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Original Research Article
Bayesian and frequentist comparison: An applicatiorto Low

Birth Weight babies in Ghana

Abstract

The aim of this study is to evaluate the assoaidtietween maternal factors and birth weight
among babies by using and comparing frequentist Bagesian methods’ results from an
epidemiologist or public health point of view. Ldwrth weight babies, defined by WHO as
babies born at term who weigh less than 2.5kg isngyortant indicator of reproductive
health and general health status of any Populafiba.incidence of low birth weight is quite
high in the sub region which has a public healthceon.

Our study was based on data from 2011 Multiple dagtir Cluster Survey conducted by
Ghana Statistical Service. A total sample size@9@3 women within the reproductive age
were selected throughout the entire country forstimeey.

The results from the frequentist and the Bayesiadets show that, the two approaches can
yield similar results using same data set. Howetleere are factors that the Bayesian
technique can unfold which might not be the caseguthe frequentist model. We were able

to show with our data set that the Bayesian metinag have a lot of benefits than the

frequentist method. However, in order to narrow ¢hedible intervals, there is the need to
bring in informative priors so as to be able to IWetmulate the null and the alternative

hypotheses. However, one can use the Markov Chaintd/Carlo, when using no priors to

predict reliable results.

Comparing the two approaches with respect to ota set, we can infer (from table 4) that
using Bayesian model provides better estimatesadigting low birth weight among babies

in Ghana. We note however that to better understamgphenomenon under study the two
methods could be used together. Our findings furtbeealed that low birth weight is not

only a public health problem but also a socio-aaltissue.

Keywords: low birth weight, frequentist, Bayesian, informatigriors
1. Introduction

The debate over Bayesian versus Frequentist statigtference is largely over in statistics

community. Both Bayesian and frequentist ideas haviet to offer practitioners. Each

approach has a great deal to contribute to statlsiinalysis and each is essential for the full
development of the other approach. Both method=nd#&ad to the same solution when no
external information (other than the data and tleelehitself) is introduced into the analysis.
But these methods are not the same and do différags. It is very important to understand
the assumptions behind the theories and to coyrattrpret the mathematical conclusions
produced. Using both approaches for an importasttlpm is good in practice (Badu, 2006).
The union of frequentist and Bayesian procedureisisussed extensively by (Bayarri et al
2004), and this study is based partly on their wdéilequentist methods are at times
misapplied or used wrongly and sometimes the resuk interpreted wrongly. Unlike the
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frequentist, the Bayesian methods provide manytigedcbenefits, like handling variables
that are not observed, small sample sizes as wadtrars associated with measurement and
using prior information from earlier works (Pascateal 2014).

In general, frequentist methods are computation@lgtively simple. There is no need for
numerical integration. Many of these methods, tdfisiently large data sets, are the locally
most powerful tests possible. In many cases thguémetist and Bayesian interpretations are
different: Bayesian methods are baseddenision theoretic principlesactions are dictated
by risk management by minimising the expected los$er a chosen ‘loss’ function. Similar
choices are needed in frequentist methodology teraéne the optimal procedure (e.g. least
squares or maximum likelihood estimation).

Frequentist principle is based on the idea that) vépeated use of a statistical procedure, the
actual accuracy of the long run average shouldordess than the reported accuracy of the
long average. This is really a joint frequency-Baga principle.

Low birth weight (LBW) is one of the key reprodwaihealth indicators whose outcome is
influenced by consumption of reproductive healtrec®osenzweig and Schultz (1983) argue
that one of the key measures of child health i$ dfdirth weight. Birth weight is a good
gauge of health of the child in the womb becauseathight is taken immediately after birth.
Consequently, a malnourished fetus will be bormoat birth weight. Fetal growth can be
affected by factors such as maternal, genetic andamental. One of the key vulnerable
processes in the life cycle of human being is tleevgh and development of the intrauterine
which can lead to a permanent profound influente la life. According to (Sachdey, 2001),
the intrauterine growth menace has been well stubiebirth weight within the developing
countries. The birth weight of a child who is Iékan one year could be used to assess his
chances of good health and growth, developmensandval (Park, 2007).

LBW is prevalent in developing countries especidtigse in the Sub-Saharan region due to
the high levels of malnutrition and infectious dises. Throughout the world, over 20 million
children under one year are born with low birth gi®i Out of this number about 95% of
these babies are located in developing countridarde proportion of these babies are born
in Asia which also have high parity rate and ab®2% of them are also born in Africa.
Within Asia, about 40% of the low birth weights acén India with countries in the western
world such as Sweden, having between 4% and 6%CER] 2003).

The birth weight of a child is a yardstick or a m@@ of how vulnerable the child may be
susceptible to childhood diseases and chancesw¥ali Sub-Saharan Africa (SSA) has the
second highest incidence of low birth weight infatihe world over (16%), with South

Central Asia being the highest at 27% (UNICEF and@2004). The most recent evidence
in Ghana shows that approximately 10% of all biehes LBW (GSS, 2009). In particular, the
UN envisages a reduction of low birth weight byledst one-third in the proportion of

infants. This target is in fact, one of the seveajangoals for the current decade of the “A
World Fit for Children” programme of the United MNats (UN, 2004).
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The prevalence of LBW situation in Ghana is notgterent from what pertains in the sub
region. The rate has been hovering around 10% diccpto the various results contained in
the Multiple Indicators Cluster Questionnaire Sys/éMICS) and the Demographic and
Health Surveys (DHS) conducted over the years. rtukides only a few babies who are
weighed at birth or described as being “very smail"smaller than average” when born. The
major challenge is that most babies born in Ghaeaat weighed at birth due to the fact that
most mothers give birth at home and not at healthlifies. For instance, about 79% of
babies born in Ghana were not weighed accordiriged 998 DHS report (page; 98). Again,
in the 2003 DHS, information on birth weight wasolm for only 28% babies in the five
years preceding the survey and for the 2008 DH#) hieight was reported for only 43% of
births in the five years preceding the survey. P06 MICS report also indicates that,
overall, nearly 2 in 5 babies are not weighed ghband approximately 9% of infants are
estimated to weigh less than 2.5 kg at birth. Hewegome research findings at various
facilities across the country put the prevalende edbove 16% which is higher than the 15%
global average threshold making it a public heatthcern as a country. Again, according to
the WHO data published in April 2011 LBW death<Shana reached 6,056 or 3.23% of total
deaths in the country. Currently LBW is among thye 20 causes of deaths in Ghana.

The primary objective of our present study is todgtand assess maternal factors associated
with low birth weight babies by using and comparagh frequentist and Bayesian methods’
results from an epidemiologist or public healthrnpaf view.

The justification for the comparison of Bayesiard &requentist in this study is based on
coherence andcalibration. These are two important goals for statistica¢iance;

i. Bayesian work has tendered to focus on coherendstwhequentist work has not
been too worried about coherence. The problem piile coherence is that one
can be coherent and completely wrong.

ii. Frequentist work on the other hand tends to foeusadibration whilst Bayesian
work has not been too worried about calibration.e Tproblem with pure
calibration is that one can be calibrated and cetepy useless.

Many statisticians therefore make use of both Bayeperspective and Frequentist
perspective, because a blend is often a natural twagchieve both coherent and
calibration.

1.1 Conceptual Framework

Reasons for comparing these two approaches’ restdtsnany, namely because frequentist
techniques, even though the most universally amtkhyiused, are sometimes considered as
misused or misinterpreted (Greenland, 2006; Goodm809; Spiegelhalter et al 2004),
whilst Bayesian techniques are underused, howelvey, appear to present several practical
advantages, such as accommodating small samplke sissing data, covariates measured
with error, random effects or a hierarchical stooetof variables, unobserved variables along
with measurement errors and incorporating infororatirom previous studies (Greenland,
2006; Goodman, 1999; Spiegelhalter et al 2004; buna001).
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Dunson (2001) defines Bayesian methods as thecixgliantitative use of external evidence
in the design, monitoring, analysis, interpretatanmd reporting of a study. According to
(Spiegelhalter et al 2004), results of epidemiatabiobservational studies provide a
likelihood that can be combined with prior infornoat using standard and advanced full
Bayesian methods leading to purely probabilistsuhes. The specific application of Bayesian
methods to case-control studies is both feasibiewmeful, particularly with the advance of
advanced computational methods (Marshall, 1988erzeParker, 1986) coupled with the
advent of Markov Chain Monte Carlo (MCMC) methodayesian methods are being
implemented with increasing frequency. MCMC methads computer-intensive technical
methods that allow one to simulate draws from thstgrior distribution, without having to

calculate the posterior distribution (Gilks et 8P6).

Again, contrary to the classical confidence internBayesian methods offer Bayesian
credible interval which has a simple appealingrpetation as the interval containing the
true parameter of interest with some probabilitg(€95%). Most researchers prefer this easy
interpretation to that of the classical 95% coniick interval, which is the range of values
containing the true parameter 95% of the timespeated sampling (El-Hakim et al 1999).
Furthermore, people sometimes wrongly interpret ¢bafidence interval as if it was a
credible interval. This means that Bayesian apgroaeems more intuitive than the
frequentist.

Even though these practical advantages have loag beailable for epidemiologists, few
epidemiological studies have used this powerful to@ssess exposure-disease relations (El-
Hakim et al 1999). Controversies are raised byBigesian approach, since one is compelled
to re-examine fundamental notions about the conogptrobability and classical statistical
practices (Etzioni et al 1995). Its usefulnessciseated in specific situations such as in case
of sequential data, but its system of inferencengigpriors in other situations is still
controversial (Etzioni et al 1995) because of itbjsctivity (Greenland, 2006). Therefore,
comparing results, interpretations and limitatiasfs both approaches would enrich our
discussion and make our conclusions more robust.

2. Data

Our study was based on data from 2011 Multipledattir Cluster Survey (MICS) conducted
by Ghana Statistical Service. A total sample siz&(0963 women within the reproductive
age were selected throughout the entire countryhi@rsurvey. All responses were solicited
two years preceding the survey. The process forpkamelection was the results of
representative probability sampling of householdsducted nationwide using the 2010
Population and Housing Census Enumeration AreassjEAo0 be able to compare, the
MICS used an internationally standardized sammiingvo-stratified sample design. The first
stage involved selection of a number of EA’s frone ten regions which were used as
clusters. The second stage involved the selectiormoniseholds in each region using
systematic sampling with probability proportional size. In all 12,150 households were
selected for the sample, however, 11,925 househatdle duly contacted and interviewed.
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From the interviewed households, 10,963 women withe reproductive age group were
identified for interview.

3. Methodology

The 2011 MICS was conducted with a sample of 11,B8Gseholds from a selected
household of 11,970 throughout the ten administeatiegions of Ghana translating into
about 100% response rate. All the households vweteeted based on the sizes of the regions.
The survey utilized both quantitative and quaMatdata collection methods which aimed at
providing basic data for measuring the progres&/ahen and children in Ghana. The data
set used for analysis in this study is based oarmmétion on all births and deaths that
occurred two years preceding the survey. The susgyl SPPS (version 20), R-console and
SAS system version 9.4 for extraction and datayaisal Descriptive statistics as well as
frequencies of the background characteristics efrttothers and the respective households
the children belong to were generated. The associdbetween the dependent and
independent variables was ascertained using clarsganalysis procedures. Our dependent
variable was based on the outcome of the weiglthebaby whether LBW or normal. The
independent variables included parity, area ofdeste, ethnicity region, antenatal care,
economics status and mothers’ characteristics dmufyy education, religion and age. A
critical level of significance of 5 percent (p<0)O&as employed to identify the most
statistically significant factors of LBW babies.tifsates of LBW were also obtained for the
overall administrative regions.

3.1 Model Specification (logistic regression)
The following generalized linear logistic model wased

noo=lg () = B+ €
®

wherer links the linear function to |°91_I;)- The link is not a linear function, p is the

probability of having a LBW baby andis the model matrix including, mothers’ educationa
level, age, religion, ethnicity, antenatal caregremmic status of household and parity. The
matrix also includes geographical location, suchregion of origin and whether the
respondent is from rural or urban environmeghis the vector of parameters, aids the
vector of residuals. We applied the Fisher sconrahod (SAS, 2007) to obtain Maximum
Likelihood estimates d8. The overall goodness of fit was derived from Ithieelihood Ratio
Test of the hypothesisoHc(3) = 0 where a comparison is made between the falehand
the reduced model (Hilbe et al 2008). It is therefa test for global null hypothesis of the
elements of the solution vector.

The odds ratio in this study is the probability ttteachild will be born of LBW to the
probability that the child born has normal birthigie. This means that the outcome variables
in the logistic regression should be discrete aimhalomous. Logistic regression was
therefore found fit to be used because the outoariable was in binary form that is a child
is born with LBW or otherwise. Again, there were assumptions to be made about the
distributions of the explanatory variables as ttielynot have to be linear or equal in variance
within the group. The model suggests that theilicgld of a woman giving birth to a LBW

5
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child varies across all the independent variabbebe studied. After fitting the model, the
outcomes were used to interpret the existing watiips between LBW babies, household
structure and mothers’ characteristics.

3.2 Markov chain Monte Carlo

In drawing ani.i.d sample from a complicated distributianis difficult, especially in high
dimensions. Markov chain Monte Carlo generates quesece of random variablegx*)
which are dependent and such that the distributioki converges weakly ta ast — 1.
Estimation of[ h(x)m(x)dx is still based on a law of large numbers, but fiondependent
random variables:

[hC)mC)dx ~ Hy, = —=%I . h(X").

(2)

Herer is a “burn-in" period which discards valugé whose distribution is too far from the
targetr.

The random variables are constructed recursivel ihitial valuex® is arbitrary, and for
eacht > 1, X! is a deterministic function oft=1 and a uniform random variablg‘which
is independent of(©, ..., xt~1

Xt =GXLUY.
3)

(In practice, often several uniform variablég?!, U%?, ..., U% are used, but this is
equivalent).

Because the dependence ¥f on previous random variables is only %i& !, the sequence
(XY is called a Markov chain. The conditional disttibn of Xt givenX*~1 is called the
transition kerneP of the chain

P(Xt € A]X°, ..., Xt"1) = P(Xt € A|Xt™1) = P(XtL, A).
4)

It is determined by the functida through

P(x,A) =P(G(x,U) € A) = P(U € {u:G(x,u) € A}).
(5)

In particular,P does not depend dnbecauseés is the same for all. We therefore call the
Markov chain time-homogeneous. In Markov processi, one usually starts by specifying
the transition kerng?(x, A), the conditional probability that the next valdetlee chain is in

6
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A given that the current value is equalxtdt is always possible to construct a functiGn
such that the above equation is satisfied. Bectuddarkov chain Monte Carlo, we need to
draw from P(x,.) for arbitrary valuesx, it is more natural to start with the concrete
construction Xt=G(X"LUY.

(6)

In order to use Markov chain Monte Carlo to estenexpected values with respect to the
targetn, we need to find a transition kernelsuch that we can draw from the distribution
P(x,.) for anyx and such that faN — o 1 the arithmetic mean of th&X*) converges to

[ h(x)m(x)dx. The general theory of Markov chains shows that $kcond requirement
holds in a wide range of cases if the chain caolhredl setsA with m(4) > 0 and ifXt"1~n
implies that X‘~m. If the second condition holds, we calt an invariant or stationary
distribution for the transition kern®. Because

P(Xt € A) = E(P(X* € 4| Xt™1)) = E(P(X'"1, 4)),

7 is stationary foP if
m(4) = fn(x)P(x,A)dx VA,

or, in the case wher@(x,.) has the density(x,y), if
n(y) = [ n()p(x, y)dx.
(7)

There are two basic recipes for constructing asttieom kernelP which has a given target
distribution 7 as stationary distribution. The first one is thecalled Gibbs sampler. For
this we assume that € RP and we denote the conditional density oftheth component
of x,x; given all the other componentsx_; = (x;) j»; by m;:

1 (x| x—;) o< (x)

wherecc means up to a term which does not contginThis means that we can identify
by inspecting how the target densitydepends on thieth component. We don't need any
integration. The densities are also called \full conditionals" (because wedition on all
other components). The Gibbs sampler depends orsitirig schedulet, € {1,2,...,p} and
iterates the following steps for= 1,2, ...

XittNT[it (xit|X£?t1)dxit’ Xzit = Xz?tl

(8)

In words, we leave all components &f~1 except the one that is actually visited unchanged,
and we update the visited component accordingeactdnditional distribution of our target.
By the definition of the conditional distribution, is invariant for this transition kernel. The
visiting schedule can be either deterministic aaih randomly select one of the components.
In order that the chain can reach all sets, we tawisit each possible component infinitely
often.

The Gibbs sampler requires that we can sample tr@mfull conditionals. Because these
distributions are one-dimensional, this is oftesgible. If it isn't, we can use the Metropolis-
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Hastings algorithm instead. It is based on the fhat any reversible distribution is also
stationary. Herer is called reversible for the transition kerRef

[P(x B [ 3 R x A Al

9)

or in words, ifXt~m, then

P(Xt € 4, X+ € B) = P(X'*! € A4, Xt € B) VA,B.
(10)

Choosing foB the whole spaceRP, it follows that a reversible distribution is stationary.

If P(x,.) has the densit§(x,y) for anyx, then reversibility is equivalent to

r()plx,y) =n(py,x) Vx,y.
(11)

For any pair x # y, we can therefore choose one of the two vaRiesy) andP(y,x)
arbitrarily, whereas the other one is determinedth®y reversibility equation. However, a
solution obtained in this way does in general matis§y [ p(x,y)dy = 1 for anyx and thus is
not the density of a transition kernel. To solvis throblem, one can start with an arbitrary
transition density] and then choose from the two possible solutions

p(x,y) =q(x,y),p(y,x) = %
and
P(XIY) = %’p(y’x) — CI(y, X)
(12)

the one which satisfigs(x, y) < q(x,y) and p(y,x) < q(y, x) for anyx # y. This solution
can be written in the compact form,

1 n(y)q(y,x))

p(x,y) =q(x,y) mi“( ' w(x)q(x,y)

(13)
It follows that [ p(x,y)dy < [ q(x,y)dy = 1for anyx, and one can put the missing mass on

the diagonal, meaning that the chain does not maviten in formulae, the transition kernel
is given as;
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p(x A= p(x Y dy1, (1] wx Y d

(14)

Assuming that we can simulate from the transitiengity q(x,.) for anyx, the following
algorithm generates a Markov chain with the tramsikernelP:

e Attimet, generatB‘~q(X*"1, x)dx = andU*~ uniform (0,1), independently from
each other and independently of previously gendnzeiables.
* Set

t t yt—1
Yt if Umein(1 m(r)a( xh ))

Xt = "m(xt)q(xt-1yt)

Xt—l else
(15)

This is similar to the accept-or-reject method, the proposal depends on the most recent
value, and in case of a rejection, we do not mdhe. simplest choice ofi(x,.) is a normal
density with meamx and an arbitrary covariance matpix In this caseq(x,x') = q(x’, x)so

that the acceptance probability is simptyn (1, m(x")/m(x)). This means moving to value
which is more likely than the current value is afwaccepted whereas the acceptance of a
move to a less likely value is given by the likeldd ratio. The algorithm for a symmetgas

due to (Metropolis et al 1953) whereas the gerears¢ is due to (Hastings, 1970).

In general, the posterior distribution, or any tsf summary measures, can only be obtained
analytically for a restricted set of relatively gile models. Thus, for a long time, researchers
could only proceed easily with Bayesian inferendeemw the posterior was available in
closed-form or as a (possibly approximate) analgtipression. As a result, practitioners
interested in models of realistic complexity didt mouch use Bayesian inference. This
situation changed dramatically with the advent @hputer-driven sampling methodology,
generally known as Markov chain Monte Carlo (MCM(3., Gamerman et al 2006; Gilks et
al 1996). Using MCMC techniques such as Gibbs sagpbr the Metropolis—Hastings
algorithm, researchers can directly sample seqsenicealues from the posterior distribution
of interest, forgoing the need for closed-form shalsolutions. The current adage is that
Bayesian models are limited only by the user’s imeigpn.

3.2.1 Gibbs Sampling

The formal algorithm can be specified as followst & be a vector of model parameters with
element®) = {61, ...,Hq}. The elements ofl could be the parameters of a regression model,
structural equation model, and so forth. Note thiarmation regarding@ is contained in the
prior distribution p(#). A number of algorithms and software programs available to
conduct MCMC sampling. Following the descriptiowamn in (Gilks et al 1996), the Gibbs
sampler begins with an initial set of starting sdor the parameters, denoted as
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0@ = (6,9, ...,6,”). Given this starting point, the Gibbs sampler gate=ro) from
6+ as follows:

1. sampled; ~p(6,16,°™, 6,7, ..., 6,7V, )

2. sampled, ) ~p(6,16,°7V, 05070, .., 0,577, y)
q samplé,®~p(6,16,° 7,657V, .., 0,7V, )
Then, a sequence of dependent vectors are formed:
o = (6,7, ...,0,1)
0@ = (,9,...,6,9)
0 = (91(5)’ ...,Bq(S))

This sequence exhibits the so-callbthrkov propertyinsofar as#®) is conditionally

independent of{el(o), ...,Gq(S‘Z)} given6©-1 | Under some general conditions, the
sampling distribution resulting from this sequema# converge to the target distribution as
s — oo, (SeeGilks et al 1996) for additional details on the gpedies of MCMC. In setting up
the Gibbs sampler, a decision must be made regatdm number of Markov chains to be
generated, as well as the number of iterationhi@fsampler. With regard to the number of
chains to be generated, it is not uncommon to Bpeaultiple chains. Each chain samples
from another location of the posterior distributibased on purposefully dispersed starting
values. With multiple chains, it may be the casd twer iterations are required, particularly
if there is evidence for the chains converginghte® same posterior mean for each parameter.
In some cases, the same result can be obtaineddnarchain, although often requiring a
considerably larger number of iterations. Oncediiein has stabilized, the iterations prior to
the stabilization (referred to as thHmurn-in phase) are discarded. Summary statistics,
including the posterior mean, mode, standard dewiatand credibility intervals, are
calculated on the post-burn-in iterations. AlsopwErgence diagnostics are obtained on the
entire chain or on post-burn-in iterations.

The Bayesian analysis was performed using modelgtichl to those used in the frequentist
analyses. Non informative priors were used in #tisgdy. The MCMC method was then

applied to derive posterior distributions of the dab parameters, using SAS 9.4 and R-
Console statistical software packages. Means, 9%Hilile intervals, and probability of the

odds ratios were presented. We also indicativelgsgmted the Deviance Information

Criterion, a model goodness of fit measure thaaligallows comparing models on the same
data set: a lower DIC generally indicates a molat fits better to data (Spiegelhalter, 2002).
Interpretation of both frequentist and Bayesian lys®s were presented, stressing on
differences, similarities and complementaritiesMgein both methods

4. Results

10
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There were 2873 births registered within the surgeyiod. Out of this figure, 1336 were
weighed at birth which is about 46.5%. The LBW dwrice found in this study was 13.7%
from our sample of no-missing weights. Table 1 giwbe description of the various
categories in the study. Five regions; Western,ta/oGreater Accra, Brong Ahafo and
Eastern all recorded rates lower than the natifigare of 13.7%. Women from Central
region are more likely to give birth to low birtheight children (about 16%) and those from
Western and Volta regions the least likely to goeh to low birth weight children (4.4%).
Low birth weight is also predominant among childt@rn in the three northern regions of
the country. Women who come from the poorest haaldsh and those who stay in rural
households or have up to middle school educatiennaore likely than more advantaged
women to give birth to LBW children. For instantiee proportion of LBW among women
who have up to middle school education is 76.1%su&e 23.9% for women who have a at
least secondary school education. Women in urbarsdimlds are likely to give birth to
children of normal birth weight compared to those rural households. Women from
wealthiest households are more likely to give btdalmormal weight children compared to
women from poorest households. The probability iefng birth to children of low birth
weight among first time mothers and those who havieast four children is higher than
second time mothers. Again, women who are at mbgears or above 35 years have highest
proportion of children whose weight is below 2.5K@bles 2 and 3 show the results of our
two models (multivariate logistic regression moaeld Bayesian posteriors model) of
maternal factors associated with LBW. The factobseoved to be highly significantly
associated with LBW included maternal age and oiilcever born (parity) with with parfty
being highgly significant. The Bayesian model addmw some significance in ANC. The
results from (figure 1) also show the density pltsl the trace plots for the parameters. The
density plots portray the credible intervals of gaameters and the trace plots were used to
test the convergence of the model (MCMC). Fromfibere, it is clear that antenatal care,
age squared and parity especially parity eighpadised the convergence test, giving credence
to the models’ validity.

Table 4 shows the results of both frequentist aagieBian models. We compared the two
results based on the odds ratio, standard erratsceedible intervals/confidence intervals.

From the table, the odds ratio that fall within tB®nfidence intervals also fall in the

Credidible intervals. Generally however, the odat®orin the Bayesian are higher than that of
the frequentist especially whre the parameterssageificant. The standard errors in the
Bayesian model are also lower compared with thgquiatist model. This means that the
Bayesian model can be more relied upon than treguénmetist model. The credible intervals
appear to be more spread than the confidence limits

5. Discussion

The 13.7% incidence of low birth weight (mean =1.4nd the normal mean birth weight of
4.012 0.062 kg found in our study can be compaveather studies in the developing world
(e.g., Nigeria, which is about 14%). The challehgaever is that few mothers in Ghana give
birth at health facilities and hence their babiesret weighed at birth. Over 50% of children
born in Ghana are not weighed. About 46.5% of thi&deen who were born in the survey

11



421
422
423

424
425
426
427

428
429
430
431
432
433
434
435
436

437
438
439
440
441
442
443

444
445
446
447
448

449
450

451
452
453
454
455
456
457
458
459
460
461
462

period were weighed at birth (1336 of the 2873hsirt The descriptive statistics show that
locality (residence) has impact on the weight ef tlew born. Mothers in urban areas tend to
give birth to normal weight children than those Wike in rural areas.

This is also evidenced by (Deshmukh et al. 1998pls¢nson et al 2002; UNICEF, 2003;
Torres-Arreola et al. 2005; Negi, et al. 2006, Kima¢t al 2008). More so a case control study
by (Nagargoje et al 2010 and 2011) to determineitthefactors for LBW in Nagpur city of
Maharashtra also found place of residence (rundbetassociated with LBW.

The factors found to be significant using the frgpist models include age and parity. All
the other variables like residence, ANC, Regiomjcational levels and economic status were
not significant. This is similar to results obtainley (Hogan et al 2000 and Bategeka et al.
2009) whose work revealed educational levels asbrotg a risk factor in predicting low
birth weight. The findings however, is in sharp trast to (Sachin et al 2011) who found both
age and parity not to be significant to low birthight in their study of a number of maternal
factors including; birth spacing, height, pre-detiw weight and pregnancy weight gain, age,
parity, educational level, economic status, ANC,tamnl exposure to tobacco and
hypertension anaemic.

The Bayesian model on the other hand using samebles as the frequentist model
produced age, parity and ANC to be risk factor@essed with low birth weight. Again, all
the other factors like residence, Region and edutat levels considered in the model are
not significant. This stands to reason that usiage3ian approach may unveil additional risk
factor(s) in predicting low birth weight which mighot come out clearly when using the
frequentist approach. However the high risk formeo$ bearing their eighth child found from
both models must be a source of worry.

Comparing the two models we find that the errooeaigted with the Bayesian model are
much lower than the frequentist model; an indicatibat the Bayesian model may predict
better even with non informative priors. This ctweates with the study conducted by
Pascale et al in 2014 who also in comparing therhethods found the Bayesian to perform
better.

6. Conclusion

The results from the frequentist and the Bayesiadats show that, the two approaches can
yield similar results using same data set. Howetleere are factors that the Bayesian
technique can unfold which might not be the cagseguthe frequentist model. With respect to
our data set, using the Stepwise approach forléssical methods, antenatal care (ANC) was
never found to be significant yet it came out dieas one of the significant factors in the
Bayesian analysis. This stands to reason that #yed$an models could reveal something
that the usual frequentist models could not. Weevadsle to show that the Bayesian method
may have several benefits over the frequentist pagijcularly with respect to our data. The
inclusion of informative priors might however beetid in narrowing the gap of credible
interval and provide precise choice between thé amd alternative hypothesis. In case of
borderline frequentist results however, the MCMCthod may be more conservative,
particularly without priors.
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Comparing the two approaches with respect to ota det, we can infer (from table 4) that
using Bayesian model provides better estimateseadigting LBW among babies in Ghana.
We note however that to better understand the phenon under study the two methods
could be used together. Our findings further reegdhat LBW is not only a public health
problem but also a socio-cultural issue.

The results of this study indicate that for redgcine incidence of LBW, the measures need
to focus attention on nutrition education to fdatie better weight gain during pregnancy
focusing more on the girl-child education, regudartenatal care visits and discouraging
teenage and old age pregnancy, bearing more chilagewell as formulating policies that
will reduce poverty among rural women. The girlldreducation policy must also be given
all the needed resources it requires in other hiieze the desired set targets.

Table 1. Descriptive characteristics of the studguation

Indicator LBW (< 2.5 kg) Normal (= 2.5 kg) Total

N (%) N (%) N (%)
Baby’s weight

183 (13.7) 1153 (86.3) 1336 (100)
Mothers Age
<24 55 (4.1) 232 (17.4) 287 @1
2534 88 (6.5) 609  (45.6) 6962.1)
35+ 40 (2.8) 312 (232 352 .(36

13



Total 183 137 1153 (86.4) 1336 (100)
Antenatal care

Attended 182 (13.6) 1147 (85.9) 13299.5)
Not attended 1 0.1) 6 (0.4) 7 (0.5)
Total 183 (13.7) 1153 (86.3) 1336 (100)
Area/location

Urban 85 (6.4) 511 (38.2) 569 (44.6)
Rural 98 (7.3) 642  (48.1) 740 (55.4)
Total 183 (13.7) 1153 (86.3) 1336 (100)
Children ever born

1 65 (4.9) 246  (18.4) 311  @3.
2 34 (2.5) 199  (14.9) 233 (7.4
3 29 (2.2) 203 (15.2) 232 (374
>4 55 (4.1) 504  (37.9) 559 (32.0
Total 183  (13.7) 1153  (86.3) 1336 (100)
Wealth index quintiles (Economic status)

Poorest 46 (3.4) 319 (23.9) 36527.3)
Second 35 (2.6) 229 (17.1) 26419.8)
Middle 40 (3.0 185 (13.8) 225 168)
Fourth 34 (2.5) 209 (15.6) 243 18.D)
Richest 28 (2.1) 211 (15.8) 23917.9)
Total 183  (13.7) 1153  (86.3) 1336 (100)
Mother’s education

Pre school 0 (0.0) 2 (0.2) 2 (0.2)
Primary 44 (4.9) 227 (25.4) 27130.8)
Middle 64 (7.2) 347 (38.8) 411 6@
Secondary+ 34 (3.8) 176  (19.6) 21(@®3.4)
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)

Total 142 (15.9) 752 (84.1) 894 (100)
Region
Western 8 (0.6) 81 (6.2) 89 .7]6
Central 30 (2.2 161 (12.1) 191 .34
Greater Accra 14 (1.0 123 (9.2) 13710.3)
Volta 8 (0.6) 64 (4.8) 72 A4p
Eastern 11 (0.8) 75 (5.6) 86 6.4)
Ashanti 19 (1.4) 96 (7.2) 115 .6}8
Brong Ahafo 13 (2.0) 71 (5.3) 84 (6.3)
Northern 22 (1.6 159  (11.9) 181 13.6)
Upper East 29 (2.2 157  (11.8) 18613.9)
Upper West 29 (2.2 166  (12.4) 19514.6)
Total 183 (13.7) 1153  (86.3) 1336 (100)
485
486
487
488
489
490
491 Table 2. Logistic Regression model
492
Parameter | Estimate Std. z- Pr(>|z|) 95% Odds MSE
(B) Error value Confidence Intervals ratio
Intercep 0.08541 | 1.37963 | 0.06z | 0.9506: |-2.569749(| 2.850337' | 1.08917. | 1.903370
Age 0.08837! | 0.09753: | 0.92¢ | 0.3559( |-0.103445 | 0.272637. | 1.09240: | 0.0095121
Age sqd. -0.00156 0.00157% -0.992 0.32107 -0.0045770016117| 0.998441 0.0000002
Parity 2 0.342182 0.244936 1.39y 0.16241 -0.13349¥6290040| 1.408017 0.0599927
Parity 3* 0.607238| 0.281534 2.157 0.03101 0.06116891677160| 1.835355 0.079260C
Parity 4* 0.783020| 0.333863 2.34% 0.01901 0.14026314530570| 2.188070 0.111462C
Parity 5* 1.179091] 0.402977 2.92¢ 0.00343 0.41196@90000360| 3.251417 0.162388(
Parity 6* 1.18157: | 0.49882. | 2.36¢ | 0.0178! | 0.248063 | 2.222876' | 3.25951. | 0.248821
Parity 0.654111 | 0.49329 | 1.32¢ | 0.1848: |-0.291500: | 1.651388! | 1.92342' | 0.243338
Parity 8** | 2.602640| 1.086394 2.396 0.01659 0.86@7375.5521170| 13.49938 1.1802343
Parity 9 0.224840 0.703290 0.320 0.74920 -1.09667I73057604| 1.252122 0.4940094
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Parity 10°

1.82041!

1.15766!

1.57:

0.1158:-

-0.120606'

4.844180

6.17444!

1.340168

ANC 2

-0.1794¢

1.10563:

-0.16z2

0.8710:-

-2.020786

2.784765

0.835696

1.222408

Locality 2

0.033159

0.202667

0.164

1

0.87004

-0.3689

30.4314230

1.033715%

0.0410733

Economic
status 2

-0.02504

0.248776

-0.10

L

0.91984

-0.5103

5014674914

0.975271

0.0618880

Economic
status 3

-0.22517

0.260080

-0.86

0.3866(

-0.7333

3662883160

0.79838

0.0676405

Economic
status 4

0.103000

0.285934

0.360

0.71868

-0.4529

1046702375

1.108491

0.08175702

Economic
status 5

0.36004!

0.32695!

1.101]

0.2708(

-0.275879

1.007945.

1.433394

0.106896
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500

501
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Table 3. Bayesian Posterior model
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514

95% Bayesian MSE Std.
Parameter Mean () | Std. Odds ratio Credible Interval Error
dev. Lower Upper

Intercept -4.514712 | 5.3052 0.010947 -14.4949%.1892 0.02110000.14530
Age -0.216483 | 0.1887 0.805346 -0.57182  0.1685 0.00D0B600517
Age square* 2.25685 | 2.014( | 9.55301 -1.80848 | 6.015¢ 0.003040 | 0.0551¢
Parity 2 0.36390' | 0.256: | 1.43894. -0.13795 | 0.883: 0.000049. | 0.0070:
Parity 3 0.61933. | 0.294¢ | 1.85768 | 0.06318 | 1.212; 0.000065 | 0.0080¢
Parity 4 0.827847 0.3352 2.288387 0.17143 1.4874 0.00008420918
Parity 5 1.249233 0.4146 3.487667 0.44757, 2.0626 0.00012801130
Parity 6 1.259043 0.5216 3.522049 0.26459 2.3289 0.00D20401420
Parity 7 0.711070 0.4961 2.036169 -0.23461  1.6805 0.00D18401350
Parity 8** 3.16858! 1.3237 | 23.7739: 1.12369 | 6.235! 0.001310 | 0.0362(
Parity 9 0.34742! 0.729% | 1.41541. -1.03334 | 1.824. 0.000399' | 0.0199(
Parity 10 2.461445 1.3712 11.72174 0.14548 6.0874 0.0014 0003750
ANC 2 0.255195 1.3712 1.290713 -1.92678  3.4620 0.001410003750
Locality 2 0.024328 0.2045 1.024626 -0.37678  0.4290 0.00008130560
Economic status2| -0.007232 | 0.2531 0.992794 -0.50384  0.5040 0.00004800693
Economic status3| -0.230446 | 0.2618 0.794179 -0.75038  0.2933 0.00009100717
Economic status4 | 0.09683. 0.288¢ | 1.10167! -0.46341 | 0.678: 0.000062 | 0.0079:
Economic status5| 0.40021: 0.330¢ | 1.49215! -0.25450 | 1.054¢ 0.000082 | 0.0090¢

515

516

517

518

519

520

521

522

523

524

525

526

527

528
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529  Table 4. Comparing results of Logistic Regressioth Bayesian models
Frequentist analysis Bayesian Posterior analysis
(Logistic Regression) (Non-Informative Priors)
Parameter | Mean| S.E S.D| Odds 95% Mean | S.E S.D| Odds 95%
(B) ratio | Confidence | (B) ratio Credible
Intervals Intervals
Intercept 0.0854| 1.3796| 50.37| 1.0892| -2.57| 2.85 | -4.515| 0.1453 5.31 0.0109 -1449 6.19
Age 0.0884| 0.0975| 3.561| 1.0924| -0.10| 0.27 | -0.216| 0.0052 0.19 0.8053 -0.57 0.17
Age sqd.* |-0.002| 0.0014 0.058| 0.9984| -0.00| 0.00 | 2.2569] 0.0552 2.01 9.5530 -1.81 6.02
Parity 2 0.3422| 0.2449| 8.943| 1.4080| -0.13| 0.83 | 0.3639 0.0070 0.26 1.4389 -0.14 0.88
Parity 3 0.6072| 0.2815| 10.28| 1.8354| 0.06 | 1.17| 0.6193 0.0081 0.29 1.85Y7 0.06 1,21
Parity 4* 0.783(| 0.333¢| 12.1¢| 2.1887| 0.14 | 1.4% | 0.827¢ | 0.009: | 0.3¢ | 2.288¢ | 0.17 | 1.4¢€
Parity 5* 1.1797|0.403(| 14.71| 3.251¢| 0.41 | 2.0C | 1.249: | 0.011¢ | 0.41 | 3.487. | 0.4E | 2.0€
Parity 6* 1.1816| 0.4988| 18.21| 3.2595| 0.25 | 2.22 | 1.2590 0.0142 0.52 3.5220 0.26 2|33
Parity 7* 0.6541| 0.3933] 18.01| 1.9234| -0.29| 1.65 | 0.7111] 0.0135 0.50 2.0362 -0.23 1.68
Parity 8** 2.6026| 1.0864| 39.66| 13.499| 0.86 | 5.55| 3.1686 0.0362 1.3 23.7y4 112 6|24
Parity 9 0.2248| 0.7032| 25.68| 1.2521| -0.10| 1.71 | 0.3474] 0.0199 0.73 1.4154 -1.03 1.82
Parity 10* | 1.820¢| 1.1577| 42.27| 6.174«| -0.1z | 4.84 | 2.461<| 0.037° | 1.37 | 11.72: | 0.1¢ | 6.0¢
ANC 2 -0.17¢ | 1.105¢ | 40.37| 0.8357| -2.0z | 2.7¢ | 0.2552 | 0.037¢ | 1.37 | 1.2907 | -1.9¢ | 3.4€
Locality 2 0.0332| 0.2027| 7.399| 1.0337| -0.36| 0.43 | 0.0243 0.0056 0.20 1.0246 -0.38 0.43
Economic |-0.250| 0.248§ 9.083| 0.9753| -0.51| 0.47 | -0.007| 0.0069 0.25 0.9928 -0.50 0.50
status 2
Economic |-0.225| 0.2601 9.496| 0.7984| -0.73| 0.29 | -0.230| 0.0072 0.26 0.7942 -0.75 0.29
status 3
Economic | 0.1030| 0.2859| 10.44| 1.1085| -0.45| 0.67 | 0.0968 0.0079 0.29 1.1017 -0.46 0.68
status 4
Economic | 0.3600| 0.3270| 11.94| 1.4334| -0.28| 1.01 | 0.40021 0.0091 0.33 1.4922 -0.25 1.05
status 5*
530
531
532
533
534
535
536
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538
539

540
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541

542  Figure 1: Density plots and Trace plots of the @osts
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