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ABSTRACT

The Bayesian approach provides a direct and useful inference about parameters better so than 
the frequentist (likelihood-only based) approach. This is because Bayesian approach uses both 
sources of information: prior information and likelihood. The eliciting of prior information is 
important because of a visible impact on the posterior inference. The motivation of this study 
is to avoid the subjectivity in obtaining informative prior. In order to elicit informative priors, 
this study proposed using systematic reviews, and the meta-analysis which is a statistical syn-
thesis of the results from a series of empirical studies. Even though the systematic review and 
meta-analysis may include publication bias, may give more objective information from expert 
opinion due to the publishing process. This study also aimed to present the impact of domes-
tic information obtained from domestic systematic reviews and meta-analysis on estimation 
proportion. Systematic reviews and meta-analysis of proportion used in order to obtain dis-
crete, histogram, and conjugate (Beta) informative priors. The effectiveness of the Bayesian 
inference of proposed different informative prior distributions compared within and between 
(all-domestic) prior distribution. The results revealed that the discrete and histogram priors 
were more effective than the conjugate and non-informative priors. On the other hand, the 
importance of using systematic reviews and meta-analysis for domestic studies was observed.
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INTRODUCTION

The Bayesian approach was considered as an alter-
native to the frequentist approach until the 1980s. At the 
beginning of the 21st  century, Bayesian-based approaches 
became more popular in science. Statistical inference in 
the frequentist approach is based solely on the information 

contained in data (likelihood) and neglecting prior knowl-
edge that is expressed through a prior distribution, and thus 
considers parameters as fixed variables. In the Bayesian ap-
proach, statistical inference is based on the posterior distri-
bution of the parameters obtained by combining both the 
prior distribution and likelihood using Bayes’ theorem. In 
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recent years, calculating posterior distribution was solved 
with using asymptotic methods via computer algorithms 
(e.g.  Gibbs sampler, Metropolis-Hasting algorithm, and 
MCMC) in order to draw a random sample from the poste-
rior distribution [1-2].

The determination of the prior distribution is important 
because it impacts the posterior inference. The importance 
of prior distribution is revealed when the sample size is 
small, or when the data supply contains only indirect infor-
mation about the parameters [3].

More reliable methods aimed at synthesizing data and 
findings are systematic reviews and meta-analyses. As the 
name implies, a systematic review is a detailed and compre-
hensive search strategy of published literature on a particu-
lar topic. Meta-analysis collects information from multiple 
independent studies in order to obtain an average estimate. 
Different meta-analysis method exist depending on the sta-
tistic being reported [4].

The objective of this study is to propose to use sys-
tematic reviews and meta-analyses of proportion in order 
to obtain discrete, Beta, and histogram informative prior 
distributions. The effectiveness of the Bayesian inference 
of proposed different informative prior distributions com-
pared within and between (all-domestic) prior distribution.

BAYESIAN INFERENCE

The Bayesian approach was derived from the appli-
cation of Bayes’ theorem, as developed by Thomas Bayes 
in the 1700s. The principle of Bayesian approach is using 
probabilities that are conditional on data in order to explain 
beliefs about given parameters. The Bayesian approach is a 
method that updates the beliefs about the parameters, given 
the data.

For θ parameters and data, Bayes’ theorem is expressed 
as,
	 g data

g f data

g f data d


 

  
( ) = × ( )

× ( )∫
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( )
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where g( ) , f data ( ) , g data( ) and 

g f data d( )  × ( )∫  represents prior, likelihood, 

posterior and normalising factor, respectively. The prior 
must not be evaluated from the data. Depending on the 
selecting prior, a closed form of Eq. (1) is known to exist 
only in a handful of simple cases. In other cases, either the 
numerical solution or computer algorithms (e.g. Gibbs 
sampler, Metropolis-Hasting algorithm, and MCMC) are 
required for integration [1].

The posterior distribution can either be strongly (sub-
jective or informative prior) or minimally (objective or 
non-informative prior) impacted based on choosing the 
prior [2].

Bayesian Inference for Binomial Proportion
The binomial proportion is defined as a total number of 

successes in an n independent trail. Each trail has two pos-
sible outcomes. The conditional distribution of the obser-
vation y, the total number of successes in n trails given the 
parameter θ, is binomial( , )n  . The conditional probability 
function for y given θ is given by,

	 f y
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Hold y fixed at the observed number of success, and let 
θ vary over its possible values. The likelihood function of θ 
is also given by Eq. (2).

In order to evaluate Bayesian inference for binomial 
proportion, previous knowledge or belief had needed to 
be assessed before the data observed from the survey. Giv-
en that the proportion ranged between (0,1), some values 
are much more likely than others. The knowledge or be-
lief about proportion is quantified using prior distribution. 
Depending on the degree of knowledge or belief, there are 
different choices of priors for the proportion [5].

Informative Priors
An informative prior dominates likelihood, and thus has a 

visible impact on the posterior distribution. Two main infor-
mative priors can be described: informative-empirical, which 
is based on using data from related experiments, and informa-
tive-non-empirical data, which is based on inherent reason in or-
der to prefer certain values over others. This information should 
be appropriately summarized using prior distribution [2,6].

a.	 Discrete prior
One of the forms of informative prior is a discrete prior. 

A discrete prior has two main advantages: one of which is 
the ease of specifying a prior probability distribution, the 
other is being straightforwardness in terms of computing 
the posterior and predictive distribution.
A list of plausible k values of θ,  1,..., k with respective 

p p k( ),..., ( ) 1 , where p j
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The posterior probabilities are used for the inference of 
the parameter. The normalizing factor (denominator of Eq. 
(3)) ensures that the probabilities add to 1[7]. A  discrete 
prior always yields a discrete posterior distribution [5].

b.	 Histogram prior
Another easily specified and well understood infor-

mative prior is the histogram prior. Other advantages of 
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this prior include its not requiring any parametric as-
sumption and its flexibility when it comes to quantified 
prior beliefs [5].

In order to evaluate a histogram prior for success prob-
ability, first the interval (0,1) is divided into predefined, 
non-overlapping or equal subintervals, and then the 
probability is assigned to each interval in accordance with 
researchers prior belief. The posterior distribution is calcu-
lated by multiplying these prior probabilities by the bino-
mial likelihood, and normalizing the result [5].

c.	 Conjugate prior
In case prior and posterior distributions stem from the 

same family, such priors are hence called conjugate prior. 
Conjugate priors result in closed-form solutions for the 
posterior distribution that enable either direct inference 
or the construction of efficient Markov chain Monte Carlo 
sampling algorithms [2].

The shape of binomial likelihood function of θ is the 
same form of the beta(a,b). Since the proportion is a con-
tinuous parameter, a convenient prior distribution is the 
beta distribution.

g
a b
a b

a b( )
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Γ Γ
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where a and b are the hyperparameters selected in order 
to express the researcher’s prior beliefs about θ. An appro-
priate choice of beta distribution may be based on the his-
togram plot. If the histogram plot has two or three peaks, 
instead of one then researchers might need a mixture of Be-
tas in order to fit the data. The maximum likelihood, which 
method of moments that used the mean and variance or the 
“fitdistr” function from MASS could be used in estimating 
the hyperparameters. For a given mean (m) and standard 
deviation (s) the methods of moments are estimated a and 
b given in Eq.(5) and Eq. (6).
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The posterior density given by,
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The posterior obtained without integration [2, 8-9].

Non-informative Priors
Non-informative prior used when relatively little is 

known about the data. Non-informative priors have a min-
imal impact on the posterior distribution.

The most used non-informative priors are uniform 
(U(0,1) or Beta(1,1)) and Jeffery (Beta(0.5,0.5)). The uni-
form prior gives equal weights to all possible values of 
success probability. The Jeffrey prior is preferred to make 

inferences about some transformation of θ instead of θ it-
self because the uniform prior is not “invariant under trans-
formations”. The posterior is a another member of the beta 
family (Beta(y+1,n-y+1) and Beta(y+0.5,n-y+0.5), respec-
tively) and does not require integration [2, 5].

META-ANALYSIS OF BINOMIAL PROPORTION

Meta-analysis can be useful in order to obtain a more 
accurate estimate of the success proportion. Based on the 
inverse variance method, the pooled proportion is an av-
erage that is calculated by weighting the variance of each 
study using a fixed/random effects model [10]. The selec-
tion between fixed and random effects models is based on 
whether the heterogeneity test is significant or not. If the 
heterogeneity test significant then a random effect model 
should be selected. Because the heterogeneity commonly 
arises when the studies obtained from the published litera-
ture, the selection of random effects model is more appro-
priate [4]. The individual study weights:

	 Var p
p p

N
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where p is the proportion and N the population size.
Based on inverse variance method the pooled propor-

tion estimate is given by,
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with standard error,

	 SE P
pii

( )
var( )

=∑ 1
� (10)

Assuming the pi is a random sample from beta distribution 
with parameters a and b, the mean and variance of p are 
given in Eq. (5) and (6). The homogeneity among studies is 
measured by a+b. If a+b is large then the difference among 
studies will be slight enough that the distribution of the pi
will concentrate around the mean [11,12].

PROPOSED METHOD: USING SYSTEMATIC 
REVIEWS AND META-ANALYSIS IN ORDER TO 
ELICIT EMPIRICAL-INFORMATIVE PRIOR

The motivation of this study is to avoid the subjectivity in 
obtaining informative prior. This study proposed using sys-
tematic reviews and meta-analysis to synthesize results from 
a series of empirical studies. Even though the systematic re-
view and meta-analysis may include publication bias, due to 
the publication process it may give more objective information 
from expert opinion. Studies were identified by systematical-
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ly searching electronic databases using relevant search terms 
and pre-specified criteria. The overarching aim of these meth-
ods is to limit bias or assumptions on particular topics, thus 
allowing researchers to have greater confidence in drawing 
conclusions [13]. This study also aimed to present the impact 
of domestic information obtained from domestic systematic 
reviews and meta-analysis on estimation proportion.

After implementing the systematic reviews and me-
ta-analysis, the combined studies and these frequencies 
were used in order to obtain three informative priors men-
tioned before as follows:

Discrete prior
i.	 Using the studies as a list of plausible k values of θ, 

( ,..., ) 1 k
ii.	 Calculating the frequency of studies
iii.	 Obtaining the probability of each value of θ, 

p p k( ),..., ( ) 1  by dividing each frequency by the sum
iv.	 Calculating the posterior probabilities

Histogram prior
i.	 Using the studies to determine the interval
ii.	 Dividing the interval into subintervals
iii.	 Calculating the frequency of studies in each subinter-

vals
iv.	 Obtaining the probability of each value by dividing 

each frequency by the sum
v.	 Calculating the posterior probabilities

Conjugate Prior-1
i.	 Applying meta-analysis to the studies
ii.	 Obtaining mean and standard deviation for pooled 

proportion
iii.	 Estimating the hyperparameters a and b by methods of 

moments
iv.	 Calculating the posterior probabilities

Conjugate Prior-2
i.	 Using the studies to plot histogram
ii.	 Fitting Beta or mixture of Betas distribution based on 

the peak number and obtaining the hyperparameters a 
and b via the “fitdistr” function from MASS

iii.	 Calculating the posterior probabilities

DATA ANALYSIS

Energy drinks (ED) are highly caffeinated beverages 
that often include a high level of sugar (or a sugar substi-
tute) as well as herbal ingredients such as guarana (a nat-
urally occurring form of caffeine). The consumption of 
energy drinks has increased over the past several decades. 
Recent studies suggest that young adults under age 30 pur-
chase and consume energy drinks the most [14].

The data was obtained by conducting a survey among the 
high school students in the province of Giresun, Turkey. The 
questionnaire was applied in December 2015 with the per-

mission of the Provincial Directorate of National Education. 
In order to observe the energy drink consumption and opin-
ions of high school students, a questionnaire consisting of 
29 questions was applied face to face on students from each 
grade level as much as possible from 8 high schools. Eight of 
the questionnaire questions are open-ended and the rest are 
closed-ended questions. Before the questionnaire was applied, 
a pilot study was conducted and necessary arrangements were 
made. A total of 581 students voluntarily participated as sub-
jects for the study from eight separate high schools 360 stu-
dents had stated having consumed energy drink at least once.

In order to determine the proportion of energy drink 
consumption, the Bayesian approach was considered. In-
formative-empirical priors were obtained using systematic 
reviews and meta-analysis.

Using the keyword “energy drink” and “stimulant drink”, 
nine electronic bibliographic databases, reference lists of 
relevant studies, and internet searches were performed with 
the intent of identifying articles related to energy drinks. 
Cross-sectional design published in both English and Turk-
ish language studies were considered for inclusion criteria 
provided that they reported raw data or proportion available 
for (ED) consumption. Repeated, studies that used same 
survey results, as well as case-control and experimental de-
signed studies were excluded. A  total of 629 studies were 
examined, 135 studies meeting the inclusion criteria. Eight 
studies were conducted in Turkey, while the remaining 127 
studies were conducted in other countries. Most of the en-
ergy drink studies were conducted in the USA (56 studies).

Data analysis was carried out using R software. In or-
der to implement discrete and histogram priors “pdisc”, and 
“histprior” functions in the LearnBayes package was used; 
for meta-analysis of the proportion, the “metaprop” func-
tion in the meta package was used; and for fitting beta dis-
tribution “fitdistr” function from MASS, respectively.

RESULTS

The survey revealed that 360 out of 581 high school stu-
dents consume energy drinks with common θ. The likeli-
hood function of θ is given by,

	 L( ) ( )  ∝ −360 2211 � (11)

The frequentist estimates of proportion and 95% confi-
dence interval was 0.62 (95% CI, 0.58 to 0.66). The difference 
between the upper and the lower bound (range) was 0.08.

The Bayesian approach of the proportion of energy 
drink consumption was obtained for non-informative and 
informative priors, respectively. Table  1 summarized the 
results of Bayesian inference for non-informative priors 
(U(0,1) or Beta(1,1)) and Jeffery (Beta(0.5,0.5)).

The proportion of energy drink consumption was the 
same for both frequentist and non-informative Bayesian 
approaches.
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To demonstrate the usefulness of the proposed meth-
od, 135 studies that obtained from Systematic reviews and 
meta-analysis, were used to construct four informative 
(discrete, histogram, conjugate-1, and conjugate-2) prior 
mentioned before. Eight of 135 studies were conducted in 
Turkey. Due to eight of the 135 studies and the survey data 
gathered from Turkey, in addition to comparing the effec-
tiveness of proposed different informative priors, this study 
also aimed to present the impact of domestic information 
on estimation proportion. Hence, firstly four informa-
tive-empirical priors (discrete, histogram, conjugate-1, and 
conjugate-2) were constructed for 135 studies (all) and then 
for 8 studies (domestic). The results of four priors based on 
135 and 8 studies are summarized in Table 2 and 3.

According to Table 2, while the common proportion of 
energy drink consumption for all (135) of the studies was 
32%, it was 57% for the domestic (8) studies. Eight of the 
studies generated approximately 4% of the sample size. For 
the 135 studies, the proportion of energy drink consump-
tion was ranged between 1% and 99%, with the highest fre-
quency (6) being observed at 47%.

The discrete prior can easily be specified by determining 
the prior probability of the 135 plausible proportion values 
Fig (1 (a) upper). The prior probability was ranged between 
0.7% and 4%. By dividing the same interval into ten equal 
subintervals, the frequency and the probability of each sub-
interval had increased. Hence, the probability of histogram 
prior ranged between 2% to 19% Fig (1 (c) upper).

For the 8 domestic studies, the proportion of energy 
drink consumption had ranged between 33% and 78%, and 
each value of proportion was observed on the same frequen-
cy. The discrete prior was easily specified by determining the 
prior probability of eight plausible proportion values. The 
prior probability was equal (12.5%) Fig (1 (b) upper). Di-
viding the same interval into ten equal subintervals leads to 
the frequency of each subinterval and the probability of each 
subinterval increasing. Hence, the probability of histogram 
prior was ranged from 12.5% to 37.5% Fig (1 (d) upper).
Figure 1 illustrates the plots of prior and posterior of dis-
crete (a and b) and histogram priors (c and d) for 135 and 8 
studies, respectively.

For the 135 studies, based on discrete prior, most of the 
posterior probability was concentrated on the values be-
tween p=0.58 and p=0.65 (Fig 1 (a) bottom). By combining 
the most likely values, the posterior probability was equal to 
0.978. Based on the histogram, prior the posterior probabil-
ity was concentrated on the value p=0.65 (Fig 1 (c) bottom). 
The posterior probability was equal to 0.986.

For the other 8 studies, based on discrete prior, most 
of the posterior probability was concentrated on the values 
between p=0.60 and p=0.62 (Fig 1 (b) bottom). Combining 
the most likely values, the posterior probability was equal 
to 0.998. Based on the histogram prior, the posterior proba-
bility was concentrated on the values p=0.65 (Fig 1 (d) bot-
tom). The posterior probability was equal to 0.980.

Table 1. Results of non-informative priors
Sample Size Number of Success Prior Proportion LB UB Range

581 360 U(0,1) or Beta(1,1) 0.62 0.58 0.66 0.08
Beta(0.5,0.5) 0.62 0.58 0.66 0.08

Table 2. Results of discrete and histogram priors obtained via systematic reviews and meta-analysis based on 135 and 
8 studies
Number of 
Study

Sample Size Number 
of Success

Common 
Proportion

Prior Interval of 
Proportion

Interval of 
Frequency

135 311220 99955 0.32 Discrete (0.01-0.99) (1-6)
Histogram (0.01-0.99) (3-26)

8 10982 6274 0.57 Discrete (0.33-0.78) (1-1)
Histogram (0.33-0.78) (1-3)

Table 3. Results of conjugate priors obtained via systematic reviews and meta-analysis based on 135 and 8 studies
Number of 
Study

Sample Size Number 
of Success

Common 
Proportion

Prior Estimated a Estimated b

135 311220 99955 0.32 conjugate-1 84.72 99.51
conjugate-2 1.57 1.83

8 10982 6274 0.57 conjugate-1 91.22 81.06
conjugate-2 7.15 6.35
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Table  3 summarized the estimated hyperparameters 
of beta distribution prior as based on conjugate-1 and 
conjugate-2. The estimated hyperparameters from the 
meta-analysis (conjugate-1) were larger than the fitted 
methods (conjugate-2). Because a+b was large within the 
meta-analysis, the difference among studies was slight, thus 
indicating homogeneity among studies.

The posterior distribution of θ for conjugate priors is 
given by;
	 g y a b( ) ( )  ∝ −+ − + −360 1 221 11 � (12)

Figure 2 illustrates the prior, likelihood, and posterior dis-
tributions for conjugate priors as based on 135 (a and b) and 
8 (c and d) studies, respectively. It was observed that the pri-
ors obtained from the mean and standard deviation of pooled 
proportion by meta-analysis (a and c) were similar in shape 
to the posteriors. The fitted priors from the combined studies 
had higher kurtosis distribution than that of the meta-analysis.

For the 135 studies, the posterior probability was 
0.58 (95% CI, 0.55 to 0.62) as based on conjugate-1 prior. 
Based on the conjugate-2 prior, the posterior probability 
was 0.62 (95% CI, 0.58 to 0.66).

For the 8 studies, the posterior probability was 0.60 (95% 
CI, 0.56 to 0.63) as based on conjugate-1 prior. Based on 
conjugate-2 prior, the posterior probability was 0.62 (95% 
CI, 0.58 to 0.66).

In order to compare the effectiveness of four priors, the 
results of the credible interval were summarized in Table 4 
based on 135 (all) and 8 (domestic) studies.

Upon looking at Table  4 for the 135 (all) studies, one 
sees that even though the range of the credible interval was 
approximately the same for discrete prior and conjugate-1 
and 2, the discrete prior gave a more accurate credible 
probability (0.978). The histogram prior was concentrated 
on point value (p=0.65) estimation with the largest credible 
probability (0.986). For the 8 (domestic) studies, besides 
the discrete prior gave narrower credible interval than con-
jugate-1 and 2, it was also a more accurate credible proba-
bility (0.998). Similar to the 135 (all) studies, the histogram 
prior was also concentrated on point value (p=0.65) estima-
tion but with the second largest credible probability (0.98).

When the priors were compared between the 135 (all) 
studies and the 8 (domestic) studies, the conjugate-1 and 2 
gave approximately the same credible interval range with 
the same credible probability (0.95). The discrete prior for 
the 8 (domestic) studies, gave a narrower credible inter-
val range and larger credible probability than the 135 (all) 
studies. For both study number, the histogram prior was 
concentrated on point value (p=0.65) but gave a bit smaller 
credible probability for the 8 (domestic) studies.

Finally, when the proposed four priors (discrete, histo-
gram, conjugate-1, and conjugate-2) were compared with 

Figure 1. Plots of prior and posterior distributions for discrete and histogram priors: (a) 135 studies for discrete prior and 
posterior, (b) 8 studies for discrete prior and posterior, (c) 135 studies for histogram prior and posterior and (d) 8 studies 
for histogram prior and posterior.

d

c

b

a
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the non-informative prior results, the conjugate-1 and 2 
gave approximately the same credible interval range with the 
same credible probability (0.95). According to the discrete 
prior, while the credible interval range was approximately 

Figure 2. Plot of prior, likelihood, and posterior distributions for conjugate priors (a) 135 studies conjugate-1 (Beta(84.72, 
99.51)), (b) 135 studies conjugate-2 (Beta(1.57, 1.83)), (c) 8 studies conjugate-1 (Beta(91.22, 81.06)) and (d) 8 studies 
conjugate-2 (Beta(7.15, 6.35)).

the same for the 135 (all) studies, was the larger for the 8 
(domestic) studies, and with a smaller credible probability. 
The histogram prior gave the largest credible probability.

As a result, the discrete and histogram priors gave more 
largest credible probability than the conjugate-1 and 2 and 
non-informative priors. There was anecdote evidence for 
big study number for histogram prior. The histogram prior 
gave a more accurate result for the 135 (all) studies. The dis-
crete prior gave a more accurate result for the 8 (domestic) 
studies. The importance of using systematic reviews and 
meta-analysis for domestic studies was observed.

CONCLUSION

One of the advantages of the Bayesian approach on the 
frequentist approach is taking into account both the source of 
information: the prior information, and the data information. 
The knowledge or belief is quantified by the prior distribution, 
the data include information about the process. In the case 
that no prior information is available, the prior distribution or 
non-informative prior ought to be defined as a minimal im-
pact on the posterior distribution. If prior information is avail-
able on the other hand, it should be appropriately summarized 

Table 4. Results of the credible interval of four priors 
based on 135 and 8 studies
Studies 
number

Prior Type Credible 
Interval

Credible 
Probability

135 (All) Discrete (0.58-0.65) 0.978
Histogram (0.65-0.65) 0.986
Conjugate-1 
(Beta(84.72, 99.51))

(0.55-0.62) 0.95

Conjugate-2 
(Beta(1.57, 1.83))

(0.58-0.66) 0.95

8 
(Domestic)

Discrete (0.60-0.62) 0.998
Histogram (0.65-0.65) 0.98
Conjugate-1 
(Beta(91.22, 81.06))

(0.56-0.63) 0.95

Conjugate-2 
(Beta(7.15, 6.35))

(0.58-0.66) 0.95

dc

ba
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by the prior distribution, known as the informative prior.
In general, informative prior is depending on the degree 

of knowledge or belief of the expert. Especially the proba-
bility prior to discrete and histogram priors is assigned arbi-
trarily. The proposed approach is aimed to obtain powerfully 
and consistency the informative prior to published studies. 
In order to achieve this aim and to avoid subjectivity in the 
assessment of the published studies, systematic reviews and 
meta-analysis were conducted. By conducting systematic 
reviews and meta-analysis, the combined studies and these 
frequencies were used in order to obtain four informative 
priors (discrete, histogram, conjugate-1, and conjugate-2).

The proportion of energy drink consumption was con-
sidered. The informative prior was obtained via systematic 
reviews and meta-analysis for proportion. The data was ob-
tained by conducting a survey on 581 high school students 
in Giresun, Turkey. It was revealed that 360 students had 
consumed an energy drink at least once in their lifetime.

The Bayesian approach was applied to different numbers 
of studies in order to reveal the effectiveness of informative 
prior based on all and domestic systematic reviews and me-
ta-analysis. The effectiveness of priors was compared within 
and between the study numbers (all-domestic).

The results showed that for both numbers of studies 
(135 (all) and 8 (domestic)) the discrete and histogram 
priors were more effective than the conjugate-1 and 2, and 
non-informative priors. There was anecdotal evidence for 
the discrete and histogram priors when compared accord-
ing to study numbers. The histogram prior was observed 
that to be less effective for a small number of the studies (8 
(domestic)) than for large numbers of studies (135 (all)). 
There were two reasons for this: First, as the number of 
studies increased, the numerical range of the proportion 
of energy drinks obtained from the studies changed, and 
thus affected the discrete and histogram prior distribu-
tions because they were obtained depending on the inter-
vals. Second, because of the credible probability obtained 
by combining the most probable values; even though the 
histogram prior distribution gives a high probability value 
for a single value, while the discrete prior distribution per-
forms better for the interval.

It was concluded that domestic systematic reviews and 
meta-analysis prior was more effective than all.

AUTHORSHIP CONTRIBUTIONS

Concept: E.A.; Design: E.A.; Supervision: E.A.; Materi-
als: E.A.; Data: E.A.; Analysis: E.A.; Literature search: E.A.; 
Writing: E.A.; Critical revision: E.A.

DATA AVAILABILITY STATEMENT

The published publication includes all graphics and data 
collected or developed during the study. Ana başlık olarak 
büyük harfle yazılıp, satır başından başlamalıdır.

CONFLICT OF INTEREST

The author declared no potential conflicts of interest 
with respect to the research, authorship, and/or publication 
of this article. Ana başlık olarak büyük harfle yazılıp, satır 
başından başlamalıdır.

ETHICS

There are no ethical issues with the publication of this 
manuscript. Ana başlık olarak büyük harfle yazılıp, satır 
başından başlamalıdır.

REFERENCES

[1]	 Ntzoufras I. (2009). Bayesian Modeling Using Win-
BUGS, Hoboken-New Jersey-USA, Wily & Sons.

[2]	 Bolstad, W. M. (2007). Introduction to Bayesian Sta-
tistics, 2nd Edition, Wiley-Interscience, A John Wiley 
& Sons, Inc., Publication.

[3]	 Gelman A. (2002). Prior Distribution, Encyclopedia 
of Environmetrics, 3, Chichester, 1634-1637.

[4]	 Borenstein M., Hedges L.V., Higgins J. P.T., Roth-
stein H.R. (2009). Introduction to Meta-Analysis, 
West Sussex-UK Wily & Sons.

[5]	 Cowles M. K. (2013). Applied Bayesian Statistics: 
With R and OpenBUGS Examples, Springer-Verlag 
New York.

[6]	 Kramer A. (2016). Introduction to Bayesian In-
ference, Oracle + DataScience.com, https://www.
datascience.com/learn-data-science/fundamentals/
introduction-to-bayesian-inference-data-science.

[7]	 Albert J. (2009). Discrete Bayes With R. Technology 
Innovations in Statistics Education. 3(2).

[8]	 Albert J. (2007). Bayesian Computation With R, 
Springer.

[9]	 Spiegelhalter D. J., Abrams K. R., Myles J. P. 
(2004). Bayesian Approaches to Clinical Trails & 
Health-Care Evaluation, John Wiley & Sons, Inc., 
Publication.

[10]	 DerSimonian R., Larid N. (1986). Meta-analysis in 
Clinical Trails, Control Clin Trails, 7(3), 177-188.

[11]	 Barendregt J. J., Doi S. A., Lee Y. Y., Norman R. E., 
Vos T. (2013). Meta-analysis of Prevalence. J Epide-
miol Community Health, 67(11), 974-978.

[12]	 Berry S. M., Carlin B. P., Lee J. J., Muller P. (2010). 
Bayesian Adaptive Methods for Clinical Trials, CRC 
Press.

[13]	 Whitehead A. (2002). Meta-Analysis of Controlled 
Clinical Trails, John Wiley & Sons, Inc., Publication.

[14]	 Brache K., Thomas G., Stockwell T. (2012). Caffein-
ated alcoholic beverages in Canada: Prevalence of 
use, risks and recommended policy responses, Ca-
nadian Centre on Substance Abuse, 1-32.


