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ORIGINAL RESEARCH
published: 19 June 2024
doi: 10.3389/fpubh.2024.1362392








[image: image2]

Machine learning algorithms to predict healthcare-seeking behaviors of mothers for acute respiratory infections and their determinants among children under five in sub-Saharan Africa

Tirualem Zeleke Yehuala1*, Muluken Chanie Agimas2, Nebiyu Mekonnen Derseh2, Sisay Maru Wubante1, Bezawit Melak Fente3, Getaneh Awoke Yismaw2 and Tigabu Kidie Tesfie2


1Department Health Informatics, Institute of Public Health, College of Medicine and Health Sciences, University of Gondar, Gondar, Ethiopia

2Department of Epidemiology and Biostatistics, Institute of Public Health, College of Medicine and Health Sciences, University of Gondar, Gondar, Ethiopia

3Department of General Midwifery, School of Midwifery, College of Medicine and Health Sciences, University of Gondar, Gondar, Ethiopia

Edited by
 Clemax Couto Sant’anna, Federal University of Rio de Janeiro, Brazil

Reviewed by
 Adauto Barbosa, Fluminense Federal University, Brazil
 Fernando Ferrero, Hospital Pedro de Elizalde, Argentina

*Correspondence
 Tirualem Zeleke Yehuala, sarazeleke3@gmail.com 

Received 23 January 2024
 Accepted 03 June 2024
 Published 19 June 2024

Citation
 Yehuala TZ, Agimas MC, Derseh NM, Wubante SM, Fente BM, Yismaw GA and Tesfie TK (2024) Machine learning algorithms to predict healthcare-seeking behaviors of mothers for acute respiratory infections and their determinants among children under five in sub-Saharan Africa. Front. Public Health 12:1362392. doi: 10.3389/fpubh.2024.1362392
 

Background: Acute respiratory infections (ARIs) are the leading cause of death in children under the age of 5 globally. Maternal healthcare-seeking behavior may help minimize mortality associated with ARIs since they make decisions about the kind and frequency of healthcare services for their children. Therefore, this study aimed to predict the absence of maternal healthcare-seeking behavior and identify its associated factors among children under the age 5 in sub-Saharan Africa (SSA) using machine learning models.

Methods: The sub-Saharan African countries’ demographic health survey was the source of the dataset. We used a weighted sample of 16,832 under-five children in this study. The data were processed using Python (version 3.9), and machine learning models such as extreme gradient boosting (XGB), random forest, decision tree, logistic regression, and Naïve Bayes were applied. In this study, we used evaluation metrics, including the AUC ROC curve, accuracy, precision, recall, and F-measure, to assess the performance of the predictive models.

Result: In this study, a weighted sample of 16,832 under-five children was used in the final analysis. Among the proposed machine learning models, the random forest (RF) was the best-predicted model with an accuracy of 88.89%, a precision of 89.5%, an F-measure of 83%, an AUC ROC curve of 95.8%, and a recall of 77.6% in predicting the absence of mothers’ healthcare-seeking behavior for ARIs. The accuracy for Naïve Bayes was the lowest (66.41%) when compared to other proposed models. No media exposure, living in rural areas, not breastfeeding, poor wealth status, home delivery, no ANC visit, no maternal education, mothers’ age group of 35–49 years, and distance to health facilities were significant predictors for the absence of mothers’ healthcare-seeking behaviors for ARIs. On the other hand, undernourished children with stunting, underweight, and wasting status, diarrhea, birth size, married women, being a male or female sex child, and having a maternal occupation were significantly associated with good maternal healthcare-seeking behaviors for ARIs among under-five children.

Conclusion: The RF model provides greater predictive power for estimating mothers’ healthcare-seeking behaviors based on ARI risk factors. Machine learning could help achieve early prediction and intervention in children with high-risk ARIs. This leads to a recommendation for policy direction to reduce child mortality due to ARIs in sub-Saharan countries.
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Introduction

In the developing world, home is the site of many deaths of children under the age of 5 (1). These deaths are thought to be significantly influenced by acute respiratory infections (ARIs) (2). All across the world, ARIs are the main cause of morbidity and death for children under the age of 5 (3). Numerous pathogens are important contributors to childhood mortality due to respiratory illness. However, respiratory viruses are among these deadly agents during ARIs (4). Approximately 6.6 million children under the age of 5 die each year worldwide; 95% of these deaths occur in low-income nations, and ARIs account for one-third of all children’s deaths (5). In addition to that, ARIs cause 12 million morbidities and 1.3 million deaths in children under the age of 5 worldwide, with three-fourths of these deaths taking place in sub-Saharan Africa (SSA) (6). According to the World Health Organization (WHO) estimates, receiving timely and appropriate care could result in a 20% decrease in child deaths from ARIs (7). Mothers determine the kind and frequency of healthcare services that their children receive, so their proactive pursuit of care may reduce the risk of ARI-related morbidity and death (8). Approximately 85% of women in sub-Saharan African nations sought medical attention for illnesses that they had as children, where the highest and lowest prevalence were found in Gabon (75.0%) and Zambia (92.6%), respectively (9).

For ARIs in children under the age of 5 to be effectively treated, it is necessary to identify the condition of the child early, seek medical attention, and administer appropriate antibiotics as soon as possible (10). In a similar vein, only 40% of children in the SSA under the age of 5 who had ARI symptoms sought medical help (11). Mothers or other primary caregivers are essential in identifying the signs of an ARI in children under the age of 5 (12). The WHO is working on improving preventable child deaths and improving access and quality of care for newborns and children in primary healthcare services (13). Still, the goal of the integrated management of childhood illness (IMCI) program, which was introduced in low- and middle-income countries (LMICs), particularly in SSA, has not been met (14). Several studies on healthcare-seeking behavior for symptoms of ARIs among children under the age of 5 have been conducted in Bangladesh, Nigeria, east Africa, rural Kenya (15), Ghana, and sub-Saharan Africa (7, 11, 14, 16–19). Little is known by using cross-sectional studies, multivariate regression methods, bivariate analysis, multivariate logistic regression, and multilevel robust Poisson regression analysis. Furthermore, to the best of our knowledge, none of the previous researchers tried to predict mothers’ healthcare-seeking behavior for symptoms of ARIs among children aged 0–59 months using machine learning techniques. Therefore, this study aimed to predict healthcare-seeking behaviors of mothers with ARIs and their determinants among under-five children in SSA using different machine learning algorithms.

In summary, this study aimed to answer the following two main questions:


RQ1: Which determinants are the most significant for a mother’s healthcare-seeking behavior as a symptom of ARI?

RQ2: How can machine learning models help effectively predict a mother’s healthcare-seeking behavior?
 



Materials and methods


Study setting

This study was conducted in sub-Saharan African countries using the DHS dataset. Geographically, SSA is located south of the Sahara, which includes 50 internationally known countries. SSA is regionally classified into West Africa, Southern Africa, East Africa, and Central Africa.



Data source

The data source in this study was the Measure DHS program, which was accessed via http://www.dhsprogram.com (20) after requesting and submitting the project title and the justification of the study. The DHS data are a nationally representative household survey collected periodically in various countries. For this study, we used the Kids Record dataset (KR file). Among the 50 SSA countries, 32 SSA countries’ DHS datasets were eligible for analysis. For the rest of the SSA countries, we did not get the DHS datasets.



Population and eligibility criteria

All under-five children in SSA countries aged 0 to 59 months were considered the source population, while all under-five children who were in the selected enumeration areas (EAs) at the time of DHS data collection were the study populations and included in this study.



Sample size determination and sampling technique

We used a weighted sample of 16,832 children aged 0–59 months across 32 sub-Saharan African countries using the recent DHS dataset. A two-stage stratified cluster sampling technique was used to select study participants (21). In the first step, a stratified sample of EAs was selected at random; in the second stage, households were selected using systematic random sampling in the selected EAs (21). In each selected household, mothers were interviewed using an individual questionnaire.



Study variables and measurements

The target (outcome variable) in this study was mothers’ healthcare-seeking behavior status for children under the age of 5, which was measured by yes or no. Mothers who sought medical attention for ARI symptoms were classified as “yes,” while those who chose not to seek care were classified as “no.” The independent determinants of mothers’ healthcare-seeking behavior were extracted based on the literature review. Factors such as sociodemographic, socioeconomic, and community-level features are thought to be determinants of mothers’ healthcare-seeking behavior for ARIs among under-five children. The independent variables such as stunting, underweight, and wasting status, having diarrhea, birth size, marital status, sex child, region, and maternal occupation.


Operational definitions


Media exposure

Mothers seeking health information through media exposure, such as radio, television, and social media, get better awareness and knowledge to seek treatment for ARIs (22).



Stunting

Children who have stunted growth and development, often resulting from inadequate nutrition, infection, or stimulation (23).



Machine learning

“Machine learning is a branch of computer science that has the potential to transform epidemiologic sciences. Amid a growing focus on “Big Data,” it offers epidemiologists new tools to tackle problems for which classical methods are not well-suited” (24).





Data analysis procedure

In this study, we utilized major data pre-processing techniques such as data cleaning, data transformation, data integration, and data discretization. Data processing and analysis were carried out using Python version 3.9, utilizing key packages such as Pandas, Scikit-Learn, Imblearn, Matplotlib, and Sklearn. In this study, key packages such as Pandas were used to import datasets, clean datasets, visualize datasets, and create aggregate datasets (25). In addition, the Scikit-Learn package is used for model selection, classification, prediction, and dimensionality reduction (26). The Imblearn package was also used for balancing datasets, which are biased toward some classes (27), while the Matplotlib and Skelearn packages were used for data visualization, which reduced massive data to tiny graphs for simple understanding (28). Data processing is a machine learning technique that transforms raw data into an understandable format (29). An understandable format entails making the data easily interpretable and suitable for analysis and modeling, thereby making it easier to work with, and tailoring it to meet specific requirements of a given task (29). After that, the pre-processed dataset was divided into two training and test datasets. To train the dataset, we used machine learning models such as random forests (RF), XG-Boost, decision trees, Naïve Bayes, and logistic regression algorithms, and the test dataset was used for performance evaluation for the proposed machine learning model. In this study, we developed a predictive model that determines both healthcare-seeking behavior and identifies determinants, as shown in Figure 1.
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FIGURE 1
 Flowchart of predictive healthcare-seeking behavior.




Data pre-processing

Real-world data involve incredibly large numbers as well as noise, inconsistency, and missing data (30). To overcome these difficulties and make the data robust for classification, prediction, and forecasting, it is pre-processed (31).


Data cleaning

In this study, we used data pre-processing to reduce missing values, noise, inconsistency, and outliers. Approximately 2,245 (13%) of the 10 features in the dataset had missing values. To handle missing values in this study, we used mean and mode imputing methodologies to address these missing values for the continuous and categorical variables, respectively.



Outlier removing

We found outliers in the continuous nature of the data using visualization and statistical outlier detection methods, such as the box plot and the interquartile range (IQR), respectively. Subsequently, we removed these outliers.



Features selection

Second, each record in the dataset contains many features; therefore, feature selection is important. Bulk features are unsuitable for model building (32); therefore, feature selection is essential since unnecessary features during model training cause us to degrade the model’s overall accuracy, increase its complexity, limit its capacity to be generalized, and bias the model. In this study, we used wrapper feature selection-based proposed machine learning algorithms and SHAP values to select relevant features for model building.



Data transformation

On the other hand, data transformation entails transforming the data into a format that is appropriate for analysis; this may entail changing the data types, scaling, normalizing, or renaming (33). In this study, we employed one-hot-encoding techniques implemented using Python to convert categorical variables to dummy variables, with each category represented as a separate variable coded as 0 indicates mothers who have no health care-seeking behavior on ARI, and 1 indicates mothers who have health care-seeking behavior on ARI.



Data discretization and integration

To make the data easier to grasp and analyze, we did data discretization, where we converted continuous variables into discrete features according to DHS guidelines to minimize outlier influence and reduce noise. In this study, we integrated 32 countries’ datasets into a single dataset.



Class balancing

To avoid machine learning models biased toward the majority class, the training data were balanced using a synthetic minority oversampling technique (34). In Figure 2 show 10978 (65%) mothers who have health-seeking behavior on ARI whereas 5854 (35%) mothers who have no health seeking behavior on ARI. In this study, we used the adaptive synthetic sampling approach (ADSYN) oversampling by creating synthetic examples (new observations) that resemble the minority class by interpolating between minority class samples in the feature space rather than creating exact copies of existing examples.

[image: Figure 2]

FIGURE 2
 Prevalence of healthcare-seeking behavior status.





Machine learning classifiers

The advantage of machine learning is that it increases various subspecialties’ potential roles in health service delivery for children and adolescents. Machine learning is critical to predicting children’s and adolescents’ suicide risk accurately and within a manageable time frame (35). We proposed to use the machine learning method to predict a mother’s health when looking for signs of ARIs in children under the age of 5 and to provide insight for the government, policymakers, and governmental and non-governmental funders. The proposed RF, XG-Boost, decision trees, Naïve Bayes, and logistic regression algorithms were used to identify the determinants and build a predictive model. To efficiently handle massive volumes of survey data, we utilized a completely new integrated supervised machine learning algorithm created specifically for this research. The decision tree is one of the most popular models for predicting outcomes. Decision trees are highly accurate, stable, and easily interpretable predictive models that find the most important determinants. Because the tools can resolve issues with data fitting, they are also useful for fitting non-linear relationships (36).

Second, in the study, we proposed an RF, a combination of multiple decision trees that are used by the machine learning algorithm to generate predictions for classification and regression problems. RF has many advantages over traditional algorithms (37). RF overcomes these limitations of decision trees using an ensemble of decision trees (38).


Evaluation criteria

In this study, the performance of predictive models was evaluated by testing a dataset. We divided the data into training and test sets, with 13,465 samples (80%) allocated to the training set and 3,367 samples (20%) to the test set. Then, the performance of the trained models was evaluated using the test set based on the criteria of accuracy score, ROC curve, precision (P), recall (R), and F-measure as follows: The confusion matrix is a matrix of N * N, where N is the number of predicted classes, and it displays the number of correct and incorrect predictions made by the classification model relative to the target value shown in Table 1.



TABLE 1 Confusion matrix is a matrix.
[image: Table1]

The models that are accurately classified as positive and predicted to be positive are referred to as true positives (TP). True negatives (TN) indicate that the model predicts the negative class as negative. A model that predicts the positive class incorrectly is referred to as a false positive (FP). False negatives (FN) are samples that are mistakenly labeled as belonging to a different class when in fact they are not (39). In addition, the receiver operating characteristics (ROC) curve filters the range of threshold values for decision-making and offers a thorough evaluation of a model’s accuracy (40).





Results


Sociodemographic and economic characteristics of participants

A weighted sample of 16,832 under-five children aged 0 to 59 months was included in this study. The majority (7,944, or 47.195%) of the mothers involved in this study were between the ages of 25 and 34. In this age range, 5,131 (30.48%) of mothers had followed healthcare-seeking behavior for ARIs among under-five children, and 7,652 (45.4%) of mothers with media exposure had healthcare-seeking behavior. The majority of the children included in this study, 12,398 (73.6%), lived in rural areas.

In approximately 4,573 (27%) of children who live in rural areas, the mother does not have the necessary healthcare-seeking behavior, which is significantly higher than the rate among urban children (1281) (7.6%). Of mothers who had media exposure, 7,652 (45.4%) had healthcare-seeking behavior compared to those who had not had media exposure, and 3,326 (19.7%) had healthcare-seeking behavior. Approximately 6,848 (40.6%) of children’s mothers who lived far from health facilities had no healthcare-seeking behavior, which is significantly higher than the rate among children who lived near health facilities. A total of 6,754 (40.12%) mothers had necessary healthcare-seeking behavior. The results of this study revealed that there is a low healthcare-seeking rate seen in South Africa (506; 3%) and Central Africa (2,360; 14.02%), as shown in Table 2.



TABLE 2 Description of sociodemographic and economic characteristics of participants.
[image: Table2]



Importance feature selection

In this study, before feature selection, the dataset comprised 16,832 rows and 121 columns. Including unnecessary features during model training can degrade the model’s overall accuracy, increase its complexity, limit its capacity to be generalized, and introduce bias (41). The importance of feature selection was to reduce the cost of learning by reducing the number of features. In this study, we deployed wrapper methods with SHAP values. The wrapper algorithm infers features’ relevance using the estimate of their importance from the best model. In this study, we selected important features based on RF, which were used to narrow down the set of potential features shown in Figure 3 and the SHAP values shown in Figure 4. Therefore, we used the already processed DHS in the sub-Saharan African clean dataset (16,832 rows and 19 columns) for our analysis.

[image: Figure 3]

FIGURE 3
 Important features with SHAP values.
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FIGURE 4
 Confusion matrix.




Class balancing

To make balanced data, we used the ADSYN oversampling technique to generate additional synthetic observations from the minority category to balance the unbalanced distribution of the outcome variable. Before applying adaptive synthetic sampling approach the Dependant variables observations was 10878 (65%), and 5854 (35%). After applying the ADSYN approach the overall distribution was changed to give an equal symmetric distribution in each class for both categories. After applying the ADSYN approach the overall distribution was changed to give an equal symmetric distribution in each class for both categories. For building reliable predictive models, we obtained a balanced sample dependent variable.



ML classifier results

In this study, the important determinants selected using the RF model and based on SHAP values are shown in Figures 3, 5. According to this study, the RF model had the highest predictive power and was able to identify factors associated with healthcare-seeking behavior for ARIs with 88.89% accuracy, 89.5% precision, 83% F-measure, 95.8% AUC ROC curve, and 77.6% recall. The average accuracy of all models was 77% or higher. Furthermore, the RF had high specificity (88.7%) and sensitivity (90.18%), with the lowest specificity observed with Naïve Bayes. The TP rate of RF was 77.85%, the FP rate was 22.14%, the TN rate was 95.3%, and the FN rate was 0.45% (Figure 4). Therefore, the RF model is good because the low FP rate and FN rate were compared to the TP rate and TN rate. In contrast, the Naïve Bayes model performance had a TP rate of 32.1%, a TN rate of 79.4%, an FP rate of 67%, and an FN rate of 20%; therefore, the Naïve Bayes model is highly mispredicted. According to SHAP values shown in Figure 3, the analysis indicated that the five most important variables were no media exposure, no maternal education, home delivery, poor wealth status, and region as key predictors of a mother’s healthcare-seeking behaviors as a symptom of ARI. In addition, the results of the proposed machine learning model are presented in Table 3 and Figures 6, 7 in terms of accuracy, precision, recall, AUCROC curve, and F-measure.

[image: Figure 5]

FIGURE 5
 Important features selected by random forest.




TABLE 3 Accuracy, precision, recall, and F-measure for the machine learning algorithms decision tree (DT), logistic regression (LR), extreme gradient boosting (XGB), and Naïve Bayes.
[image: Table3]
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FIGURE 6
 Compare the proposed machine learning model.


[image: Figure 7]

FIGURE 7
 AUC for all proposed machine learning model.





Discussion

This study used machine learning algorithms for predicting healthcare-seeking behaviors of mothers for ARIs and their determinants among under-five children in SSA that can be used for intervention.

This study showed that the RF model had the best predictive power and identified determinants for healthcare-seeking behavior with an accuracy of 88.89%, a precision of 89.5%, an F-measure of 83%, an AUC ROC curve of 95.8%, and a recall of 77.6% when compared with the proposed machine learning classifier models such as DT, XGB, Naïve Bayes, and logistic regression. Moreover, the RF model correctly predicted mothers’ healthcare-seeking behavior with a sensitivity of 90.18% and a specificity of 88.71%. Additionally, the predicted RF model had PPV and NPV of 77.85 and 95.35%, respectively. The predicted RF model incorrectly predicted 101 (9.82%) mothers who had healthcare-seeking behavior and 264 (11.29%) mothers who had no healthcare-seeking behavior. This revealed that the predicted ML model has very good accuracy and model performance, with minimum FP and FN rates.

The results of the RF model feature selection showed that the following factors were significant predictors of a mother’s healthcare-seeking behavior for symptoms of ARI: no media exposure, living in rural areas, not breastfeeding, poor wealth status, home delivery, no ANC visit, no maternal education, mothers’ age group of 35–49 years, and distance to health facilities were significant predictors for the absence of mothers’ healthcare-seeking behaviors for ARIs. On the other hand, factors such as undernourished children (stunting, underweight, and wasting status), having diarrhea, having a large birth size, being married, the child’s sex (male or female), region, and maternal occupation were significantly associated with good maternal healthcare-seeking behaviors for ARIs among under-five children.

This study showed that mothers with media exposure were more likely to have healthcare-seeking behavior compared with those who had no media exposure. Mothers of children who had media exposure, such as newspapers, radio, and television, played a critical role in gaining better awareness and knowledge to seek treatment for ARI. These findings are supported by similar findings in Ethiopia (16). Because of media exposure, mothers are more able to recognize the signs of respiratory infections, and as a result, they visit hospitals to seek care (11, 17). Similarly, distance to a health facility was one of the determinants of healthcare-seeking behavior for Muslims.

Mothers who were far from a health facility were less likely to have healthcare-seeking behaviors compared to those who were near the facility. Many studies in Uganda and southwest Ethiopia (17, 42, 43) supported this finding. This might be because mothers who were far from the health facility were less inclined to go for medical care. This is especially common in developing countries such as SSA because of high transportation costs and inadequate infrastructure (7, 43). Similarly, mothers who gave birth at a medical facility were more likely to seek medical attention than mothers who gave birth at home (11). Mothers may find it more challenging to give birth in medical facilities if there are inadequate facilities. Our study found that children who were delivered in hospitals had higher rates of total healthcare utilization and visits to hospitals for immunizations and postpartum care. If a mother has any symptoms of ARI while going to these services, she may bring her child for medical attention. Similar findings corroborate the conclusions (44).

Similarly, it has been demonstrated that mothers who are educated are more likely to have healthcare-seeking behavior for ARIs. This result is also consistent with research carried out in Ethiopia (14, 17, 45). Mothers who have completed primary school or higher are more likely to seek medical attention and remedies for their children, as well as to take better care of them (46). Compared to moms in rural regions, mothers in urban areas were more likely to seek medical attention at a health facility for ARIs for their children. This is verified by earlier research findings (47). Mothers who live in urban areas are more likely to be exposed to the media and have access to healthcare facilities than those who reside in rural areas.

Similarly, in terms of the Wealth Index, families with higher wealth status were linked to a greater propensity to seek medical attention from a facility than those with lower wealth status (47, 48). This study also revealed one important factor in the decision to seek care in a medical facility was income, and women with money would bring their children to the hospital when they displayed signs of ARI.

A machine learning model is important for evidence-based decision-making, and a prediction application is an application that can early predict healthcare-seeking behaviors based on the symptoms of ARIS only by entering important features as a result of measurement. Additionally, machine learning models can find hidden patterns in data, which makes it possible to extrapolate such patterns to new, previously undetected data.



Conclusion and recommendation

Machine learning approaches can be used to classify certain hidden information that is indiscernible using conventional statistical tools. The findings of the last experiment showed that the RF model was the most accurate at evaluating risk factors and predicting healthcare-seeking behaviors related to ARI. The model of the RF technique selected the more important determinants, such as no media exposure, living in rural areas, not breastfeeding, poor wealth status, home delivery, no ANC visit, no maternal education, mothers’ age group of 35–49 years, and distance to health facilities, as significant predictors for the absence of mothers’ healthcare-seeking behaviors for ARIs. On the other hand, undernourished children, such as stunting, underweight, and wasting status, diarrhea, birth size, married women, being a male or female sex child, region, and maternal occupation, were significantly associated with good maternal healthcare-seeking behaviors for ARIs among under-five children.

Therefore, policymakers should consider the findings of the research and develop a plan for boosting healthcare-seeking behaviors in sub-Saharan nations based on the variables that have been found to be significant. Despite the intriguing outcome, more studies need to be conducted using different kinds of approaches with different parameters. It is also advised that mothers get media exposure interventions regarding the importance of seeking proper medical attention at health facilities for symptoms of ARIs.



Strength and limitations

This study more precisely assessed the important factors and tried to forecast mothers’ healthcare-seeking behaviors based on ARI symptoms. Additionally, the study used the most recent DHS dataset of sub-Saharan African countries, which includes nearly all vulnerable demographic risk groups. Because DHS data collection is self-reported, there may have been some information biases added, and the limitations of DHS do not include behavioral factors such as attitude and knowledge factors, and we did not include important variables such as clinically related variables, which limits this study.

In this study, the implementation challenges of the proposed machine learning model take a tremendous amount of time to build and test, as well as to predict the best output.
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