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Background: Out-of-pocket payments for health services can lead to health 
catastrophes and decreased service utilization. To address this issue, community-
based health insurance has emerged as a strategy to provide financial protection 
against the costs of poor health. Despite the efforts made by the government 
of Ethiopia, enrollment rates have not reached the potential beneficiaries. 
Therefore, this study aimed to predict and identify the factors influencing 
community-based health insurance enrollment among reproductive-age 
women using SHapley Additive exPlanations (SHAP) analysis techniques.

Method: The study was conducted using the recent Demographic Health Survey 
2019 dataset. Eight machine learning algorithm classifiers were applied to a 
total weighted sample of 9,013 reproductive-age women and evaluated using 
performance metrics to predict community-based health insurance enrollment 
with Python 3.12.2 software, utilizing the Anaconda extension. Additionally, SHAP 
analysis was used to identify the key predictors of community-based health 
insurance enrollment and the disproportionate impact of certain variables on 
others.

Result: The random forest was the most effective predictive model, achieving 
an accuracy of 91.64% and an area under the curve of 0.885. The SHAP analysis, 
based on this superior random forest model, indicated that residence, wealth, 
the age of the household head, the husband’s education level, media exposure, 
family size, and the number of children under five were the most influential 
factors affecting enrollment in community-based health insurance.

Conclusion: This study highlights the significance of machine learning in 
predicting community-based health insurance enrollment and identifying the 
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factors that hinder it. Residence, wealth status, and the age of the household 
head were identified as the primary predictors. The findings of this research 
indicate that sociodemographic, sociocultural, and economic factors should 
be  considered when developing and implementing health policies aimed at 
increasing enrollment among reproductive-age women in Ethiopia, particularly 
in rural areas, as these factors significantly impact low enrollment levels.

KEYWORDS

SHAP analysis, community-based health insurance, enrollment, reproductive-age 
women, Ethiopia

Background

The Sustainable Development Goals (SDG) emphasize ensuring 
that all people have access to quality healthcare services without 
financial hardship by 2030 (1). However, across the world, a million 
citizens have suffered catastrophic financial shocks due to direct 
payments for healthcare services (2), resulting in half of the 
population lacking access to basic healthcare services, 25 million 
households living in poverty, and 44 million households burdened 
with health expenses (3). Approximately 90% of these catastrophic 
events have been observed in Sub-Saharan African countries (4–6). 
In Ethiopia, the situation is exacerbated by low economic 
development, a weak health system, and rapid population growth.

To address this financial catastrophe, Community-Based Health 
Insurance (CBHI) is a key component of the Ethiopian government’s 
healthcare financing reform strategy. This strategy aims to promote 
equitable access to healthcare, increase financial protection against 
medical expenses, encourage cost-sharing between the government 
and citizens, and enhance domestic resource mobilization for the 
health sector while fostering social inclusion in healthcare (7, 8). The 
reform strategy was implemented from 2015/16 to 2019/20 with the 
goal of fostering mutual aid and solidarity (9, 10).

To ensure this, the government mobilizes the community and 
provides health education on the importance of enrolling in 
community health insurance. However, enrollment levels in the health 
insurance scheme have been unsatisfactory. Research findings 
revealed that 3% of Nigeria, 4.7% of Ethiopia, 7% of Kenya, and 7.56% 
of East Africa reproductive-age women enrolled in a health insurance 
scheme (11–15). The progress of CBHI enrollment in Ethiopia is low, 
despite the program being launched to achieve 80% coverage in all 
districts and reach 80% of its population by 2020, with the aim of 
reducing out-of-pocket medical expenses that affect 85% of its 
population (16, 17).

In the pilot year, CBHI enrollment was extremely impressive, 
rising to 41% in the first year and 48% in the second year. The program 
has experienced consistent growth in enrollment over the past 2 years, 
although there is a significant 18% churn rate among households that 
participated in the first year and subsequently stopped making 
payments in the second year (18). Consequently, scholars aim to 
investigate the level of CBHI enrollment and the factors hindering it 
(13, 19, 20). For instance, previous studies assess willingness, its 
impact on quality of life, levels of satisfaction, coverage, and 
enrollment status in the program schemas (13, 21–26). Additionally, 
studies have explored factors influencing enrollment status, such as 
media exposure, women’s educational status, marital status, place of 
residence, head of household’s sex, wealth status, age of household 

heads, husband’s educational background, religion, and region (12, 15, 
21, 25).

In addition, previous researchers examined community-based 
health insurance enrollment and geographical variations using the 
Ethiopian Demographic and Health Survey (EDHS) datasets from 2016 
and 2019. A recent study utilizing the EDHS 2019 dataset focused on 
assessing community-based health insurance enrollment among 
reproductive-age women, as they and their children greatly benefit from 
this health insurance system without facing financial catastrophe (13, 25, 
27). However, this study employed classical statistical models. Therefore, 
this research aims to uncover new insights into the factors influencing 
community-based health insurance enrollment among reproductive-age 
women by using a nonlinear machine learning model. To achieve this 
objective, we applied SHapley Additive exPlanations (SHAP) analysis to 
identify significant features and examine the disproportionate effects of 
certain variables using the most recent nationally representative EDHS 
2019 dataset (28–32). Policymakers, health planners, and program 
managers working in health insurance initiatives aimed at achieving 
universal health coverage (UHC) and improving the financial security of 
reproductive-age women can use these findings to make evidence-based 
decision-making.

Method

Study area, period, and design

This study was conducted using secondary data from the 2019 
Ethiopia Demographic and Health Survey (EDHS). A cross-sectional 
study design was employed. Ethiopia consists of 12 regional states and 
two administrative cities, Addis Ababa and Dire Dawa. Furthermore, 
it is subdivided into various administrative zones and woredas. 
Located in the Horn of Africa, Ethiopia is bordered by Eritrea to the 
north, Djibouti and Somalia to the east, Sudan and South Sudan to the 
west, and Kenya to the south. The Ethiopian Public Health Institute 
and the Central Statistical Agency collaborated to gather the 2019 
EDHS data, which was collected between March 21 and June 28, 2019. 
The purpose of this data collection was to provide information for 
tracking the progress of health sector targets outlined in the Growth 
and Transformation Plan.

Source and study population

All reproductive-age women (15–49), whether permanent 
residents of the selected households or guests who stayed there the 
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night before the survey, constituted the source population. In contrast, 
all reproductive-age women who completed the survey formed the 
study population.

Sample size

A total of 9,013 reproductive-age women participated in this study.

Study variables

Dependent variable
The dependent variable for this study is the enrollment of 

reproductive-age women in community-based health insurance, 
which is categorized as “yes” and “no.” Furthermore, the question 
posed was, “Have you  ever enrolled in community-based health 
insurance?” The response was “yes” if the women had been members 
of community-based health insurance and “no” if they had not 
enrolled in it.

Independent variable
The predictor features for community-based health insurance 

enrollment include the sex of the household head, residence, region, 
women’s age, education level, wealth status, husband’s educational level, 
age of the household head, number of children under 5 years of age, 
and media exposure, which are expected predictors of community-
based health insurance enrollment among reproductive-age women.

Data source

The dataset for this study is available on the Measure of EDHS 
program and can be  accessed from the1 website after a clear 
explanation of the study’s objective.

Data processing and statistical analysis

STATA version 14 software was used to extract datasets from the 
data source, manage and prepare data, and recode variables to achieve 
the desired classification for further analysis. To ensure the 
representativeness of survey results at the national level, sampling 
weights were applied during the analysis. Python version 3.11 
software, using the Anaconda Jupyter Notebook editor, was used for 
data collection, preprocessing, model training, testing, and predicting 
CBHI enrollment among reproductive-age women.

In this study, SHAP analysis of feature importance was used to 
evaluate the relationship between the predictors and the outcome 
variable, thereby identifying the most significant predictor of CBHI 
enrollment. To accomplish this, seven steps were undertaken in 
supervised machine learning: data collection, data preparation, model 
selection, model training, model evaluation, parameter tuning, 
and prediction.

1 http://dhsprogram.com

Data preparation, preprocessing, and 
feature selection

This study involved data cleaning, feature engineering, and data 
splitting to detect and remove outliers, manage noisy data, address 
inconsistencies, handle missing values, and correct imbalances in class 
variables. To address outliers in the dataset, we employed Winsorizing, 
which is preferred over trimming when the number of outliers is small 
and the range of values is not unrealistically extreme. To resolve the 
class imbalance in the outcome variable, we  utilized various data 
balancing techniques to prevent biased predictions of the class 
variable. Consequently, we  applied the Synthetic Minority 
Oversampling Technique (SMOTE) to balance the dataset (29, 33–35).

Furthermore, the entire dataset is divided into training and testing 
sets by randomly allocating 80% of the dataset for model training and 
20% for testing the machine learning (ML) model using 10-fold cross-
validation. Finally, SHAP analysis was utilized in this study for feature 
selection (28, 36) due to its consistency and unbiased explainability, 
which provides an intuitive visualization of model predictions that 
allows users to easily understand the contribution of each feature to 
the final prediction. Although SHAP analysis provides both local and 
global interpretability, this study focused on global interpretability. 
However, as it provides insights into the overall behavior of the model. 
In addition, waterfall plot analysis was employed to observe the 
impact of predictive features on the positive predictive class “yes” for 
enrollment in CBHI. A waterfall plot provides a detailed breakdown 
of how each feature contributes to the final prediction for a specific 
instance. Each bar in the plot represents a feature, and the length of 
the bar indicates the magnitude and direction of its contribution.

Positive SHAP values, shown by the bar to the right of the baseline, 
indicate features that have a positive effect on the prediction. Higher 
values of these features lead to higher predictions, while lower values 
result in lower predictions. Conversely, negative SHAP values, shown 
by the bar to the left of the baseline, indicate features that have a 
negative effect on the prediction. Higher values of these features 
contribute to lower predictions, while lower values yield higher 
predictions. Additionally, analyzing the SHAP waterfall plot provides 
insights into the relative importance and directionality of various 
features in determining the classification outcome for a specific sample.

Model selection training and evaluation

We used eight machine learning algorithms: linear logistic 
regression, Random Forest (RF), Decision Tree (DT), support vector 
machine (SVM), Gaussian Naive Bayes (GNB), K-nearest neighbors 
(KNN), XGBoost (XGB), and Light Gradient Boosting (LGB). These 
algorithms accurately and precisely predict community-based health 
insurance enrollment. They were chosen based on the target variable, 
as our class variable is binary, classified as “yes” if women are enrolled 
in CBHI and “no” if they are not. In this study, we implemented a 
straightforward strategy to divide the total dataset into two parts: a 
training dataset comprising 80% of the total and a testing dataset 
representing the remaining 20%.

The classification of the dataset into 80 and 20% was conducted 
after careful consideration and experimentation regarding the dataset’s 
number of features, types of problems, strength of noise or outliers, 
interpretability, computational efficiency, sample size, the types of 
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machine learning algorithms employed, and their complexity levels. 
After model selection and classification, the classifiers were trained on 
both unbalanced and balanced datasets, and their performance was 
evaluated using the 80% training dataset with 10-fold cross-validation.

The performance of each algorithm was compared using the 
confusion matrix (37). The accuracy of actual and predicted classes of 
community-based health insurance enrollment has been visualized 
through the confusion matrix, which includes false positive (FP), true 
positive (TP), true negative (TN), and false negative (FN) (38). 
However, accuracy and the receiver operating characteristic (ROC) 
curve were utilized for model evaluation and visualization.

The ROC curve works based on probability, the area under the 
curve (AUC) that tells how much the model is capable of 
distinguishing between classes. Therefore, the higher the AUC, the 
better the model is at predicting true classes as “true” and false classes 
as “false” (39). After the comparison, the best-performing predictive 
model was selected and fine-tuned with hyperparameters for final 
predictions on the unseen test dataset reserved for this purpose.

Hyperparametric tuning

Hyperparameter tuning is the process of finding the optimal 
hyperparameters for a machine-learning model. Hyperparameters are 
settings that are not learned during the training process but are 
determined before training begins. Tuning these hyperparameters is 
essential for achieving the best possible model performance. Accordingly, 
the Optuna hyperparameter tuning framework has been used in this 
study due to its popularity and the various advantages of optimization 
compared to grid searching and randomized hyperparameter tuning.

Results

Sociodemographic characteristics of study 
participants

Among a total of 9,013 reproductive-age women, 6,014 (66.7%) of 
the study participants were rural residents. Regarding the sex of the 
household head, 6,463 (71.71%) were male. Many of the participants 
were from the Oromia region, with 1,070 (11.9%), followed closely by 
South Nation, Nationalities, and Peoples (SNNP) at 1,028 (11.4%). 
Most participants, around 6,638 (73.65%), had one or no children 
under 5 years old. Additionally, approximately 5,051 (56.04%) had no 
media exposure, and 39.30% of their husbands had no education, 
followed by those with primary education (Table 1).

Analysis of machine learning algorithms for 
community-based health insurance 
enrollment

Balancing dataset
In this study, the synthetic minority over-sampling technique 

(SMOTE) was employed to address the issue of imbalanced data in the 
dataset. As a result, the SMOTE oversampling technique generates 
5,353 additional minority class variables from the outcome class 
variables (Figure 1).

Model development and performance 
evaluation

After the model selection predicting CBHI enrollment was 
conducted to assess the accuracy of predicting positive class instances 
as positive and negative class instances as negative. Following a 
thorough evaluation using performance metrics, the random forest 
machine learning algorithm was identified as the top predictor for 
CBHI enrollment among reproductive-age women in Ethiopia, 
achieving an accuracy of 82.5% and an AUC of 0.880, followed by the 
XGBoost machine learning algorithm, which achieved an accuracy of 
80.0% and an AUC of 0.853. This result may be biased due to the 
unbalanced class variable. Consequently, the training dataset was 
balanced using SMOTE oversampling techniques, and unexpectedly, 
random forest emerged as the top-performing machine learning 
algorithm, achieving an accuracy of 91.32% and an AUC of 0.885. The 
overall performance comparison of machine learning algorithms for 
community-based health insurance enrollment is presented in 
Figure 2.

Hyperparameter tuning with random forest

Scikit-learn provides a set of sensible default hyperparameters 
for all models, including random forests. However, these defaults 
are not guaranteed to be optimal for every problem. To maximize 
the performance of the random forest, several hyperparameters 
were optimized through one hundred trials within a specified 
search space. These include the number of decision trees in the 
forest (number of estimators), the number of features considered by 
each tree when splitting a node (maximum features), the minimum 
number of samples required to split an internal node (minimum 
samples split), the minimum number of samples required to be at a 
leaf node (minimum samples leaf), and the number of samples 
drawn from independent variables to train each tree (maximum 
samples). The optimization process used an 80/20 split method, 
allocating 80% of the data for model training and the remaining 
20% for testing the model. The default hyperparameters set by 
Scikit-learn and our optimized hyperparameters are shown in 
Table 2.

Feature selection

The SHAP global analysis, using the best-performing machine 
learning algorithm, was conducted to identify the most important 
feature predictors of CBHI enrollment among reproductive-age 
women. This analysis utilizes the mean absolute value for each 
predictor across the entire dataset, quantifying the feature’s 
contribution to predict CBHI enrollment among reproductive-age 
women. Characteristics with higher mean absolute SHAP values hold 
greater influence, and the predictors are arranged in descending 
order based on their impact on the outcome variable. The analysis 
revealed that residence, wealth, the age of the household head, media 
exposure, the husband’s educational level, the number of children 
under five, the sex of the household head, and family size were the 
most significant features predicting CBHI enrollment among 
reproductive-age women. According to this study, place of residence, 
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wealth status, and age of the household head are the most influential 
features predicting the outcome variable in the model (Figure 3).

SHapley Additive exPlanations model 
evaluation and explanation

The beeswarm plot was used to identify how each feature impacts 
the model’s predictive performance across all datasets. The usefulness 
of the input features in predicting a target class is represented by 
feature importance. To achieve this, the feature importance technique 

provides the input score characteristics and offers insights into the 
predictive model (community-based health insurance enrollment). 
Figure 4 displays the SHAP analysis summary graphic representation, 
which ranks features based on their importance in detecting the 
model (CBHI enrollment of reproductive-age women) by visualizing 
the SHAP values of each feature in the sample.

The feature ranking is determined by its position on the y-axis, 
which spans from high importance to low importance. The x-axis 
SHAP values for each attribute indicate its effect; positive SHAP values 
signify a positive association with the target class variable and vice 
versa. Additionally, a higher feature value is denoted by the color red, 

TABLE 1 Sociodemographic characteristics of reproductive-age women in Ethiopia using the 2019 DHS dataset, 2024.

Variables Categories Frequency (weighted) Percentage (%)

CBHI enrollment status Yes 1,830 20.3

No 7,183 79.7

Residence Urban 2,999 33.3

Rural 6,014 66.7

Region Tigray 743 8.2

Afar 642 7.1

Amhara 964 10.7

Oromia 1,069 11.9

Somali 648 7.1

Benishangul-Gumuz 750 8.3

SNNP 1,028 11.4

Gambela 750 8.3

Harari 768 8.5

Addis Ababa 826 9.4

Dire Dawa 825 9.1

Sex_hh_head Male 6,463 71.71

Female 2,550 28.29

Family size ≤5 4,662 51.73

>5 4,351 48.27

No_under_5_ child ≤1 6,638 73.65

>1 2,375 26.35

Age_hh_head ≤24 596 6.61

25–39 3,533 39.20

≥40 4,884 54.19

Wealth Poorest 2,055 22.80

Poorer 1,357 15.06

Middle 1,292 14.33

Richer 1,367 15.17

Richest 2,942 32.64

Media exposure No media exposure 5,051 56.04

Has media exposure 3,962 43.96

Husband educ_level No education 3,542 39.30

Primary 3,531 39.18

Secondary 1,171 12.99

Higher 769 8.53
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FIGURE 2

A comparison of the performance of machine learning algorithms using the area under the curve (AUC-ROC) based on the EDHS 2019 data from 
Ethiopia, 2024.

TABLE 2 The default and optimally tuned hyperparameters of the Random Forest model for reproductive-age women in Ethiopia, 2024.

Hyperparametric tuning Default Optimal values

No of trees 100 175

No of features need to be considered for the best split The square root of the number of features 2.83

Mini no of sample is required to split internal nodes 2 5

Mini no of samples required to be at the leaf of the nodes 1 1

Max no of samples to draw from X to train each estimator None 0.85

FIGURE 1

Distribution of CBHI enrollment among reproductive-age women before and after SMOTE, using EDHS 2019 data in Ethiopia (2024).
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while a lower feature value is indicated by the color blue. The 
distribution is depicted by the overlapping jagged points. 
Consequently, the bar plot visualizes the top eight most important 
features, with “residence” occupying the top position.

The next dominant features include wealth, the age of the 
household head (age_hh_head), the husband’s educational level 
(husband_education_level), media exposure status (media_exposure), 
family size (family_size), and the sex of the household head (sex_hh_
head). In contrast, the number of children under five (no_under_
children) is less significant compared to the other features shown in 
the provided diagram. Consequently, residence, wealth, the age of the 
household head (age_hh_head), and family size (family_size) reduce 

the likelihood of community-based health insurance enrollment 
among reproductive-age women. Conversely, the husband’s 
educational level (husband_education_level), media exposure 
(media_exposure), the sex of the household head (sex_hh_head), and 
the number of children under 5 years of age (no_under5_children) 
increase the likelihood of CBHI enrollment. However, the number of 
children under 5 years of age (no_under5_children), media exposure 
(media_exposure), and the sex of the household head decrease the 
likelihood of CBHI enrollment among reproductive-age women in 
Ethiopia (Figure 4).

Additionally, a waterfall plot provides a detailed breakdown of 
how each feature contributes to the final prediction for a specific 

FIGURE 3

A SHAP global analysis feature importance plot with the most outfitted random forest model using the EDHS 2019 dataset, Ethiopia, 2024.

FIGURE 4

A SHAP analysis of the feature importance plot, ranked by the mean absolute SHAP values generated by the random forest model of CBHI enrollment 
for reproductive-age women in Ethiopia, 2024, using the 2019 EDHS dataset.
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instance. Each bar in the plot represents a feature, with the length of 
the bar indicating the magnitude and direction of its contribution. 
F(x) represents the model’s predicted output or target value for the 
specific observation [0] analyzed in the waterfall plot. E [f(x) = 0.796] 
in the waterfall plot indicates the average or expected prediction of the 
model, serving as the starting point for understanding the influence 
of individual features on the final prediction f(x), without considering 
the effect of any feature contributions in the given sample. The baseline 
value is represented by a vertical dashed line in the middle.

Positive SHAP values, shown by bars to the right of the baseline, 
indicate features that have a positive effect on the prediction. Higher 
values of these features lead to increased predictions, while lower 
values correspond to decreased predictions. Conversely, negative 
SHAP values, represented by bars to the left of the baseline, indicate 
features that negatively impact the model’s prediction. Higher values 
of these features lead to lower predictions, while lower values result in 
higher predictions.

Furthermore, for a given observation, if the model’s output 
exceeds this value (E [f(X)] = 0.796), it corresponds to a positive class 
(enrolled in CBHI), while an output below this value corresponds to 
a negative class (not enrolled in CBHI). In addition, the waterfall plot 
helps clarify the importance and directionality of each feature’s impact 
on the model’s prediction, providing insights into how the model 
makes decisions for specific instances. Accordingly, for the first 
observation, the combination of positive contributions in red and 
negative contributions in blue shifts the expected value output to the 
final model output (f(x) = 0.818), which is classified as the positive 
class, i.e., enrolled in CBHI. As a result, residing in urban areas 
(0 = residence) and having a husband with primary education 
(1 = husband_educational_level) enhances the probability of enrolling 
in community-based health insurance.

However, having greater wealth (3 = wealth), women aged 
40 years and older (2 = age_hh_head), with a family size exceeding 
five members (1 = family_size), lacking media access (0 = media_
exposure), women with two or fewer children under five (0 = no_
under5_children), and where the head of the household is male 

(0 = sex_hh_head) decrease the likelihood of enrollment in 
community-based health insurance among reproductive-age women 
(Figure 5).

Discussion

This study aimed to assess the importance of machine learning 
algorithms in predicting and identifying features that influence 
community-based health insurance enrollment among 
reproductive-age women in Ethiopia using the most recent EDHS 
2019 dataset and SHAP analysis. Eight machine learning algorithms 
were employed for this purpose and trained with both imbalanced and 
balanced datasets using an 80/20 data split method. In this method, 
80% of the dataset was used for model training, with tenfold cross-
validation applied to the total observations, while the remaining 20% 
was reserved for model testing.

The performance of each machine learning algorithm was 
compared based on its accuracy and area under the ROC curve. 
Algorithms trained on a balanced dataset with the SMOTE 
oversampling technique demonstrate higher accuracy and ROC curve 
values than those trained on an imbalanced dataset.

As a result, the Random Forest model was found to be the most 
accurate, achieving an accuracy of 91.32% and an AUC of 0.885. 
Furthermore, it was optimized for its hyperparameters before 
conducting further analysis. Finally, the performance of the Random 
Forest machine learning algorithm after optimization reached 91.64% 
accuracy and 0.885 AUC.

A slight change in accuracy was observed. This finding was 
comparable to a study conducted in Ethiopia, which identified 
Random Forest as the best machine learning algorithm for predicting 
the unmet need for contraceptive use based on the PMA Ethiopia 
2019 cross-sectional household and female survey, achieving an 
accuracy of 85% and an AUC of 0.93 (35). Additionally, this finding 
aligns with a study conducted in Ethiopia using the 2016 EDHS 
dataset to predict child vaccination among children aged 

FIGURE 5

The waterplot display of CBHI enrollment (first observation) among reproductive-age women in Ethiopia, based on the EDHS 2019 dataset, 2024.
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12–23 months (29). Furthermore, this finding is supported by a study 
done in East Africa using DHS data from 2011 to 2021 to predict 
delayed breastfeeding initiation among mothers with children under 
2 months old, achieving an accuracy of 82% and an AUC of 0.84.

Regarding the second objective, SHAP analysis was employed to 
identify important features that influence the enrollment status of 
reproductive-age women in community-based health insurance. 
Consequently, residence and wealth status emerged as the primary 
predictors of community-based health insurance enrollment among 
reproductive-age women, followed by the age of the household head, 
the husband’s educational level/status, media exposure, family size, the 
sex of the household head, and the number of children under 5 years 
old, respectively. Additionally, SHAP analysis was used to understand 
the impact of each feature on community-based health insurance 
enrollment among reproductive-age women. Accordingly, living in 
urban areas positively affects community-based health insurance 
enrollment for reproductive-age women. These findings are consistent 
with a study conducted in Ethiopia using the EDHS dataset from 
2019. This may be because women living in urban areas have greater 
access to information regarding the benefits of being a member 
of CBHI.

Furthermore, women living in urban areas had high economic 
capacity and could easily enroll in the program. Additionally, our 
study found that women whose husbands had primary education were 
more likely to enroll in community-based health insurance compared 
to those whose husbands were uneducated. This finding in-lined with 
a research conducted in Ethiopia and suggests that educated husbands 
possess greater knowledge about the advantages of program 
membership. Furthermore, educated husbands usually understand the 
impacts of out-of-pocket payments for accessing health services 
more clearly.

Furthermore, wealthier women are less likely to enroll in 
community-based health insurance. One possible explanation for this 
finding is that women with sufficient wealth may believe they can 
manage health catastrophes through direct out-of-pocket payments. 
This study contradicts previous research conducted in Ethiopia (31), 
Nigeria (32), and Bangladesh, which suggested that greater wealth is 
linked to higher asset losses when an unexpected health-related event 
occurs, prompting enrollment in program schemes. Another factor that 
influences CBHI enrollment is the age of the household head. 
Household heads aged 40 and older are less likely to enroll in 
community-based health insurance schemes compared to their younger 
counterparts. This finding aligns with previous studies conducted in 
Ethiopia based on demographic and health surveys (13, 27).

This may be due to older household heads having limited access 
to education, current information, and basic knowledge regarding the 
risks of out-of-pocket health payments. Additionally, this could 
be  attributed to the differences in sociodemographic factors 
throughout the country. However, a study conducted in Nigeria (14) 
suggests that older age groups are more likely to enroll in CBHI 
schemes, as they face a higher risk of illness with increasing age. This 
may lead to greater investments in their health to protect themselves 
from financial uncertainties and health risks. Consequently, 
policymakers, initiatives, and program managers need to prioritize 
older age groups to promote their enrollment in these schemes.

Our study found that women with no media access were less likely 
to enroll in CBHI compared to those with media access. A possible 
explanation for this finding is that women without media access may 

perceive a higher risk of out-of-pocket payments for health services 
and medical emergencies, which could limit their willingness to enroll 
in CBHI. Furthermore, media coverage of the program could change 
community perceptions and encourage membership in the scheme. 
Therefore, the government should prioritize media coverage of 
the program.

Furthermore, our study found that women with more than five 
family members were less likely to enroll in community-based health 
insurance schemes. This finding is supported by a study conducted in 
Ethiopia (27). However, another finding suggests that women with 
larger family sizes were more likely to pay for CBHI schemes (31). This 
discrepancy may be attributed to the financial burdens faced by women 
with larger families when covering program premiums. Additionally, 
the study indicates that women with two or fewer children under five 
were less likely to enroll in CBHI compared to their counterparts. This 
could be due to the perception of these women’s ability to manage 
health costs through out-of-pocket payments. Finally, our study 
identified the sex of household heads as a potential predictor of CBHI 
enrollment among reproductive-age women in Ethiopia. Consequently, 
households with male heads were less likely to enroll in CBHI schemes 
than those headed by women. However, these results were not uniform 
across different study settings, possibly due to the sociodemographic 
characteristics of the participants. Therefore, policymakers need to 
address sex differences in household headship.

Limitations and strengths of this study

The study’s key strengths include the recent EDHS and a large, 
nationally representative dataset. Furthermore, it employs advanced 
statistical analysis to uncover and pinpoint strong evidence essential for 
policymakers and program managers to make evidence-based decisions. 
Additionally, the SHAP analysis technique was employed to identify 
important features and visualize how each feature affects the model’s 
predictions. However, this study has certain limitations. The cross-
sectional approach used to gather the EDHS data restricts our ability to 
draw causal conclusions regarding the examined variables. Since this 
investigation is a secondary analysis of EDHS data, several key variables 
were not included. Due to the retrospective nature of the survey based 
on questionnaires, recall bias may occur. The authors encourage future 
researchers to incorporate association rule mining techniques to 
identify the joint effect of each feature on the outcome variable.

Conclusion

Machine learning algorithms and SHAP analysis were employed 
to predict and identify potential features influencing community-
based health insurance enrollment among reproductive-age women. 
Among the machine learning models used, the Random Forest model 
was found to be the most effective for predicting community-based 
health insurance enrollment, achieving an accuracy of 91.64% and an 
area under the curve (AUC) of 0.885.

Additionally, SHAP analysis identified the key features influencing 
community-based health insurance enrollment among 
reproductive-age women. Specifically, urban residency and partners 
achieving primary education were significant factors that increased 
the likelihood of enrollment. Conversely, factors such as higher 
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wealth, a household head aged 40 years of age and above, larger family 
size, lack of media access, having fewer children under 5 years of age, 
and a male household head were critical features that decreased the 
likelihood of CBHI enrollment.

Achieving the effects of these features helps tailor the program to 
meet its goal of addressing the financial difficulties faced by 
reproductive-age women. Furthermore, this approach offers valuable 
insights and identifies key patterns, enabling program managers and 
policymakers to make evidence-based decisions that enhance the 
enrollment of reproductive-age women in the program.

Data availability statement

The dataset for this study is publicly available on the Measure 
DHS program website (http://dhsprogram.com).

Ethics statement

Ethical approval and consents from study participants was not 
necessary for this study since the study was based on secondary data 
source which is publicly available from the Measure DHS program 
website (https://www.dhsprogram.com).

Author contributions

SK: Conceptualization, Data curation, Formal analysis, Funding 
acquisition, Investigation, Methodology, Project administration, 
Resources, Software, Supervision, Validation, Visualization, Writing – 
original draft, Writing  – review & editing. SA: Formal analysis, 
Investigation, Methodology, Project administration, Software, 
Supervision, Writing – original draft, Writing – review & editing. MW: 
Conceptualization, Data curation, Formal analysis, Funding 
acquisition, Investigation, Methodology, Project administration, 
Resources, Software, Supervision, Validation, Visualization, Writing – 
review & editing. SF: Conceptualization, Data curation, Formal 
analysis, Funding acquisition, Investigation, Methodology, Project 
administration, Resources, Software, Supervision, Validation, 
Visualization, Writing – review & editing. AM: Conceptualization, 
Data curation, Formal analysis, Funding acquisition, Investigation, 
Methodology, Project administration, Resources, Software, 
Supervision, Validation, Visualization, Writing – review & editing. 
AC: Conceptualization, Data curation, Formal analysis, Funding 
acquisition, Investigation, Methodology, Project administration, 

Resources, Software, Supervision, Validation, Visualization, Writing – 
review & editing. AA: Conceptualization, Data curation, Formal 
analysis, Funding acquisition, Investigation, Methodology, Project 
administration, Resources, Software, Supervision, Validation, 
Visualization, Writing – review & editing. AD: Conceptualization, 
Data curation, Formal analysis, Funding acquisition, Investigation, 
Methodology, Project administration, Resources, Software, 
Supervision, Validation, Visualization, Writing – review & editing. 
YD: Conceptualization, Data curation, Formal analysis, Funding 
acquisition, Investigation, Methodology, Project administration, 
Resources, Software, Supervision, Validation, Visualization, Writing – 
review & editing. HN: Writing – review & editing, Conceptualization, 
Data curation, Formal analysis, Funding acquisition, Investigation, 
Methodology, Project administration, Resources, Software, 
Supervision, Validation, Visualization. AW: Conceptualization, Data 
curation, Formal analysis, Funding acquisition, Investigation, 
Methodology, Project administration, Resources, Software, 
Supervision, Validation, Visualization, Writing – review & editing.

Funding

The author(s) declare that no financial support was received for 
the research and/or publication of this article.

Acknowledgments

We would like to acknowledge and thank the DHS program for 
allowing us to use the dataset for this research.

Conflict of interest

The authors declare that the research was conducted in the 
absence of any commercial or financial relationships that could 
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors 
and do not necessarily represent those of their affiliated organizations, 
or those of the publisher, the editors and the reviewers. Any product 
that may be evaluated in this article, or claim that may be made by its 
manufacturer, is not guaranteed or endorsed by the publisher.

References
 1. Saksena P, Hsu J, Evans DB. Financial risk protection and universal health coverage: 

evidence and measurement challenges. PLoS Med. (2014) 11:e1001701. doi: 
10.1371/journal.pmed.1001701

 2. Adebayo EF, Uthman OA, Wiysonge CS, Stern EA, Lamont KT, Ataguba JE. A 
systematic review of factors that affect uptake of community-based health insurance in 
low-income and middle-income countries. BMC Health Serv Res. (2015) 15:1–13. doi: 
10.1186/s12913-015-1179-3

 3. WHO. Tracking universal health coverage: First global monitoring report. (2023). 
Available online at: https://www.who.int/publications/i/item/9789241564977.

 4. Zelelew H. Health care financing reform in Ethiopia: improving quality and equity. 
Health Syst. (2014) 20:20.

 5. Atnafu DD, Tilahun H, Alemu YM. Community-based health insurance and 
healthcare service utilisation, north-west, Ethiopia: a comparative, cross-sectional study. 
BMJ Open. (2018) 8:e019613. doi: 10.1136/bmjopen-2017-019613

 6. Binnendijk H. Designing community-based health insurance among rural poor in 
India: A novel time-and cost-effective method for data sourcing. (2014).

 7. Bodhisane S, Pongpanich S. The impact of community based health insurance in 
enhancing better accessibility and lowering the chance of having financial catastrophe 

https://doi.org/10.3389/fpubh.2025.1448055
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
http://dhsprogram.com
https://www.dhsprogram.com
https://doi.org/10.1371/journal.pmed.1001701
https://doi.org/10.1186/s12913-015-1179-3
https://www.who.int/publications/i/item/9789241564977
https://doi.org/10.1136/bmjopen-2017-019613


Kassie et al. 10.3389/fpubh.2025.1448055

Frontiers in Public Health 11 frontiersin.org

due to health service utilization: a case study of Savannakhet province, Laos. Int J Health 
Serv. (2017) 47:504–18. doi: 10.1177/0020731415595609

 8. Ahmed S, Hoque ME, Sarker AR, Sultana M, Islam Z, Gazi R, et al. Willingness-to-
pay for community-based health insurance among informal workers in urban 
Bangladesh. PLoS One. (2016) 11:e0148211. doi: 10.1371/journal.pone.0148211

 9. Ali EE. Health care financing in Ethiopia: implications on access to essential 
medicines. Value Health Reg Issues. (2014) 4:37–40. doi: 10.1016/j.vhri.2014.06.005

 10. World Health Organization. Regional Office for South-East Asia. (2017). Health 
financing profile 2017: India. World Health Organization. Regional Office for South-East 
Asia. Available at: https://iris.who.int/handle/10665/259642

 11. Debessa KC, Negeri KG, Dangisso MH. Women’s enrollment in community-based 
health insurance and its determinants in Sidama national regional state, Ethiopia, 2024: 
a multilevel analysis. PLoS One. (2025) 20:e0316948. doi: 10.1371/journal.pone.0316948

 12. Amu H, Seidu A-A, Agbaglo E, Dowou RK, Ameyaw EK, Ahinkorah BO, et al. 
Mixed effects analysis of factors associated with health insurance coverage among 
women in sub-Saharan Africa. PLoS One. (2021) 16:e0248411. doi: 
10.1371/journal.pone.0248411

 13. Weldesenbet AB, Kebede SA, Ayele BH, Tusa BS. Health insurance coverage and 
its associated factors among reproductive-age women in East Africa: a multilevel mixed-
effects generalized linear model. Clinicoecon Outcomes Res. (2021) 13:693–701. doi: 
10.2147/CEOR.S322087

 14. Aregbeshola BS, Khan SM. Predictors of enrolment in the National Health 
Insurance Scheme among women of reproductive age in Nigeria. Int J Health Policy 
Manag. (2018) 7:1015–23. doi: 10.15171/ijhpm.2018.68

 15. Bellows B, Warren C, Ettarh R, Kimani JK. Determinants of health insurance 
ownership among women in Kenya: Evidence from the 2008–09 Kenya demographic 
and health survey. Int J Equity Health. (2014) 13:27. doi: 10.1186/1475-9276-13-27

 16. Alemayehu YK, Dessie E, Medhin G, Birhanu N, Hotchkiss DR, Teklu AM, et al. The 
impact of community-based health insurance on health service utilization and financial risk 
protection in Ethiopia. BMC Health Serv Res. (2023) 23:67. doi: 10.1186/s12913-022-09019-6

 17. Mulat AK, Mao W, Bharali I, Balkew RB, Yamey G. Scaling up community-based 
health insurance in Ethiopia: a qualitative study of the benefits and challenges. BMC 
Health Serv Res. (2022) 22:473. doi: 10.1186/s12913-022-07889-4

 18. Mebratie AD, Sparrow R, Yilma Z, Alemu G, Bedi AS. Dropping out of Ethiopia’s 
community-based health insurance scheme. Health Policy Plan. (2015) 30:1296–306. 
doi: 10.1093/heapol/czu142

 19. Dako-Gyeke P, Amazigo UV, Halpaap B, Manderson L. Social innovation for 
health: engaging communities to address infectious diseases. Infect Dis Poverty. (2020) 
9:98. doi: 10.1186/s40249-020-00721-3

 20. Dagnaw FT, Azanaw MM, Adamu A, Ashagrie T, Mohammed AA, Dawid HY, 
et al. Community-based health insurance, healthcare service utilization and associated 
factors in South Gondar zone northwest, Ethiopia, 2021: a comparative cross-sectional 
study. PLoS One. (2022) 17:e0270758. doi: 10.1371/journal.pone.0270758

 21. Nageso D, Tefera K, Gutema K. Enrollment in community based health insurance 
program and the associated factors among households in Boricha district, Sidama zone, 
southern Ethiopia; a cross-sectional study. PLoS One. (2020) 15:e0234028. doi: 
10.1371/journal.pone.0234028

 22. Minyihun A, Gebregziabher MG, Gelaw YA. Willingness to pay for community-
based health insurance and associated factors among rural households of Bugna District, 
Northeast Ethiopia. BMC Res Notes. (2019) 12:1–7. doi: 10.1186/s13104-019-4091-9

 23. Mekonne A, Seifu B, Hailu C, Atomsa A. Willingness to pay for social health 
insurance and associated factors among health care providers in Addis Ababa, Ethiopia. 
Biomed Res Int. (2020) 2020:8412957. doi: 10.1155/2020/8412957

 24. Gebru T, Lentiro K. The impact of community-based health insurance on health-
related quality of life and associated factors in Ethiopia: a comparative cross-sectional 
study. Health Qual Life Outcomes. (2018) 16:1–6. doi: 10.1186/s12955-018-0946-3

 25. Kebede SA, Liyew AM, Tesema GA, Agegnehu CD, Teshale AB, Alem AZ, et al. 
Spatial distribution and associated factors of health insurance coverage in Ethiopia: 
further analysis of Ethiopia demographic and health survey, 2016. Arch Public Health. 
(2020) 78:1–10. doi: 10.1186/s13690-020-00407-0

 26. Bifato B, Ayele A, Rike M, Dangura D. Community based health insurance 
enrollment and associated factors in Sidama region, Ethiopia. (2020).

 27. Handebo S, Demie TG, Woldeamanuel BT, Biratu TD, Gessese GT. Enrollment of 
reproductive age women in community-based health insurance: an evidence from 2019 
Mini Ethiopian demographic and health survey. Front Public Health. (2023) 11:1067773. 
doi: 10.3389/fpubh.2023.1067773

 28. Kebede SD, Mamo DN, Adem JB, Semagn BE, Walle AD. Machine learning modeling 
for identifying predictors of unmet need for family planning among married/in-union 
women in Ethiopia: evidence from performance monitoring and accountability (PMA) 
survey 2019 dataset. PLoS Digit Health. (2023) 2:e0000345. doi: 10.1371/journal.pdig.0000345

 29. Demsash AW, Chereka AA, Walle AD, Kassie SY, Bekele F, Bekana T. Machine 
learning algorithms’ application to predict childhood vaccination among children aged 
12–23 months in Ethiopia: evidence 2016 Ethiopian demographic and health survey 
dataset. PLoS One. (2023) 18:e0288867. doi: 10.1371/journal.pone.0288867

 30. Walle AD, Abebe Gebreegziabher Z, Ngusie HS, Kassie SY, Lambebo A, Zekarias 
F, et al. Prediction of delayed breastfeeding initiation among mothers having children 
less than 2 months of age in East Africa: application of machine learning algorithms. 
Front Public Health. (2024) 12:1413090. doi: 10.3389/fpubh.2024.1413090

 31. Kebede A, Gebreslassie M, Yitayal M. Willingness to pay for community based health 
insurance among households in the rural community of Fogera District, north West 
Ethiopia. Int J Econ Finan Manag Sci. (2014) 2:263–9. doi: 10.11648/j.ijefm.20140204.15

 32. Oriakhi H, Onemolease E. Determinants of rural household’s willingness to 
participate in community based health insurance scheme in Edo state, Nigeria. Stud 
Ethno-Med. (2012) 6:95–102. doi: 10.1080/09735070.2012.11886425

 33. Alghamdi M, Al-Mallah M, Keteyian S, Brawner C, Ehrman J, Sakr S. Predicting 
diabetes mellitus using SMOTE and ensemble machine learning approach: the Henry 
ford ExercIse testing (FIT) project. PLoS One. (2017) 12:e0179805. doi: 
10.1371/journal.pone.0179805

 34. Blagus R, Lusa L. Joint use of over-and under-sampling techniques and cross-
validation for the development and assessment of prediction models. BMC 
Bioinformatics. (2015) 16:363. doi: 10.1186/s12859-015-0784-9

 35. Kebede SD, Sebastian Y, Yeneneh A, Chanie AF, Melaku MS, Walle AD. Prediction 
of contraceptive discontinuation among reproductive-age women in Ethiopia using 
Ethiopian demographic and health survey 2016 dataset: a machine learning approach. 
BMC Med Inform Decis Mak. (2023) 23:9. doi: 10.1186/s12911-023-02102-w

 36. Liu Y, Liu Z, Luo X, Zhao H. Diagnosis of Parkinson's disease based on SHAP 
value feature selection. Biocybern Biomed Eng. (2022) 42:856–69. doi: 
10.1016/j.bbe.2022.06.007

 37. Chanie MG, Ewunetie GE. Determinants of enrollment in community based 
health insurance among households in tach-Armachiho Woreda, North Gondar, 
Ethiopia, 2019. PLoS One. (2020) 15:e0236027. doi: 10.1371/journal.pone.0236027

 38. Kado A, Merga BT, Adem HA, Dessie Y, Geda B. Willingness to pay for 
community-based health insurance scheme and associated factors among rural 
communities in Gemmachis District, eastern Ethiopia. Clinicoecon Outcomes Res. (2020) 
12:609–18. doi: 10.2147/CEOR.S266497

 39. McHugh ML. Interrater reliability: the kappa statistic. Biochem Med. (2012) 
22:276–82. doi: 10.11613/BM.2012.031

https://doi.org/10.3389/fpubh.2025.1448055
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.1177/0020731415595609
https://doi.org/10.1371/journal.pone.0148211
https://doi.org/10.1016/j.vhri.2014.06.005
https://iris.who.int/handle/10665/259642
https://doi.org/10.1371/journal.pone.0316948
https://doi.org/10.1371/journal.pone.0248411
https://doi.org/10.2147/CEOR.S322087
https://doi.org/10.15171/ijhpm.2018.68
https://doi.org/10.1186/1475-9276-13-27
https://doi.org/10.1186/s12913-022-09019-6
https://doi.org/10.1186/s12913-022-07889-4
https://doi.org/10.1093/heapol/czu142
https://doi.org/10.1186/s40249-020-00721-3
https://doi.org/10.1371/journal.pone.0270758
https://doi.org/10.1371/journal.pone.0234028
https://doi.org/10.1186/s13104-019-4091-9
https://doi.org/10.1155/2020/8412957
https://doi.org/10.1186/s12955-018-0946-3
https://doi.org/10.1186/s13690-020-00407-0
https://doi.org/10.3389/fpubh.2023.1067773
https://doi.org/10.1371/journal.pdig.0000345
https://doi.org/10.1371/journal.pone.0288867
https://doi.org/10.3389/fpubh.2024.1413090
https://doi.org/10.11648/j.ijefm.20140204.15
https://doi.org/10.1080/09735070.2012.11886425
https://doi.org/10.1371/journal.pone.0179805
https://doi.org/10.1186/s12859-015-0784-9
https://doi.org/10.1186/s12911-023-02102-w
https://doi.org/10.1016/j.bbe.2022.06.007
https://doi.org/10.1371/journal.pone.0236027
https://doi.org/10.2147/CEOR.S266497
https://doi.org/10.11613/BM.2012.031


Kassie et al. 10.3389/fpubh.2025.1448055

Frontiers in Public Health 12 frontiersin.org

Glossary

AUC - Area under curve

CBHI - Community-based health insurance

DT - Decision tree

EDHS - Ethiopian demographic and health survey

FN - False negative

FP - False positive

GNB - Gaussian Naive Bayes

KNN - K-nears neighbor

LBM - Light boost

LR - Logistic regression

ML - Machine learning

RF - Random forest

SDG - Sustainable development goal

SHAP - SHapley Additive exPlanations

SMOTE - Synthetic minority over-sampling technique

STATA - Statistical software for data science

SVM - Support vector machine

TP - True positive

TN - True negative

ROC - Receiver operating characteristic

AUC - Area under curve

UHC - Universal health care

XGB - XGBoost
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