (s) is defined as E( T ) =t ∫ 0 ∞ f( s ) ds = ∫ 0 ∞ S( s ) ds .
This mean time is given by the area under the survival function.
2.2.4 The test statistics
a) The logrank test statistic used to compare the three drugs
Logrank(L)= U T L V-1 ul U L X2 (d.f=2 )
b) The wilcoxon test statistic between two drugs
𝑈𝑤2
= 𝑉𝑤
Results and discussions
3.1 Survival plots
The survival plots are presented in Figure 1 to 2. At the start of the trial, the treatments had equal survival probability of 1, of
escaping the event of first recurrence of malaria. These plots show a steady decrease in survival probabilities through the length of
study period. We observed more often the plots for Artesunate is above those of Quinine and Coartem which is an indication of its
ability to resist a recurrence of the disease. Next, figure 3 and 4 represents the truncated survival plots S * (t max) =0. These were
the resulting plots obtained when we impose the condition that if a first recurrence is to occur, this must take place within a
specified time before the end of each trial period which was within 42 days and within 84 days. These truncated survival plots are
important if we are to correctly estimate the posterior distribution of the difference in survival times bearing in mind that it is
usually difficult to keep track of events after the trials.

Fig: 1

Fig: 2

Fig: 3

Fig: 4
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3.2 Delay time to Recurrence
The maximum mean delay time by simulation for the three drugs within 42 and 84 days was given by figure 5 and figure 6
respectively.
The mean delay time in 42 days for Artesunate, Quinine and Coartem was 31.20, 27.83 and 24.61 days respectively. While their
variances for the same period was 9.95, 10.73 and 12.25 days respectively. For 84 days, the mean delay time for Artesunate,
Quinine and Coartem was 26.18, 23.01 and 21.85 days respectively. While their variances for the same period was 9.75,10.21 and
12.10 days respectively. The posterior histograms obtained, were fairly Gaussian with great overlapping within the 42 days. We
therefore assumed normality in delay time for the mean delay time and the variance for the three treatments.

Fig 5: Artesunate (ART), Quinine (QN) and Coartem (AL) delay time in 42 days

Fig 6: Artesunate (ART), Quinine (QN) and Coartem (AL) delay time in 84 days

3.3 Test statistics
3.3.1 Logrank Test Statistic
H0 = There is no difference in the survival times for the three treatments.
H1 = There is a difference in the survival times for the three treatments
The test statistic
19.1717 11.5037 -1
U T L V-1 ul U L X2 (d.f=2 ) =[ -9.0829 -1.0769 ] [
] [ -9.0829 -1.0769 ]=6.7966
11.5037 16.2755
at α = 0.05 and d.f=2 , the chi square value =5.991 hence 6.7966 >5.991
Decision: We reject the null hypothesis and conclude that the three drugs have different survival times.
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3.3.2 Wilcoxon test statistic (Artesunate and Coartem treatment)
H0 = There is no difference in the survival times between Artesunate and Coartem treatment.
H1= There is difference in the survival times between Artesunate and Coartem treatment.
The test statistic
𝑼𝒘𝟐
We have 𝑽𝒘 =5.732
At at α =0.05 and d.f=1, the chi-square value =3.841 ,hence 5.732>3.841
Decision: We reject the null hypothesis and conclude that the two drugs have different survival times.
3.3.3 Wilcoxon test statistic (Artesunate and Quinine treatment)
H0 = There is no difference in the survival times between Artesunate and Quinine treatment.
H1= There is difference in the survival times between Artesunate and Quinine treatment.
The test statistic
𝑼𝒘𝟐
We have 𝑽𝒘 =1.2793
At at α =0.05 and d.f=1 , the chi-square value =3.841 ,hence 1.2793<3.841
Decision: We do reject the null hypothesis and conclude that there is no sufficient evidence to conclude that the drugs have
different survival times.
3.3.4 Wilcoxon test statistic (Quinine and Coartem treatment)
H0 = There is no difference in the survival times between Quinine and Coartem treatment.
H1= There is difference in the survival times between Quinine and Coartem treatment.
The test statistic
𝑼𝒘𝟐
We have
=2.13
𝑽𝒘
At at α =0.05 and d.f=1 , the chisquare value =3.841 , hence 2.13<3.841
Decision: We do reject the null hypothesis and conclude that there is no sufficient evidence to conclude that the drugs have
different survival times.
Conclusion
The researcher has proposed a new methodology that can be used to estimate of how long one of the drugs can postpone or delay
the recurrence of a disease using Bayesian approach. The methodology has been applied to data on efficacy of three treatments in
a clinical trial. Although we used the malaria data with three treatments, the methodology can be extended to other similar studies.
The difference in survival times for the three drugs is confirmed with the logrank test statistic for the three treatments. However,
we observed some discrepancies in the results for wilcoxon test statistic between Artesunate and Quinine and between Quinine
and Coartem. This might have been due to the scarcity of observation in some stages of treatment or difference in immune system
of children which might have contributed to prolonged time to recurrence. The results on the efficacy of the three treatments
showed Artesunate was a better treatment. The difference in Delay time between Artesunate and Quinine was 3.37 days and
between Artesunate and Coartem was 6.59 days. The difference in delay time between Quinine and Coartem was 3.22 days. In all
the cases, the difference in delay time for Artesunate was positive in comparison with Quinine and Coartem treatments. This is a
major benefit and contribution to existing knowledge on the efficacy of malaria treatments research studies.
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