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Abstract

There is growing interest among the public in demography since demographic change has become the
subject of political debates in many countries. Statistics on demography are used to support policy-
making and monitor demographic behaviour of political, economic, social and cultural perspectives. Most
studies have used descriptive statistics to study demographic characteristics. Moreover, most of these
studies investigate effects of individual character at a time. Therefore, there is a need to come up with
more robust statistical methods, such as predictive models for demographic studies. The objective of this
study was to predict the effect of demographic characteristics on parity using Poisson regression model.
Secondary data on parity, age, marital status and education level was collected from Chuka and Embu
hospital maternal units from 2013 to 2017. The data was analysed using R-statistical software. Three
Poisson regression models (PRMs) were fitted. The likelihood ratio test of all the Poisson regression
models had p-values < 0.05 indicating that all the models were statistically significant. Deviance test and
Akaike Information Criterion (AIC) were used to assess the fit of Poisson regression models. The overall
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Poisson model had residual deviance of 184.23, which was the lowest of all other fitted PRM models,
suggesting that it was the best fit. The AIC of the PRM with both education and marital status as the
predictors had the lowest AIC value of 2078.620, indicating that it was the best fitted model. The
dispersion test proved that PRM was not over-dispersed, confirming the model as a good fit of the data.
The improved model can be used in prediction of population growth rates.

Keywords: Prediction model, parity; demographic characteristics, Poisson regression model.
1 Introduction

Demography is the mathematical way of modelling and statistical analysis of populations [1]. Demographic
modelling has been of great concern in empirical statistics, econometrics, and dynamic population studies
[2]. Population dynamics modelling is based on demographic components, i.e., life expectancy, migration,
fertility, and mortality. Statistics on population structure are increasingly used to support policy-making and
monitor demographic behaviour from political, economic, social, and cultural perspectives [3,4].
Demographic data is sophisticated and require robust statistical methods for analysis [5,6,7]. These data take
different forms, i.e., nominal, ordinal, interval, or even ratio. Studies have applied different models to study
demographic characteristics from time to time. In most of demographic studies, the type of data and the
response variable dictates the type of modelling to be carried out. For example, Erkan, et al. [8] compared
Quasi Poisson and Conway-Maxwell-Poisson (COM) regression models in determining the factors affecting
the number of babies born alive in multiple pregnancies. The model selection based on Akaike Information
Criterion values revealed that COM Poisson model outperformed the Quasi Poisson model. Barakat [9]
modelled parity using generalised count distributions, i.e., Conway-Maxwell-Poisson and gamma count
model. The results indicated that generalised count distributions offered an improved fit compared to
customary Poisson and negative binomial models in the presence of under-dispersion and over-dispersion.
Moreover, generalised count distributions were more accurate in examining fertility that involves completed
parity as an outcome. A Poisson regression model is used when the dependent variable is an observed count
that follows the Poisson distribution. Poisson regression has the advantage of fitting non-linear models over
the linear regression models including situations involving the number of occurrences (counts) of an event.
For example, a study on current and predicted fertility found out that Poisson regression model was an
applicable tool for predicting number of children a woman was expected to have in Nigeria [10]. Tejada, et
al. (2017) used PRM to evaluate socioeconomic, geographic, reproductive, behavioural, demographic, and
chronic disease variables on the number of children born to a woman (parity). The results obtained showed a
positive association between the studied characteristics and the number of children born to a woman,
rendering the model effective.

Many of demographical studies use descriptive statistics to explain the relationship among factors studied
[11,12,13]. Such studies are limited in their power to make inferences on effect of demographic
characteristics on the variable of interest. Moreover, these studies look at individual factor effect on variable
of interest. Most multivariate analysis techniques assume normality, linearity, and homoscedasticity [14].
This limit their use in the cases where the data being modelled does not obey this assumption making the
generalised linear models a good fit.

Finer and Zolna [15] studied age and marital status in the planning status of births and found these factors to
be the central stratifying factors in many countries. This study, therefore, focused on age and marital status
as the primary independent variables. Moreover, age and marital status are key factors in determining the
normative context for childbearing. In addition, the study considered the role of parity in population
structure, distinguishing between first, second, and higher-order births. Particular attention was paid to the
education of the mother given the substantial diversity in childbearing behaviour and planning status across
communities. To achieve the goal of this study, the study used Poisson Regression Model to predict the
extent to which these factors affect parity. Consequently, PRM was used to determine the significant factors
affecting parity. The analysis of data in this study was done using R Statistical software (R core Team 2018).
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2 Methodology

The target population of this study consisted of women aged 15 - 49 years (WHO’s reproductive age) in the
records for delivery from Chuka and Embu hospitals in Kenya for the years 2013 to 2017. The study area
was selected purposively. A mixed method research design was employed in this study. This research design
is used when both qualitative and quantitative approaches are applied in a single study when one of the
approaches is not complete in itself [16]. This study used two research designs, i.e., causal-comparative
research design and survey design. Simple random sampling was employed in selection of the subjects from
the hospital records. The method was advantageous since the data to be obtained from the selected
representative sample was a fair reflection of the characteristics of the entire population, and every
respondent had an equal chance of being selected. Secondary data for the years 2013 to 2017 was collected
on the level of education, age, marital status and parity of the selected mothers from the maternal files of
Embu and Chuka hospitals in the form of hard copies using a checklist. The independent variables included
level of education, age and marital status and the dependent variable was parity. The sample size was
calculated according to Mugenda and Mugenda [17] yielding a sample size of 384 mothers from each
hospital. This was done to realise a large enough sample for the use of modelling based on the
recommendations by Vanvoorhis and Morgan [18]. The final realised sample included a total of 768
mothers.

Table 1 provides a summary of the educational attainment and marital status of the sampled mothers. The
sample was slightly dominated by secondary graduates (40.49%) followed by primary graduates (38.41%).
Approximately 77.34% of mothers were married with only 22.14% as single.

Table 1. Social-demographic profile of the mothers aged 15-49 years at Chuka and Embu hospitals

from 2013 to 2017
Education Frequency Percentage
None 24 3.12
Primary 295 38.41
Secondary 311 40.49
Tertiary 138 17.97
Marital status
Divorced 1 0.13
Married 594 77.34
Separated 2 0.26
Single 170 22.14
Widowed 1 0.13

The data was compiled using excel and “read excel” package was then used to import data into R. The “data.
table” package in R Statistical software was used to store the “read” data and also for data manipulation.
Parity was regressed with maternal education and marital status using Poisson regression model. Age was
used as an offset variable which acted as a measure of exposure in the context of Poisson regression model.
Education was at four levels, i.e., none, primary, secondary, and tertiary with no education level being the
reference. Marital status had five statuses, i.e., married, single, separated, divorced, and widowed with single
being the reference. However, widowed, divorced and separated were negligible in the study with
proportions of mothers under these categories being less than 0.5% thus leading to their omission in
modelling. These variables were outliers and it would be misleading to infer from such small proportions.
The parameters in the model were estimated using the method of maximum likelihood and the relative ratios
for the response variable were calculated from the parameters of the fitted models. Likelihood ratio test was
used to test hypothesis. Akaike Information Criterion and Deviance Information Criterion were used to
compare the nested Poisson models to assess the model fit. Dispersion test was used to check whether the
Poisson regression model was over-dispersed.
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3 Results and Discussion

This paper aims to predict the effect of demographic characteristics on parity using Poisson regression model
(PRM). The literature survey has covered many papers concerned with this idea, from 2000 to 2018. Data
was taken from two hospitals and it was imported to “data.table” package in R. PRM was implemented on
that data and results are displayed adequately.

3.1 Results of fitted Poisson regression model with education

Relative ratios calculated from the parameters (efi) were used to explain the relationship between parity and
education. The parity of women with primary, secondary, and tertiary education was significantly different
from parity of women with no education. The relative ratio of women with primary education was 0.7006
implying that a woman with primary education was 29.94% less likely to have a higher parity as compared
to a woman with no education (Table 2). The relative ratio for secondary education 0.5270 indicates that a
woman with secondary education is 47.30% less likely to have a higher parity compared to those with no
education. In addition, women with tertiary education are 52.58% less likely to have a higher parity
compared to women with no education. This implies that the level of education and parity are indirectly
proportional since the relative ratios decrease with an increase in the level of education. This concurs with
the findings of Impicciatore and Dalla Zuanna [19] who reported that there exists a negative relationship
between various levels of education in women and their total fertility rates in a population.

The results show that all the education levels; primary, secondary, and tertiary education were significant in
explaining parity since their p-values were <0.05. According to Anker and Knowles [20], female education
in Kenya was insignificantly related to fertility at macro level but significantly (negatively) related to
fertility at micro level analysis.

The fitted PRM equation with education is given by;

InA=-2.0723 —0.3558 P.E — 0.6406 S.E — 0.7461T.E €))

3.2 Results of fitted Poisson regression model with marital status

For married women, the relative ratio 1.3781 (Table 3) implied that a married woman is 37.81% more likely
to have a higher parity as compared to a single woman. This was in agreement with the study by Phillips and
Sweeney [21]. They found out that women who dissolve their marriages lose a period of exposure to
childbearing when moving from one marriage to another. These women are, therefore, likely to end up
having a lower parity as compared to married women. The results also showed that being married was
significant in explaining parity since p-value was < 0.05. This is consistent with Shapiro and Gebreselassie
[22] study on the relationship between marriage and fertility transitions in Sub-Saharan Africa. The study
showed that entering into marriage had some effect on fertility while being divorced, widowed, non-married,
and polygyny had negligible effects on fertility changes.

The fitted PRM equation with marital status is given by,
InA = —2.8446 + 0.3207M 2)

3.3 Results of fitted Poisson regression model with both education and marital status

The relative ratio for primary education against no education was 0.7120 (Table 4), indicating that women
with primary education have 28.8% less children as compared to those with no education. Those women
with secondary education have 45.02% less children as compared to those with no education, with a relative
ratio of 0.5498. Those with tertiary education have 50.84% less children than those with no education, with a
relative ratio of 0.4916. All the education levels were significant in explaining parity since their p-values
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were <0.05, implying that as the level of education increased parity decreased for the levels of education but
the decrease in parity was highest at the tertiary level. These results concurred with Cygan-Rehm and
Maeder [23] study which found out that women who have attained college education levels tend to have
fewer children when compared to those with high school levels or lower levels.

Table 2. Relative ratios and 95% confidence intervals following a poisson regression

Estimate Std. zvalue Pr(>z) R.R 25% 97.5%

error
(Intercept) -2.0723 0.1066 -19.44  0.0000 0.1259 0.1014 0.1541
Primary Education (P.E) -0.3558 0.1132  -3.144 0.0017 0.7006 0.5646 0.8804
Secondary Education (S.E) -0.6406 0.1157 -5.535 0.0000 0.5270 0.4224 0.6653
Tertiary education (T.E) -0.7461 0.1265 -5.899 0.0000 0.4742 03716 0.6105

Table 3. Relative ratios and 95% confidence intervals following a poisson regression model

Estimate Std. error z value Pr(>jz|) R.R 25 % 97.5 %
(Intercept) -2.8446 0.0682 -41.71 0 0.0582 0.0507 0.0663
Married (M)  0.3207 0.0737 4.3490 0 1.3781 1.1955 1.5965

Table 4. Relative ratios and 95% confidence intervals following a poisson regression model

Estimate Std. error zvalue Pr(>jz)) Odds 25% 975%

(Intercept) -2.3149 0.1279 -18.09  0.0000  0.0988 0.0764 0.1262
Married (M) 0.2573 0.0745 3.455  0.0006  1.2934 1.1204 1.5004
Primary Education (P.E) -0.3397 0.1133 -2.999 0.0027  0.7120 0.5737 0.8949
Secondary Education (S.E) -0.5982 0.1163 -5.144  0.000 0.5498 0.4402 0.6949
Tertiary Education (T.E) -0.7100 0.1268 -5.598 0.0000 0.4916 0.3850 0.6333

The study shows that married women have 1.2934 times more children than single women, which is 29.34%
(Table 4). The married status was significant in explaining parity since the p-value was <0.05. The results
showed that those women who are married have more children as compared to those who are single. This is
consistent with Torche and Rich (2017) study which found out that married couples are more likely to want
children than unmarried people. It can be concluded that all the education levels and married were
significant in explaining parity since their p-values were < 0.05.

The fitted PRM equation with both education and marital status is written as,

InA=-23149 + 0.2573 M — 0.3397P.E — 0.5982S.E — 0.7100T.E 3)
3.4 Model selection among the Poisson regression models

The study fitted three nested PRM whose significance in predicting parity using demographic characteristics
was evaluated using a likelihood ratio test. Deviance test was then performed on each of the three fitted
models to determine the model that included the most relevant predictor variables. Further, an AIC approach
was used to come up with the model that had the highest prediction ability. The selected PRM based on AIC
approach was tested for over-dispersion and finally confirmed significant using a p-value test.

Table 5 shows that the chi-square values of the fitted Poisson models with their associated p-values. The
results indicate that all the models had p-values less than 0.05. This implies that all the levels of education
and marital status have a statistically significant effect on parity at a 5% level of significance. This is in
agreement with four other studies that found out that changes in fertility rates are as a result of changes in
maternal education, marital status among other factors [24-27].

Table 6 presents the Poisson models in terms of the power of prediction. According to Spiegelhalter, et al.
[28], null deviance shows how well the response variable is predicted by a model and it governs the model
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that includes only the intercept. When the model includes predictor variables then the deviance is residual. A
lower value of residual deviance indicates that the model has become better after including the predictor
variables. There are three Poisson regression models with the same null deviance but different residual
deviance (Table 6). Therefore, the best model is the one with the lowest residual deviance, which is the
model with education and marital status.

Table 7 provides an analysis of the Akaike’s Information Criterion (AIC) for the studied Poisson models.
AIC provides a method for assessing the quality of a model through comparison of related models
[29,30,31]. This criterion prevents studies from including irrelevant predictors. The results of backward
selection were used to select the best model (Table 7). In this method, the study starts with saturated model
and removes independent variables one by one until the best model fit model is arrived at. Akaike's
information criterion was used to select the best model. The saturated model which had education, marital
status, and the interaction between education and marital status had an AIC value of 2083.974. The
model with marital status and education only with no interaction had an AIC value of 2078.620. The models
with education and marital status only had AIC values of 2089.268 and 2121.694, respectively. The fitted
model with education and marital status only with no interaction was the best model since it had the smallest
AIC value.

A generalized linear model can sometimes give a good summary of the data since both the linear predictor
and the distribution are correctly chosen, but the fit of the full model may be poor. One possible reason for
this may be an over-dispersion. Over-dispersion occurs when the variance of the response is larger than
would be expected for the chosen distribution. For example, if we use a Poisson distribution to model the
data, we would expect the variance to be equal to the mean value: p=c

This test is used to test whether the mean and variance in the Poisson regression model are equal [32]. If the
two are not equal, then there is an overdispersion and an additional model needs to be used for the data to fit
the model; otherwise, there is no overdispersion and the model is fit. Under the null hypothesis, the constant

¢ is assumed to be 0. When it is not 0, there is an overdispersion which is the alternate hypothesis. The
dispersion test is given by,

Var(y) = E() + c(f ()
The hypothesis to be tested is,

HO,: The mean and the variance of the model are equal
HO,: The mean and the variance of the model are not equal

The results from dispersion test give the following z, p, and « values.
z = —28.251,
p —value = 1
a = —0.7236723

Since the p — value > 0.05 the level of significance, the study fails to reject the null hypothesis that the
model does not have an overdispersion and so the model fits the data.

To test the significance of the model, the hypothesis tested is,

Hy:  Education and marital status are not significant in predicting parity
H;:  Education and marital status are significant in predicting parity

The p-value for this hypothesis was 2.942091e — 14 < 0.05. The study thus rejected the null hypothesis
and concluded that the fitted model was significant.
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Table 5. Likelihood ratio test of the Poisson models

Model Df Loglik Df Chisq Pr(>chisq)
Parity ~education:

saturated model 1 -1069.0

Fitted model 4 -1040.6 3 56.814 <0.05
Parity~ marital status:

Saturated model 1 -1069.0

Fitted model 2 -1058.8 1 20.388 <0.05
Parity~ education*marital status

Saturated model 1 -1069

Fitted model 8 -1034 7 70.109 <0.05
Parity~ education +marital status

Saturated model 1 -1069

Fitted model 5 -1034.3 4 69.463 <0.05

Table 6. Deviance information analysis for the Poisson regression models

Model Null deviance d.f Residual deviance d.f
parity~education 254.34 763 197.52 760
Parity~marital status 254.34 763 232.95 762
Parity~education+marital status 254.34 763 184.23 756

Table 7. Stepwise model selection using AIC

Model AIC

Parity~education 2089.268
Parity~ marital status 2121.694
Parity~ education*marital status 2083.974
Parity~education+marital status 2078.620

4 Conclusion

The parity of women at all the education levels was significantly different from that of women without any
education. Thus education is a key variable that affect parity levels. This shows that educating women can be
used as a mean of controlling birth rates. The study also revealed that the marital status was significant in
predicting parity. This is supported by the fact that the best Poisson model out of the three fitted models was
the model with both education and marital status. Notably, women’s status is a significant factor of
economic growth in many nations. The opportunity cost between education access and motherhood among
women affects their economic opportunities and socio-economic role in many countries. Therefore,
countries should invest more in women education to increase the social and economic benefit among women
and boost their economic growth.
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