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Abstract: Injectable contraceptives are methods of contraception that is administered through injection. In the recent times, 

injectable contraceptives have been preferred to other modern contraceptives by child bearing women which implies that there 

are factors contributing to this surge in the usage of injectable contraceptives. Currently in Kenya, injectable contraceptives are 

the most used methods of modern contraceptives. In addition, most studies have used logistic regression to model modern 

contraceptives but logistic regression focuses only in conditional mean (central quantile of the response variable). Bayesian 

quantile regression involves application of Bayesian techniques to quantile regression where the continuous Asymmetric Laplace 

Distribution (ALD) is used to formulate the likelihood used for posterior estimation. The main objective of this study was to 

model injectable contraceptive uptake among child bearing women using Bayesian binary quantile regression in Kenya. The 

study used nationally representative cross sectional secondary data obtained from PMA (Performance monitoring for Action) 

which was collected from November to December 2021 targeting women of child bearing age (15-49 years). Data analysis was 

done using R software. Bayesian quantile regression model parameters were estimated using Markov Chain Monte Carlo 

(MCMC) Gibbs sampling for 5 different quantiles (0.10, 0.25, 0.50, 0.75 and 0.95) and convergence diagnostics was performed 

to assess the convergence of generated MCMC posterior samples to target posterior distribution. Convergence diagnostics are 

very crucial in Bayesian statistics to ensure accuracy and reliability of the inferences drawn from model posterior distribution. 

Convergence was achieved based on Gelman and Rubin’s diagnostics for all parameters being less than 1.1 implying accuracy of 

model parameters. The uptake of injectable contraceptives was found to be greatly influenced by wealth quintile, level of 

education, marriage status of woman and the number of birth events to a woman. More specifically, women in highest wealth 

quintile had lower likelihood of using injectable contraceptives as compared to those in the lowest quintile, those who are 

widows, divorced and never married had lower likelihood of using injectable contraceptives compared to the currently married 

women, women with primary and secondary education levels were more likely to use injectable contraceptives compared to 

women with no education, increase in the number of birth events negatively influences the uptake of injectable contraceptives. 

This study concluded that marital status, birth events, education level and wealth quintile are significant predictors of injectable 

contraceptive uptake in Kenya. 

Keywords: Injectable Contraceptives, Child Bearing Women, Bayesian Binary Quantile Regression, MCMC,  

Convergence Diagnostics 

 

1. Introduction 

Contraceptives in reproductive health are usually drugs, 

devices or surgery used to prevent or avert pregnancy. The 

use of contraceptives is an efficient mode to avert pregnancy 

among married women and those in intimate relationships. 
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Injectable contraceptives which involves an injection into the 

body are among the modern methods of contraception which 

have been widely utilized in many countries. Other forms of 

modern contraceptives includes pills, male and female 

condoms, implants, sterilization, inter uterine devices (IUDs), 

Emergency Contraception (EC) among others [1]. These 

forms of contraception have been widely used in the recent 

times compared to traditional methods of contraception. In 

addition of preventing pregnancies, contraceptives also can 

help in reducing the number of both maternal and infant 

mortalities which might result from unintended pregnancies 

therefore making women of reproductive age to have no 

option but to use contraceptives. 

Contraceptive Prevalence Rates (CPR) are different for 

countries for instance, among the three East African countries; 

Kenya, Rwanda and Uganda, the CPRs among women of 

child bearing age are 58%, 53% and 30% respectively[2] 

implying that Kenya has the highest CPR. This is attributed to 

the fact that there has been feasible advancement in the 

consumption of contraceptives in Kenya [3]. From these 

advancements over the years, the uptake of injectables as a 

method of contraception has been higher as compared to other 

modern methods [4]. 

Quantile regression is a type of regression analysis used to 

model a set of independent variables and specific quantiles of 

the outcome or the response variable [5, 6]. Quantile of 

response variable is a value that divides the response variable 

into portions and in particular, quantile of binary response 

variable, is a value that divides the response variable into parts 

based on the probability of positive outcome [7, 8]. Quantile 

regression is more powerful than the mean regressions which 

are mainly based on the conditional mean of the response 

outcome [8]. Applications of Bayesian methods to binary 

quantile regression results into more robust results because of 

involvement of the aspects of prior and posterior distributions 

of model parameters and in particular parameter estimation 

via Gibbs sampling is very efficient. Various comparative 

studies have shown that Bayesian quantile regression 

outperforms the frequentist quantile regression [9, 10]. 

Tigabu et al [11] used multivariate logistic regression 

analysis to evaluate various socio economic and religious 

disparities in various forms of modern contraceptives in 

Oromia, Ethiopia. They found that injectable contraceptives 

were the most preferred method among all the modern 

contraceptive methods for married women. In addition, the 

Orthodox Christian married women had higher likelihood of 

using any form of modern contraceptives when compared to 

Muslim women [11]. The catholic women and the protestants 

had no significant relationship with any form of modern 

contraceptives. Further study revealed that a woman with an 

employed partner was more likely to use any form of modern 

contraceptive. 

Various factors have been attributed to the uptake of 

modern contraceptives. Beson et al [12] utilized logistic 

regression to identify prevalence, know how level and the 

predictors of modern contraceptive usage among child bearing 

women in Ghana. Injectable contraceptives was the most used 

form of modern contraceptive [12]. They found that the formal 

level of education did not significantly predict the use of 

modern contraceptives in Ghana. Among the strong predictors 

of modern contraceptives use were; women attitude towards 

contraceptive use where those who had positive attitudes had 

higher likelihood than those with negative attitudes [12]. Also 

religion predicted the use of modern contraceptives whereby 

women who value their religious view about contraceptive use 

were less likely to use any form of modern contraceptives. 

There is only one study in Kenya which has been done in 

regard to the injectable contraceptive usage in Kenya [13]. 

This study used the multiple logistic regression to determine 

various factors that can affect injectable contraceptive use in 

Kenya. The outcome of this study revealed that some variables 

such as the number of birth events, place of residence, wealth 

status, marital status of the woman and the highest education 

level attained by a woman were very significant predictors of 

the use of injectable contraceptives as a contraceptive method 

[13]. 

From the studies above, it is clear that the injectable 

contraceptives are the most preferred methods among all the 

modern forms of contraception and that logistic regression has 

been only used to determine several factors influencing 

modern contraceptive usage. Logistic regression is based on 

the mean value of the response variable [8] which does not 

show covariate effects in other quantiles of the response 

variable. Therefore a more robust Bayesian binary quantile 

regression method was utilized in this work in modelling the 

use of injectable contraceptives in Kenya. 

2. Methods 

2.1. Data and Study Variables 

The study used nationally representative cross-sectional 

data obtained from the Performance monitoring for Action 

(PMA) which was collected November to December 2021. 

The study targeted women of reproductive age, that is, age 15 

to 49 years from eleven counties in Kenya which were 

namely; Kericho, Kiambu, Kilifi, Kitui, Bungoma, 

Kakamega, Nandi, Nairobi, Nyamira, Siaya and West Pokot. 

A sample of 4677 child bearing women were included in this 

study. The response variable was use of injectable 

contraceptives coded as 1 for women using injectable 

contraceptives and 0 for women using other methods of 

contraception. The explanatory variables were age of the 

woman, number of birth events, education level, wealth 

quintile, marital status, religious background of the woman 

and place of residence. Statistical analysis was done using R 

version 4.2.3 where the package bayesQR was used for 

Bayesian binary quantile regression and CODA package was 

used to test the convergence diagnostics. 

2.2. Bayesian Binary Quantile Regression 

2.2.1. Posterior and Parameter Estimation 

Bayesian Quantile regression involves using Bayesian 

methods in quantile regression where the Asymmetric Laplace 
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Distribution (ALD) is used to formulate likelihood function 

for estimating posterior distribution of the model parameters 

[14]. Variable x is said to be Asymmetric Laplace Distributed 

if its density function is given by; 

���|�, �, �	 = ���
�	
� exp �−�� ��
�

� ��      (1) 

Where �  is the location parameter, �  is the scale 

parameter which is usually taken as 1 for simplicity, � is the 

skewness parameter or the quantile and ����	 = ��� −
��� < 0		 is the loss function ��. 	 being indicator function. 

According to Benoit & Van den Poel [7], the binary 

quantile regression model is given by; 

��∗ = ��!"��	 + $�                (2) 

�� = %1: ��∗ > 0
0: ��∗ ≤ 0 

Where ��∗  is a latent variable introduced to determine the 

observe binary response variable �� , ��  is a p × 1 vector of 

explanatory variables, "��	  is p × 1 regression coefficient 

vector according to the respective quantiles q and $�  is the 

random error term, i=1,…, n. Note that "��	 means coefficient 

of parameters in different quantiles for instance, coefficients of a 

variable at two different quantiles are "���	 and "��+	. 

The variables �∗ = ��∗, �+∗, . . . �,∗ introduced in equation (2) 

according to Benoit [7] are asymmetric Laplace distributed 

with the distribution function given as; 

���∗|�, �, �	 = ���
�	
� exp �−�� �-∗
�

� ��    (3) 

Where � = ��!"��	 

The joint posterior distribution of the unobserved 

parameters "��	 and �∗ given the quantile of interest � and 

data X is proportional to the product of the prior and the 

likelihood function  given by Benoit & Van den Poel [7]; 

.�"��	, �∗|�, �	 ∝ .�"��		 ∏ {����∗ > 0	���� = 1	 +,�2�����∗ ≤ 0	���� = 0	}4-∗���∗; ��!"��	, 1, �	     (4) 

Where .�"��		  is the regression coefficient prior 

distributions and ��. 	  denotes the indicator function. The 

posterior distribution of the model parameters can be deduced 

from equation (4) as; 

.�"��	|�∗, �, 6	 ∝ .�"��		 ∏ 4-∗���∗; ��!"��	, 1, �	,�2�   (5) 

Equation (5) denotes the posterior distribution of the 

parameters of binary quantile regression. It is a very complex 

posterior to be sample directly and hence MCMC methods are 

utilized in this case to generate samples from this type of 

posterior. Usually Gibbs sampling technique is used to draw 

samples from this complex conditional posterior distribution. 

After posterior specification, Bayesian binary quantile 

regression model parameters are then estimated using the 

following MCMC-Gibbs sampling steps according to 

Dichandra et al [19]; 

Specify the quantile of interest to be estimated, �. 

Determine the initial values of all the k parameters; 

"��	�7	 = 8"��	�
�7	, "��	+

�7	, … , "��	:
�7	;. 

Generate the posterior samples as; 

"��	�
��	~.8"��	�|"��	+

�7	, "��	=
�7	, … , "��	:

�7	, �∗, �; 

"��	+
��	~.8"��	+|"��	�

�7	, "��	=
�7	, … , "��	:

�7	, �∗, �; 

... 

... 

... 

"��	:
��	~.8"��	:|"��	�

��	, "��	+
��	, … , "��	:
�

��	 , �∗, �; 

Repeat step 3 n times for all parameters at different quantile 

levels at each iteration n to obtain; 

"��	:
�,	~.8"��	:|"��	�

�,	, . . . , "��	:
�
�,	 , … , "��	:

�,
�	, �∗, �; 

The sample sequences obtained from steps 3 and 4 are; 

For the first parameter 

=�"��	�
��	, "��	�

�+	, "��	�
�=	, … , "��	�

�,	� 

For the second parameter =
�"��	+

��	, "��	+
�+	, "��	+

�=	, … , "��	+
�,	�  

... 

... 

... 

For the last IJK 

parameter=�"��	:
��	, "��	:

�+	, "��	:
�=	, … , "��	:

�,	� 

These sample sequences are then averaged empirically to 

obtain the Bayesian parameter estimates for the k parameters; 

"��	�, "��	+, "��	=, . . . , "��	: 

Note that the superscripts are the iterations while the 

subscripts are parameters. 

2.2.2. Convergence Diagnostics 

Convergence diagnostics are usually very important for 

testing whether the samples drawn from the posterior 

distribution are really converging to the posterior distribution 

of interest. The commonly used formal method for assessing 

convergence diagnostic is the Gelman and Rubin diagnostic 

[15]. The Gelman and Rubin’s diagnostic works in the same 

like analysis of variance. The Gelman and Rubin’s diagnostic 

for each model parameter is found by running two or more 

chains with differed beginning values. Let "��	�L  be a 

parameter for i iteration in chain j for a given quantile q then 

the variance of within chain mean is computed as; 

MN = �
O�,
�	 ∑ ∑ 8"��	�L − "��	QRRRRRRR;+,�2�OL2�      (6) 

Where m denotes the chains, n represents the iteration 

number in each chain and "��	QRRRRRRR is the mean within the chain. 

Compute the variance between the chains by; 

SN = T
O
� ∑ 8"��	QRRRRRRR − "��	RRRRRR;+OL2�         (7) 
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Where "��	RRRRRR denotes the grand mean. 

Next is to find the estimate of the pooled variance denoted 

by U.V  using the following formula; 

U.V = �,
�	
, MN + �1 + �

O� WX
,          (8) 

After obtaining the mean of the within chain variance and 

the estimated pooled variance, we then compute the ratio of 

pooled variance and the variance within chain denoted by Y.V  

as; 

Y.V = Z[V
\X                  (9) 

The Y.V  can be modified to form the Potential Scale 

Reduction Factor (PSRF) because when estimating the pooled 

variance, the errors due to sampling might occur [Du]. 

Therefore the PSRF or the modified Y.V  is given by; 

]^Y4 = _`
_`
+

Z[V
\X              (10) 

Where df denotes the degrees of freedom estimated for the 

approximate t student distribution and 
_`

_`
+ denotes the term 

used for adjusting Y.V . The PSRF less than 1.1 indicates that 

the chains has converged in distribution to the target posterior 

distribution [15] and that the model parameters are reliable for 

making inferences. This is a very crucial step in any Bayesian 

analysis has it allow one to make valid inferences. If chains 

does not converge then running them for longer number of 

iterations is the remedy [15]. 

3. Results 

From table 1, for marital status, about 37% and 36% of 

the married and those women living with a man as if 

married were found to be using injectable contraceptives 

while about 19% of those who are not married were users of 

injectable contraceptives. Among women with primary 

level of education, about 38% of them uses injectable 

contraceptives, about 35% of those with post primary 

vocational uses injectable contraceptives, about 32% of 

those with secondary education uses injectable 

contraceptives, while about 25%, 17%, and 12% of those 

with college education, no education and university 

education respectively are users of injectable 

contraceptives. Regarding wealth quintile of a women, 

women who are in lower wealth quintile had higher 

proportion to use injectable contraceptives about 38% 

while among women with highest wealth quintile had the 

lowest proportion of using injectable contraceptives. 

Regarding women place of residence, among those living in 

rural areas, about 34% of them uses injectable 

contraceptives while 30% of those residing in urban areas 

are users of injectable contraceptives. For religious 

background of women, about 34% of those who are 

Protestants uses injectable contraceptives, about 39% of the 

Muslim women uses injectable contraceptives while those 

from catholic exhibited lower proportion about 28%. From 

table 2 the mean age of all women included in the study was 

31.6 years while the mean number of birth events born to a 

woman was about 3 children. 

Table 1. Proportion of women using injectable contraceptives and other 

methods for categorical variables. 

Variable 

Proportion using injectables and other 

methods 

Users Users of other methods 

Marital Status   

Married 37% 63% 

Living with a man 36% 64% 

Divorced 32% 68% 

Widow 25% 75% 

Not married 19% 81% 

Education Level   

No education 17% 83% 

Primary level 38% 62% 

Vocational after primary 35% 65% 

Secondary A level 32% 68% 

College level 25% 75% 

University level 12% 88% 

Wealth Quintile   

Lowest quintile 35% 65% 

Lower quintile 38% 62% 

Middle quintile 34% 66% 

Higher quintile 34% 66% 

Highest quintile 24% 76% 

Residence   

Rural 34% 66% 

Urban 30% 70% 

Religion   

Protestant 34% 66% 

Catholic 28% 72% 

Muslim 39% 61% 

Other 31% 69% 

No religion 35% 65% 

 

Table 2. Descriptive statistics for numerical variables. 

Variable Range Mean Standard Deviation 

Age Minimum: 15; maximum: 49 31.6 8.39 

Birth events Minimum: 0; maximum: 14 3 2 

 

The seven explanatory variables were subjected to the 

bidirectional stepwise regression for selecting variables to be 

used in the final Bayesian binary quantile regression. Only the 

number of birth events, education level wealth quintile and the 

marital status of the woman Were retained in the final 

stepwise model and therefore this variables were used in 

estimating the Bayesian binary quantile regression model. The 

Bayesian binary quantile regression model was estimated for 

five different quantiles, the lower quantiles (0.10 and 0.25), 

the central quantile (0.5) and the upper quantiles (0.75 and 
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0.95). We used the multivariate diffused normal priors in all 

model parameters, a�0,100	 and the estimation of all model 

parameters was done using the MCMC Gibbs sampling with 

27000 iteration and discarding 2000 iterations as initial 

burn-in. 

Table 3. Bayesian binary quantile regression parameter estimates for lower and central quantiles with Bayesian Credible Intervals. 

Parameters b =0.1 b =0.25 b =0.50 

Intercept -10.031 (-13.446, -6.798) -3.380 (-4.460, -2.038) -0.918 (-1.801, -0.145) 

Wealth Quintile: lower 0.714 (-0.528, 1.911 ) 0.269 (-0.250, 0.795) 0.162 (-0.083, 0.414) 

Wealth Quintile: middle -0.156 (-1.378, 1.198) -0.017 (-0.548, 0.475) -0.003 (-0.255, 0.263) 

Wealth Quintile: higher -0.847 (-2.058, 0.425) 0.314 (-0.856, 0.203) -0.156 (-0.427, 0.115) 

Wealth Quintile: highest -3.396 (-5.023, -1.132) -1.349 (-1.945, -0.722) -0.680 (-0.996, -0.337) 

Education Level: primary 4.517 (1.592, 7.479) 1.885 (0.623, 3.301) 0.979 (0.286, 1.817) 

Education Level: vocational 2.436 (-1.644, 6.174) 1.059 (-0.757, 2.858) 0.566 (-0.359, 1.549) 

Education Level: secondary level 3.550 (0.618, 6.465) 1.492 (0.235, 2.986) 0.771 (0.044, 1.611) 

Education Level: college level 2.212 (-0.678, 5.486) 0.942 (-0.527, 2.505) 0.515 (-0.249, 1.348) 

Education Level: university level -2.627 (-7.375, 1.780) 1.885 (-0.623, 3.301) -0.555 (-1.634, 0.503) 

Marital Status: living with man -0.270 (-1.839, 1.089) -0.119 (-0.749, 0.486) -0.056 (-0.362, 0.233) 

Marital Status: divorced -1.475 (-2.764, -0.241) -0.578 (-1.224, 0.038) -0.293 (-0.601, 0.013) 

Marital Status: widow -3.100 (-7.164, 0.346) -1.255 (-2.590, -0.078) -1.673 (-1.399,-0.038) 

Marital Status: not married -6.302 (-7.970, -4.602) -2.524 (-3.155, -1.917) -1.259 (-1.559, -0.969) 

Birth Events -0.519 (-0.747, -0.257) -0.204(-0.290, 0.119) -0.104 (-0.153, -0.056) 

� Denotes the quantile, Bayesian Credible Intervals are in brackets 

Table 3 displays the Bayesian parameter estimates with 

the respective Bayesian Credible Intervals (BCI’s) for the 

lower estimated quantiles (0.10 and 0.25) and the central 

quantile. Regarding the wealth status, has exhibited by 

BCI’s not containing zero only one category (highest 

wealth quintile) was significant in describing the difference 

in the uptake of injectable contraceptives with the reference 

category (lowest quintile) while all other wealth quintiles 

were not significant in explaining injectable contraceptives 

use. For education attainment of women, primary and 

secondary education levels were significant in explaining 

the difference in the usage of injectable contraceptives with 

reference category (no education category) for all the 

estimated lower and middle quantiles. For only the first 

estimated quantile, divorced marital status was significant 

in explaining the use of injectable contraceptives while 

widow and never married categories were significant for all 

the estimated lower and upper quantiles. Number of birth 

events also was found to be greatly influencing the uptake 

of injectable contraceptives at all the estimated lower and 

upper quantiles. 

Table 4. Bayesian binary quantile regression parameter estimates for upper quantiles with Bayesian Credible Intervals. 

Parameters b =0.75 b =0.95 

Intercept 0.578 (-0.062, 1.232) 7.176 (4.415, 9.829) 

Wealth Quintile: lower 0.191 (-0.122, 0.498) 1.065 (-0.260, 2.448) 

Wealth Quintile: middle -0.035 (-0.339, 0.261) 0.033 (-1.257, 1.561) 

Wealth Quintile: higher -0.169 (-0.469, 0.149) -0.499 (-1.855, 0.974) 

Wealth Quintile: highest -0.648 (-0.963, -0.325) -2.377 (-3.828, -0.913) 

Education Level: primary 0.908 (0.335, 1.471) 4.173 (1.590, 6.321) 

Education Level: vocational 0.544 (-0.297, 1.396) 2.494 (-1.056, 5.990) 

Education Level: secondary 0.648 (0.056, 1.237) 2.695 (0.203, 4.849) 

Education Level: college 0.330 (-0.306, 0.949) 1.501 (-1.009, 3.757) 

Education Level: university -0.364 (-1.159, 0.397) -0.739 (-3.402, 1.835) 

Marital Status: living with man -0.014 (-0.392, 0.380) 0.366 (-1.292, 2.310) 

Marital Status: divorced -0.249 (-0.583, 0.098) -0.967 (-2.364, 0.630) 

Marital Status: widow -0.632 (-1.190, -0.010 ) -2.751 (-4.988, 0.178) 

Marital Status: not married -1.137 (-1.395, -0.873) -4. 305 (-5.308, -3.152) 

Birth events -0.115 (-0.167, -0.059) -0.471 (-0.697, -0.214) 

� Denotes the quantile, Bayesian Credible Intervals are in brackets 

Table 4 shows the Bayesian parameter estimates with 

respective BCI’s for the upper quantiles. Again, highest 

wealth quintile, primary level of education, secondary level of 

education, marital status: not married were found to be 

relevant in explaining the uptake of injectable contraceptives 

in all the upper quantiles estimated while marital status: 

widow was only relevant at quantile 0.75. 
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Table 5. Potential Scale Reduction Factors (PSRF) for all parameters in all estimated quantiles. 

Parameters b =0.10 b =0.25 b =0.50 b =0.75 b =0.95 

Intercept 1.02 1.00 1.00 1.00 1.01 

Wealth Quintile: lower 1.00 1.00 1.00 1.00 1.01 

Wealth Quintile: middle 1.00 1.00 1.00 1.00 1.02 

Wealth Quintile: higher 1.01 1.00 1.00 1.00 1.01 

Wealth Quintile: highest 1.05 1.00 1.00 1.00 1.01 

Education Level: primary 1.00 1.00 1.01 1.00 1.02 

Education Level: vocational 1.00 1.01 1.00 1.00 1.01 

Education Level: secondary 1.01 1.00 1.00 1.00 1.00 

Education Level: college 1.02 1.00 1.00 1.01 1.01 

Education Level: university 1.00 1.00 1.00 1.00 1.01 

Marital Status: living with man 1.00 1.00 1.00 1.00 1.00 

Marital Status: divorced 1.00 1.01 1.00 1.00 1.01 

Marital Status: widow 1.01 1.01 1.00 1.00 1.00 

Marital Status: not married 1.01 1.00 1.00 1.00 1.00 

Birth events 1.01 1.00 1.00 1.00 1.00 

� Denotes the quantile 

Table 5, shows the estimated potential scale reduction 

factors (PSRF) for all the covariates. These were obtained by 

running two MCMC Gibbs sampling algorithms each of 

27000 iterations with an initial burn in of 2000 iterations. It is 

very vivid from table 5 that convergence have been achieved 

since all the estimated PSRF’s are less than 1.1 which paves 

way for making reliable inferences. 

4. Discussions 

This study has clearly exhibited that the number of birth 

events, woman’s education level, the status of marriage of 

the woman and wealth level of woman are the factors that 

greatly influences the preference of injectable contraceptives 

to other methods of contraception. Concerning the wealth 

quintile where a woman belongs, highest wealth category 

was found to be having negative significant coefficients in all 

the quantiles of usage of contraceptives (injectable). This 

implies that reproductive aged-women belonging to the 

highest category of wealth prefer using other methods of 

contraception rather than the injectable contraceptives as 

compared to women in reference category (lowest quintile). 

In all estimated quantiles, this contradicts study by Johnson 

[16] and another by Gelata [17] which found that wealthy 

women tend to utilize modern contraceptives compared to the 

poor [17]. The negative significance of this variable at all 

quantiles is a clear proof that this variable truly affects 

injectable contraceptive uptake in negative way. The effect of 

the highest wealth quintile becomes strong in the two 

extreme quantiles (quantile 0.1 and 0.95) which implies that 

the effect is stronger for women with both high and low 

probability of using injectable contraceptives, which is 

usually not shown in ordinary logistic regression. 

For education level, primary education and secondary 

education presented positive significant coefficients in all 

estimated quantiles showing the positive influence of these 

variables on the utilization of injectable contraceptives. This 

means that the reproductive aged women who have attained 

both primary and secondary education tend to use injectable 

contraceptives more than women in reference category (no 

education) in all estimated quantiles which also agrees with a 

study by Medhanyie [18]. The effect of these variables again 

on injectable contraceptive uptake is stronger in the two 

extreme quantiles (0.1 and 0.95) suggesting that the effect is 

stronger for child bearing women with both low and high 

propensity of using injectable contraceptives. This may be 

because women with no education might perceive using 

injectable contraceptives may have negative side effects. 

For marital status, the coefficient of women who are 

divorced proved to be negatively significant on the uptake 

of injectable contraceptives in only lower quantiles, this 

means that the divorced reproductive aged women tend to 

use other methods of contraception as compared to women 

in reference category (married) when the probability of 

using injectable contraceptives is low. Also coefficients for 

women who are not married were significant at all 

estimated quantiles implying that there is less uptake of 

injectable contraceptives for not married child bearing 

women than the married women. This conforms to reality 

because if a woman is not married, there is no need to use 

contraceptives. At the estimated quantiles from 0.1 to 0.75, 

coefficients of women who are widows are negatively 

significant meaning that the negative effect of this variable 

is stronger for women with low probability of using 

injectable contraceptives. 

In all the estimated quantiles, birth events also had 

negative significance at 95% BCI with increase from 

quantile 0.1 to the central quantile and a decline in the two 

estimated upper quantiles. Therefore use of injectable 

contraceptives reduces with increase in birth events. The 

effects is more pronounced in the lower and upper extreme 

quantiles which suggests that for women with both low and 

high probability of using injectable contraceptives, every 

additional birth event leads to more use of other methods of 

contraception as opposed to injectable contraceptives. In 

Kenya, Kirui et al [13] also found that, use if injectable 

contraceptives decreases with increase in the number of 

births. 
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5. Conclusion 

The main focus of this study was to model injectable 

contraceptive uptake using Bayesian binary quantile regression. 

This was achieved by fitting Bayesian binary quantile regression 

model at five different quantiles where convergence diagnostics 

were tested and found to be reasonably robust in all estimated 

quantiles. The uptake of injectable contraceptives among child 

bearing women were found to be negatively influenced by wealth 

quintile: highest, marital status: divorced, widow and never 

married, and birth events. Injectable contraceptive uptake was also 

positively influenced by primary and secondary education levels. 

These predictors have strong effects on the extreme lower quantile 

(0.1) and extreme upper quantile (0.95). All these effects cannot be 

seen in ordinary logistic regression. Therefore, marital status, birth 

events, education level and wealth quintile are significant 

predictors of injectable contraceptive uptake in Kenya. 

This research recommends that the health ministry should 

strengthen awareness and ensure equal access about injectable 

contraceptives to child bearing women who have not attained 

any form of education, those who are never married, those 

who are divorced, those who are widowed and those with 

many birth events. Also there is a need to inform women in the 

highest wealth quintile about importance of injectable 

contraceptives. Also based in the fact this research utilized 

cross sectional data, future studies should consider using the 

Panel Bayesian Binary Quantile Regression (PBBQR) in 

modelling the uptake of injectable contraceptives. 
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