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Abstract 

In sub-Saharan Africa, enrolment rates in health insurances are still very low and rarely exceed 10%. Not 
only poor health care access but also a low take-up rate of health services is a major problem the countries 
face. There is a growing literature on determinants of health insurance enrolment and the impact on take-
up using representative household surveys. Nevertheless, a robust and easy to use criterion to identify 
excluded population groups remains a challenge. 
In recent times, machine learning techniques are increasingly used in empirical policy research, often to 
enable more accurate predictions in order to better identify population groups and/or to do out-of-sample 
predictions using census data, since surveys are costly. 
In this paper, we predict health insurance enrolment and analyze the take-up of health services between 
insured and non-insured in 38 sub-Saharan countries by using machine learning techniques instead of 
classical approaches. We find that applying different machine learning approaches leads to a better 
identification of the excluded population, allowing a better targeting. The results for take-up rates of health 
services show that being enroled in health insurance is highly associated with take-up of health services. 
However, maternal health services are less associated, indicating that maternal support programs are 
provided beyond the health insurance status. 
Our study contributes to the literature, first by showing that broader data sources, e.g., census data, can be 
used to gain insights from a broader population and to do predictions out-of-sample. Second, with our 
approach within-country differences of health insurance enrolment and take-up of health services can be 
more accurately predicted, allowing a better identification. Third, policy-makers gain a tool on how 
marginalized populations can be identified to include them in financing protection mechanisms and to 
provide them with access to needed services. 
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1. Introduction 

In low- and middle-income countries (LMICs), including all Least Developed Countries (LDCs), millions 

of people do not obtain the health services they need for many reasons: they are unavailable; of poor quality; 

people, particularly the poor, are unaware of their entitlements; people do not trust the health system; or 

there are financial and non-financial barriers to accessing health services that lead to exclusion. However, 

health protection schemes are important to reduce financial barriers to access health care services as well as 

to protect citizen from financial disasters if falling sick. Social health protection through Universal Health 

Coverage (UHC) is receiving increased attention from policy-makers both globally and nationally and is one 

of the health targets agreed in the Sustainable Development Goals (SDG) [1-4]. Unfortunately, in Sub-

Saharan Africa (SSA), where over 70% of the LDCs are found, enrolment rates in health insurances are still 

very low and rarely exceed 10% with some exceptions [5, 6].  

Therefore, we need a better understanding of how social health protection systems operate, who is 

enroled and whether members benefit from the health insurance systems. Hence, both governments as well 

as academics are interested in identifying the population that has no or only limited access to health services 

as well as to analyze which systems or policies can support countries to achieve UHC [7, 8]. 

This study aims to address two related challenges that are crucial for supporting the development of an 

inclusive social health protection system: 

 How can the excluded population be better identified to include them in financing 
protection mechanisms and access to needed services? 

 Do insured people benefit from the health insurance scheme? 

In order to answer the research questions, we apply innovative methods of statistical learning that have 

been increasingly introduced in the empirical literature of development economics [9]. In particular, we 

apply machine learning (ML) techniques to train and validate in-sample models for health insurance 

enrolment and take-up of health services in order to have a more reliable and accurate out-of-sample 

predictions. In doing so, we are able to combine Demographic Health Surveys (DHS) with census data. 

Based on the in-sample validated models, we apply the most reliable model to a broader dataset that does 

not contain our dependent variables. In our case, the census data contains the same socio-economic 

information than we have used in our trained and validated models but covers observations from the whole 

population. Thus, predictions are not limited to certain cluster points where the survey was conducted, as 

in the DHS data. As a result, predictions can be made on a much more precise level, allowing aggregating 

the predictions at the district where access to services is typically managed. Furthermore, we try to 

understand how reliable predictions can also be done for countries where no DHS data is available. These 

results allow that policy-makers can more precisely address interventions since they have country wide 

predictions of the prevalence of being insured as well as the take-up of some health services. In future 

research, this approach can be used as a tool that can be applied for further policy problems where more 

accurate predictions and/or out-of-sample predictions are needed.  
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There is a growing literature that uses ML techniques with the aim of better targeting of policies. As an 

example, Blair et al. [10] who used ML to predict where in Liberia local violence are most likely occur in 

order to better allocate peacekeeping and policing resources. By using more elaborated models and by 

validate the prediction power, ML can make more accurate predictions. Further examples are Kleinberg et 

al. [11] which predicted the crime rate of criminals when they were awaiting for their trail in the US; Savage 

et al. [12] did predictions in the field of money laundering in the US; Sansone et al. [13] used ML to better 

target welfare recipients in Australia; Kang et al. [14] improved allocation health inspectors; Chandler et al. 

[15] better targeted shooting preventions for high-risk youth in the US; and Cuccaro-Alamin et al. [16] and 

Vaithianathan et al. [17] did predictions to better prevent child abuse and maltreatment in the US and New 

Zealand. Furthermore, there are various examples of using ML for patient screening [e.g., 9], health care 

cost predictions [e.g., 18] or in combination with satellite image processing [e.g., 19, 20]. Although it is 

debated among social scientists what are the limitations of such predictive models [21], also taking into 

account ethical and equity concerns, ML can also add value to complement decision-makers [13, 22]. As 

Sansone et al. [13] show in their study about welfare recipients in Australia, can caseworkers achieve a better 

detection rate with a machine leaning approach compared to other early warning systems currently in use. 

Overall, the results of the studies do not suggest causal inference, but they look at the predictive power in 

order to make accurate forecasts and/or out-of-sample predictions. To our knowledge, there has not been 

a study applying ML models to health insurance take-up and/or to understand if insured benefit from the 

health insurance scheme, especially in the context of developing countries where take up rates are extremely 

low, resources seem more limited and data is less available on all administrative levels for all regions.  

A second branch of literature, which will be used in our paper to choose the covariates for the model, is 

the one that examines determinants of health insurance enrolment in developing countries. The main 

findings show that higher wealth, education, age, formal occupations and being female are besides regional 

effects key variables associated with health insurance enrolment [23-34]. Income, wealth and employment 

are very important economic determinants and at the same time portray two of the main barriers of the 

schemes: lack of access for the very poor and the informal sector. Studies show that higher income 

respectively higher wealth leads to a higher probability of being insured. As a result, particularly the very 

poor are often up to 3-4 times less likely enroled compared to the highest wealth quintile [23, 25]. Regards 

to education, literature clearly identifies that people with secondary or tertiary education have a significant 

higher probability of being insured. Depending on the sample, the size of the effect of educations varies a 

lot [30-32]. Empirical evidence of age on health insurance generally concludes that higher age leads to a 

higher probability of being insured [23, 29, 33]. In the recent years, more studies include not only demand-

side but also supply-side factors such as distance to next health facility as well as perception factors of the 

patients [23, 30, 32, 33, 35, 36]. However, for our analysis we will focus only on the most common used 

demand-side factors, since they are also likely to find in available dataset, such as the census data. We will 

use the same variables used in classical models to understand if ML methods can improve the identification 

of the excluded population. 
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To ensure that the health insurance coverage actually improves access to health care services as required 

to achieve UHC, several studies analyzed the impact of being insured on the utilization of services. For 

many countries, the focus lies on maternal and child health indicators, in fewer cases general take-ups such 

as visits to health facility or inpatient and outpatient health services are discussed. The main findings for 

maternal and child health services show that insured women have a higher probability of take up prenatal 

treatments [36-41], to deliver in a health facility and have professional assistance [36, 37, 40-42], to take up 

postnatal treatments [36, 39], and to visit medical care [27, 43]. In order to compare the results of our ML 

model to the current studies, we will use the same health care services as outcomes, in particularly we will 

examine if insured people have a higher take-up (i) if a person visited at least once a year a health facility, 

(ii) if the last-born child was born in a health facility, and (iii) if they had a postnatal check within the first 

two months. 

Our study contributes to the current literature, first by showing that within country differences of health 

insurance enrolment and take-up of health services can be more accurately predicted, allowing a better 

identification. That is because, compared to the classical approach used in the literature, model testing and 

validation is made. Thus, in classical approaches, models that might fit well to the given data might not be 

representative for out-of-sample estimations. Second, broader data sources, e.g., census data, can be used 

to gain insights from a broader population and to do predictions out-of-sample. This enables to do not only 

predictions based on the sample we have, which covers often only some districts of a country, but to do 

country wide predictions out of the sample with data where the dependent variable is not even included. 

Third, policy-makers gain a tool on how marginalized populations can be identified to include them in 

financing protection mechanisms and to provide them with access to needed services.  

This paper is structured as followed: Section 2 provides some background information. Section 3 

describes the data used in this study and presents some descriptive statistics. Section 4 introduces the 

methodological approach. Section 5 presents and discusses the results of the empirical analysis. Finally, in 

Section 6, a conclusion is deduced. 

 

2. Background 

Based on World Bank Indicators [5], the macroeconomic and health status context in SSA countries 

improved over the last decades. Table 1 provides an overview of key indicators and shows a comparison of 

the three countries with the lowest Out-of-pocket expenditures (OOPE), the three countries with the 

highest OOPE, and with the mean values of SSA (a complete list of all SSA countries can be found in the 

Appendix Table A.1).  

Countries with lower OOPE – and therefore a high financial safety if falling sick – also have overall 

better macroeconomic indicators. For example, had Botswana in 2019 a considerably higher GDP per capita 

(17,767 US$, PPP), a higher annual GDP growth rate (0.8), and lower poverty headcount ratio at $ 1.90 a 

day (14.5%) compared to the SSA average (3,782 US$ PPP, -0.4, and 40.2% respectively). On the other side, 
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SSA counties with high OOPE – and therefore low financial safety if falling sick – are mostly low-income 

or lower-middle income countries, with a rather low GDP per capita. LDCs, such as Burundi had the lowest 

GDP per capita with 751 US$ (PPP) and an even negative annual GDP growth rate. 

A similar pattern can be found for health (access) indicators. The upper-middle income countries, 

Botswana, South Africa and Namibia all show relative to the SSA average rather low fertility rates (below 

3.4 births per woman relative to 4.7 births), higher life expectancy at birth (over 63.4 years relative to 61.3 

years), and lower mortality rates for children below 5 years old (below 42.4 deaths per 1,000 live births 

relative to 75.8) but also maternal mortality (below 195 deaths per 100,000 live births relative to 534). The 

low-income countries, especially Nigeria, show considerably worse health (access) indicators. Live 

expectancy at birth is with 54.3 years 7 years lower than the SSA average, and mortality rates for under five 

years olds and mothers is almost twice as high as the SSA average. LDCs not necessarily have the lowest 

level in terms of heath (access) indicators. Cameroon and Nigeria, two lower-middle income countries, show 

compared to Comoros, a LDC, even slightly worse outcomes. 

Table 1: Key indicators of six SSA countries and the total SSA average 

 Botswana South 
Africa 

Namibia Comoros Cameroon Nigeria SSA 

Macroeconomic Indicators        

GDP per capita PPP, 2019 17,767 12,482 9,637 3,060 3,642 5,136 3,782 

GDP per capita growth rate (annual %), 
2019 

0.8 -1.2 -3 -0.2 1.1 -0.4 -0.4 

Population growth (annual %), 2019 2.2 1.3 1.9 2.2 2.6 2.6 2.7 

Poverty headcount ratio at $1.90 a day  
(2011 PPP, %), most recent year 

14.5 6.1 13.8 6.8 8.4 39.1 40.2 

Health (access) Indicators        

Fertility rate (births per woman), 2018 2.9 2.4 3.4 4.2 4.6 5.4 4.7 

Life expectancy at birth (years), 2018 69.3 63.9 63.4 64.1 58.9 54.3 61.3 

<5 mortality rate (per 1,000 live births), 
2019 

41.6 34.5 42.4 62.9 74.8 117.2 75.8 

Maternal mortality rate (per 100,000 live 
births), 2017 

144 119 195 273 529 917 534 

Health Finance Indicators        

Current health expenditure (% of GDP), 
2018 

5.8 8.3 8 4.5 3.5 3.9 5.1 

Current health expenditure per capita 
PPP, 2018 

1,089 1129 883 134 134 233 262 

Domestic general government health 
expenditure (% of GDP), 2018 

4.5 4.5 3.7 0.4 0.2 0.6 1.9 

Out-of-pocket expenditure (% of 
current health expenditure), 2018 

3.3 7.7 8.4 74.5 75.6 76.6 33.3 

Note: Three countries with the lowest OOPE and three countries with the highest OOPE as well as the SSA average 
are shown. A complete list of all SSA countries can be found in the Appendix Table A.1. For each indicator the most 
recent available value is shown if not other stated. 
Source: based on data from World Bank [5]. 

 

Health finance indicators are important to understand how much money is already invested in the health 

care as well as how much government contributes. We find that the three upper-middle countries have 

compared with the SSA average a higher rate of current health expenditure as a percent of GDP (around 6-
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8% relative to 5%). This value is increasing in the last decades for almost all countries due to increasing 

health care costs. As a result, depending on the financial situation of the government, the government 

contribution to these costs and the share of what people have to pay out of their own pocket varies 

considerably among income levels.  For low and lower-middle income counties, such as Nigeria, Comoros, 

Cameroon, we find domestic government health expenditures as percent of  GDP of below 0.5% and Out-

of-pocket expenditure as percentage of health expenditure of around 75%, whereas in the upper-middle 

income countries the rates lay around 4.5% and below 9%, respectively. Although many LMICs implement 

subsidies for the poorest population group, studies show that coverage is still limited and there is still 

insufficient financial protection for the poorest [44]. 

The WHO recommends that countries have rates of OOPE lower than 15-20% to avoid that people are 

pushed into poverty [45]. Nevertheless, the percentage of the population with out-of-pocket health spending 

exceeding 10% of the household budget, catastrophic health spending, is still very high with 13% world 

wide and 9% in Africa [45]. Possible ways to reduce OOPE and therefore a source of financial hardship are 

government contributions or health insurance funds. Therefore, it will be essential to achieve UHC to better 

understand how can excluded population be better identified to include them in financing protection 

mechanisms and access to needed services as well as if insured people actually benefit from the health 

insurance scheme to achieve that OOPE decrease. 

 

3. Data  

3.1 Data Source 

Demographic and Health Surveys 

The data used for the in-sample model training and testing is the Demographic and Health Survey 

(DHS). The DHS program was funded by the US Agency for International Development in 1984 and since 

then has been collecting data in over 90 countries. The representative household surveys collect individual 

specific indicators in the areas of population, health and nutrition [46]. We use the most recent wave 

collected for each country (see Table A.2. in the Appendix) and excluded from the sample (1.) all 

observations younger than 15 years and older than 59 years, and (2.) the observations who had no 

information about the 4 outcomes (i) if a person is covered by a health insurance scheme, (ii) if a person 

has visited a health facility in the last year, (ii) if the last born child was born in a health facility, and (iv) if 

the last born child had a postnatal check within two months. Finally, we only used covariates which are also 

likely to find on other datasets such as the census data. Key variables were deduced from the literature (see 

Section 1): socio-economic variables such as marital status, gender, age, education, children at home, and 

place of residence and key economic variables such as wealth indicators and employment. To make out-of-

sample predictions, the exact same variables had to be used both in the DHS and the census data. Therefore, 

no wealth index but proxies such as if the person has a toilet or electricity were considered for the models. 
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In total, the datasets consist of 317,034 observations from 31 Sub-Saharan African countries1, including 22 

LDCs. 

Census data 

To do out-of-sample predictions for a broader dataset, the most recent census for each available country 

in SSA was used (see Table A.2 in the Appendix [47]). For 19 countries2, we have the DHS data too, whereas 

for 7 countries3 we only have the census data. The datasets contain various socio-demographic variables but 

none about health such as health insurance enrolment or health services. We constructed the same 9 

covariates as in the DHS dataset to apply our model to predict the outcome variables out-of-sample. The 

census data consists of much more data, representative even on a district level. In total, the dataset consists 

of over 500 million observations for the 26 countries and covers all regions and districts of the countries. 

 

3.2 Descriptive Statistics 

Figure 1 gives an overview of the four dependent variables we are interested in based on the most recent 

DHS data for all available SSA countries. 

Health insurance enrolment is still on a very low level for many SSA countries, mostly not exceeding 

10% of the population covered with a health insurance scheme. A great exception in our dataset is Ghana, 

which had in 2014 a coverage rate of around 62%. The scheme has two exceptional features compared to 

the other schemes implemented in the other countries of the DHS dataset. First, Ghana implemented one 

single National Health Insurance Scheme (NHIS), avoiding that the market is too fragmented. Second, 

NHIS is a mandatory insurance scheme for the total population. Besides Ghana, only Rwanda has a 

mandatory system for the entire population – informal and formal worker - leading also there to a very high 

coverage rate of over 80% (not included in DHS dataset due to missing information).  

On a first sight, the countries with higher health insurance coverage rates are also countries with relatively 

high health access outcomes. Interestingly, there are some exceptions with rather low insurance rates, such 

as Burkina Faso or Zimbabwe, two LDCs, showing relatively high values for the three health access 

outcomes. Therefore, it will be in particularly interesting to understand what factors are positively correlated 

with a higher take-up of the outcomes. 

 

 

 

                                                      
1 Benin, Burkina Faso, Burundi, Cameroon, Chad, Comoros, Congo Dem. Rep., Congo Rep., Cote d’Ivoire, Eswatini, Ethiopia, 
Gambia, Ghana, Guinea, Kenya, Lesotho, Liberia, Madagascar, Malawi, Mali, Namibia, Niger, Nigeria, Sao Tome & Principe, 
Senegal, Sierra Leone, Tanzania, Togo, Uganda, Zambia, Zimbabwe 
2 Benin, Burkina Faso, Cameroon, Ethiopia, Ghana, Guinea, Kenya, Lesotho, Liberia, Malawi, Mali, Nigeria, Senegal, Sierra Leone, 
Tanzania, Togo, Uganda, Zambia, Zimbabwe 
3 Botswana, Mauritius, Mozambique, Rwanda, South Africa, South Sudan, Sudan  
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Figure 1: Geographical overview of outcome variables 

 

 

Note: For each outcome, the most recent available DHS dataset is shown (more details see Appendix Table A.2). 
Source: based on data from DHS [46]. 
 

4. Methodological approach 

To address our research questions, how can the excluded population be better identified and do insured 

people benefit from the health insurance scheme by taking up health services, we first train and validate 

models with five different ML approaches in-sample and then apply the most reliable model out-of-sample.  

For the first step, the in-sample prediction, models based on the DHS dataset that contains the 

dependent variables and various control variables deduced from the existing literature4 are trained and tested 

with a repeated 5-fold cross validation method.5 In order to evaluate the predictive power of the five 

different ML models, the model performance is compared and analyzed. Additionally, for each model the 

                                                      
4 For both countries we include the binary gender (female=1), marital status (married=1), age class (from 15-59 years split into 5 
years steps), education (with 4 levels from no education to highest), binary if person has children at home (yes=1), employment 
status (employed=1) and some proxy variables for wealth such as if a person has access to a toilet (yes=1), access to electricity 
(yes=1) and location of residence (rural=1). 
5 Since the outcome health insurance status was heavily imbalanced (7%), for the first prediction for health insurance coverage the 
sample was oversampled to achieve an ratio of 20%. 
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importance of the underlying variables is discussed to get a better intuition about what kind of variables 

drive our results as well as to understand differences in the model outcomes. We assume that a good in-

sample performance, along with the used validation methods, will lead to reliable out-sample predictions. 

In a second step, based on the in-sample validated models, we apply the most reliable model to a broader 

dataset that does not contain our dependent variables but has much more observations, covering all districts 

and/or even new countries. In our case, the census data is used that contains the same socio-economic 

information than we have used in our trained and validated models but covers observations from the whole 

population and seven additional countries. Thus, predictions are not limited to certain cluster points where 

the survey is conducted. This enables to make predictions on a much more precise level and therefore 

identify the excluded population more accurately. Furthermore, we will try to use our model also for 

countries not covered in the DHS and compare the outcomes with values found in the literature. In case 

those predicted values fit the values form the literature, we gain insights not only on district level but also 

for other countries where no DHS has been conducted recently. 

For analyzing if people have taken up health services the same approach is applied. However, in order 

to determine if there is a difference among insured and non-insured people, the predicted insurance variable 

was included in the census data.  

This methodological approach allows, compared to a classical approach where we elaborate our model 

only on the given data, to get not only insights from the given data but also to apply it to data that not even 

include the dependent variable. In our case, we can predict health insurance enrolment and the take-up of 

health services not only for several thousand observations as in the DHS are included, but for several 

millions since we can apply our models to the census data. Thus, conclusions for a broader population can 

be drawn as well as more detailed prediction can be made. Furthermore, the prediction is more accurate 

than in the classical approach since the models were tested and validated such that also out-of-sample 

predictions perform well (overfitting is avoided).  

As Wolpert already in 1997 stated in his famous no free lunch theorem, there is no universal best model 

[48]. Depending on the assumptions and the design of the algorithms, one works well in one application 

but may work poorly in another. Therefore, our analysis of the five models will give insights which algorithm 

performs better based on the given data. We will compare the five empirical models (i) Logit Model, (ii) 

LASSO model, (iii) random forest model, (iv) Neural Networks, and (v) XGBoost. In the Appendix B, the 

five models will briefly be described as well as an intuition of potential advantages and disadvantages of the 

algorithm will be given.6 Second, the process of the in-sample model validation is discussed in Appendix C. 

 

                                                      
6 A deeper discussion of the models and their field of application can be looked up in Hastie et al. [49] as well as Murphy [50] who 
provide both a very good overview of statistical techniques with a focus on machine learning. Advantages and disadvantages are 
additionally deduced from Markham [51] and Blondel [52]. 
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5. Results 

5.1 In-sample prediction of health insurance enrolment 

The in-sample prediction is first used to gain insights about the model performance. To know which 

model has a better performance will be important for the out-of-sample prediction. As mentioned in Section 

4, have the datasets for the out-of-sample prediction no dependent variable and therefore cannot be 

evaluated by their performance. Thus, based on the in-sample prediction, along with the cross-validation 

method, we assume that a good in-sample performance will also lead to reliable out-sample predictions. In 

a second part of this Section, for each model the importance of the underlying variables is discussed to get 

a better intuition about what kind of variables drive our results as well as to understand differences in the 

models outcomes. 

Performance 

The performance of the in-sample prediction can be evaluated in different dimensions, as discussed in 

Appendix C. Table 2 shows the six commonly used metrics. The prevalence of 0.07 highlights that on 

average in our dataset only 7% of the individuals are enroled in a health insurance scheme. Therefore, it is 

not surprising that even with a very basic model – the classical regression model without a training and 

testing sample – Accuracy is very high with 93%. Nevertheless, as the Specificity (correctly negative 

predicted observations) of 99% and Sensitivity (correctly positive predicted observations) 12% indicate, will 

a basic model tend to classify all outcomes as negative and still in 93% of the cases be correct. Only 

optimizing Accuracy in such an imbalanced sample would not lead to a model where we would gain insights 

about who is insured or not. 

Since for our research questions we want to better identify the excluded people, we focus on the F1 

score, a weighted mean of Precision (measure on how exact prediction is) and Sensitivity (measure on how 

complete prediction is), making sure that not only the non-insured cases are correctly identified but also the 

positive ones. On a second priority, Cohen’s Kappa, a measure to classify the Accuracy normalized by the 

imbalance of the sample, is considered too. 

We find that, all ML techniques compared to the classical approach improve the F1 score as well as the 

Cohen’s Kappa. Instead of only 1% are classified as insured, the detection rates rise to 6%. Accuracy stays 

in all models around 93%. The only metrics which slightly decreases is the Specificity, as a price for the gain 

in the overall model performance. Beside the fact that the ML models perform better than the classical 

approach, we can further observe that performance among the ML models only differs a bit. The Neural 

Networks model manages to improve all parameters the most, while having the lowest lost in Specificity. 

As a result, with this algorithm 96% of the non-insured as well as 41% of the insured can be correctly 

identified, leading to an overall accuracy of 93%. This is compared to the classical approach where only 12% 

of the insured were correctly identified a massive improvement. 
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Therefore, the Neural Networks model seems be the most reliable model for the out-of-sample 

prediction with the census data, having in mind that overall, the ML models are very similar in their 

performance. A possible explanation for the similar in-sample performance metrics could be due to the 

limited variables used in the model. Meaning that the limited variables available in the census data limits the 

performance of our models. Therefore, very complex algorithms such as Neural Networks might not show 

their full potential but still manage to outperform the classical model.  

Compared to other models used in social science, the model performance of all our ML models have a 

high level of Accuracy as well as a high AUC level [10, 53, 54]. For example, the model to predict local 

violence in Liberia never exceeded an Accuracy of around 79% and an AUC of 0.74 [10]. The authors argue 

that some outcomes might be more difficult to predict than others due to the complexity in behavior or due 

to the data structure (e.g., variation in the variables, panel structure, number of observations, etc.).  

Table 2: Performance metrics for repeated cross-validated in-sample prediction of health insurance 
enrolment 

 
Classical 
model 

Logit Lasso Random 
Forest 

Neural 
Networks 

Xgboost 

Accuracy 0.93 0.92 0.93 0.93 0.93 0.91 

Cohen’s Kappa 0.18 0.36 0.36 0.39 0.39 0.34 

Sensitivity 0.12 0.38 0.34 0.41 0.41 0.41 

Specificity 0.99 0.96 0.97 0.96 0.96 0.95 

F1 0.20 0.40 0.39 0.43 0.43 0.39 

AUC 0.84 0.84 0.84 0.77 0.85 0.82 

Note: A description of the performance metrics can be found in Appendix C. 

Variable importance 

We have shown that all ML algorithms could improve the prediction of health insurance enrolment, but 

in particular Neural Networks the most. To understand which variables drive those results we identify the 

most important predictors, defined based on the variable importance that measures the average decrease in 

MSE achieved by addition of each variable to the model [10]. Table 3 shows the ranking of the 10 most 

important variables.  

In line with the literature, in the Neural Networks model country specific factors, education, and wealth 

indicators (e.g., electricity and toilet) play the most important role to predict health insurance enrolment. 

That the high insurance rate of Ghana based on the DHS survey (62% coverage) cannot only be explained 

by the standard variables is shown by the high variable importance of the country factor. This indicates that 

country specific effects, such as the type of the health insurance scheme, policies, the culture, etc. might 

play an important role too. The model also seems to use the country specific information of Ethiopia and 

Zimbabwe, two LDCs with a health insurance coverage rate of 5% and 13%, respectively, to improve the 

predictive power. Those strong country specific finding will be important when comparing the out-of 

sample predictions of countries that do not have a DHS dataset.  

Comparing the rankings of the variable importance from the Neural Networks models with the other 

ML algorithms, which performed similarly well (see Table 2), we find that overall, country specific factors 
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and education are important factors. However, in case of the Random Forest and the Xgboost algorithms 

less country specific effects but more wealth and socio-economic variables were used. This emphasize the 

drawback of Neural Networks compared to tree-based algorithms were the coefficients seem less 

interpretable and more complex (a detailed comparison can be found in Appendix B).  

Table 3: Top five important variables  

 
Neural Networks Logit Lasso Random 

Forest 
Xgboost 

 Variable Importance Rank Rank Rank Rank Rank 

Country: Ghana 100 1 3 1 1 1 

Tertiary Education 72.63419 2 - 2 2 4 

Country: Ethiopia 71.89615 3 22 - 15 20 

No Education 42.51864 4 1 25 6 11 

Country: Zimbabwe 38.93616 5 - 14 12 25 

Note: Variable Importance is scaled from 0-100, meaning that the most important variable used in the model has the 
value 100. The model consists of a maximum of 39 variables. 

 

5.2 Out-of-sample prediction of health insurance enrolment 

In a next step, the Neural Networks model is used to predict out-of-sample, which means is applied to 

the census data. Since the census data contains the same variables than we have used in our trained and 

validated model but covers observations from the total population, we can now make predictions on a much 

more precise level. Furthermore, we can do the prediction for countries where no DHS was collected.  

Figure 2 shows the district averages of the preferred Neural Networks model applied to the census data 

in SSA countries. Districts averages are important since health protection schemes and access to services is 

typically managed by the district. Therefore, those district averages give us insights in which districts 

exclusion might be very high and in which districts enrolment is already quite high. Furthermore, since we 

have individual predictions for the whole population, policymakers can also use this information to more 

precisely target individuals that are predicted to have no health insurance access. 

In line with the underlining DHS data, countries such as Ghana has the highest enrolment rate, whereas 

countries such as Benin have low (see Figure 2 or Table A.2 in the Appendix). Small discrepancies in the 

predicted rate of insured are expected due to different year and a different sample. The large majority of the 

26 countries where we have census data only had minor differences (below five p.p.) among the surveyed 

DHS data and the predicted outcome. In general, lower insurance rates could be more precisely predicted 

than higher insurance rates. Most likely, since there were only five countries in the dataset with rates larger 

than 10%, limiting the algorithm to learn from such exceptional cases. It is very interesting that countries 

which were not in the DHS dataset, e.g. Botswana, South Africa, South Sudan, Mauritius, and Liberia have 

a very similar predicted level of coverage than the literature describes [55-60]. This shows that the model 

works quite nicely even for countries, where we had no initial information. However, there are also three 

predictions that differ more than 10 p.p. in the level –Tanzania, Ghana, and Rwanda.  
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Figure 2: Out-of-sample prediction of health insurance enrolment based on the preferred Neural 
Networks model 

 

Note: In the online version, zooming in to the various district will be possible. Shape files for Botswana, Lesotho, 
South Sudan, and Sudan not available, thus not displayed on the map. Country averages can be found in Table A.2 in 
the Appendix. 

First of all, in Tanzania where we used the 2015-16 DHS data for the prediction (9% insured), the out-

of-sample prediction with the census data is 21%. Interestingly, the two largest insurances in Tanzania – the 

Tanzanian National Health Insurance Fund (NHIF) and the Community Health Fund (CHF) - reported in 

2015/2016 to cover a population of 25% [61]. Thus, the predicted level seems to be in line with the official 

numbers but much higher than the DHS reports. 

Second, the model predicts for Ghana an average health insurance coverage of 83% instead of 62%. As 

seen in Table 3, used all ML algorithm the country specific factor of Ghana as one of the most important 

variables for their model. This is, since Ghana has by far the highest coverage rate in the learning sample 

(followed by Burundi with 23%). Therefore, we can see that although our algorithms perform better than 

the classical approach, they are limited in predicting exceptional cases. 

Third, for Rwanda we expect from the literature a coverage rate of more than 87%, however, our model 

only predicts only a rate of 8% [7]. This case, clearly highlights, that the country specific implementation, 
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attitudes, and culture also plays a crucial role in the level of coverage. Chemouni [7] concludes, the high 

coverage rate in Rwanda was only possible thanks to the political power of the ruling coalition. Our model 

cannot account for this factor when not having at least some test and training data. As a result, the out-of 

sample predictions for Rwanda seem not to be reliable. 

 

5.3 In sample prediction of health services  

It is not only relevant for the government and the policy-makers to know if people are insured or not 

but it is also important that insured people take up health services and indeed benefit from a better access 

to health care. Therefore, in the following Section the focus is on if health services are more taken up by 

insured people than non-insured. Again, the in-sample performance as well as the importance of the five 

models are evaluated in order to make reliable out-of-sample predictions and to get more insights where 

take-up rates are high or low. 

Performance 

Since the prevalence of the take-up of the three health services is less imbalanced than the health 

insurance rate (52% visited a health facility, 71% gave birth at health facility, and 46% has a postnatal check 

compared to 7% enrolled in a health insurance scheme), the measure of Accuracy is more reliable. Thus, we 

will also take the Accuracy and the Area under the Curve (AUC), a measure that tells us how much the 

model is able to distinguishing between the classes, into account when examine the performance of the 

algorithms (detailed information in Appendix C). In Table 4, the performance of the three health services 

(i) if person visited health facility at least once last year, (ii) if the last born child was born in a health facility, 

and (iii) if last born child had postnatal check within two months, are shown. 

In line with the results from the health insurance coverage rate, we can see that all ML models improve 

the performance compared to the classical approach. Again, Specificity decreases slightly, whereas all other 

metrics increase. This time Accuracy increased for all ML models compared to the classical model. We can 

only see small differences among the five ML models.  

The best model to predict if a person visited health facility at least once last year is the Neural Networks. 

However, even with an increased performance with the algorithm, the percentage of correctly predicted 

cases is quite low with 64% (Accuracy). This also holds for the two other outcomes if the last born child 

was born in a health facility and if last born child had postnatal check within two months, there we have an 

Accuracy of 77% and 71% with the best model Xgboost and Random Forest, respectively. Again, the 

measures still performs better than in the classical approach; however, it indicates that in general the 

predictions are less accurate. Compared to other models used in social science, the model performance of 

all our ML models have an average level of Accuracy as well as AUC level [10, 53, 54]. 
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Table 4: Performance metrics for repeated cross-validated in-sample prediction of health services 

 
Classical 
model 

Logit Lasso Random 
Forest 

Neural 
Networks 

Xgboost 

Visited health facility at least 
once within the last year       

Accuracy 0,59 0,63 0,63 0,64 0,64 0,64 

Cohen’s Kappa 0,20 0,26 0,26 0,28 0,27 0,29 

Sensitivity 0,36 0,66 0,66 0,67 0,70 0,68 

Specificity 0,84 0,59 0,59 0,61 0,57 0,61 

F1 0,48 0,65 0,65 0,66 0,67 0,66 

AUC 0,67 0,67 0,67 0,68 0,69 0,69 
 
Last born child was born in a 
health facility       

Accuracy 0,75 0,77 0,77 0,77 0,77 0,77 

Cohen’s Kappa 0,40 0,37 0,37 0,37 0,34 0,37 

Sensitivity 0,82 0,91 0,91 0,93 0,94 0,92 

Specificity 0,59 0,41 0,41 0,39 0,34 0,41 

F1 0,82 0,85 0,85 0,85 0,85 0,85 

AUC 0,79 0,79 0,79 0,75 0,79 0,80 
 
Last born child had postnatal 
checks within two weeks after 
birth       

Accuracy 0,69 0,70 0,70 0,71 0,71 0,71 

Cohen’s Kappa 0,35 0,39 0,39 0,40 0,40 0,41 

Sensitivity 0,46 0,58 0,58 0,61 0,60 0,60 

Specificity 0,88 0,81 0,81 0,80 0,80 0,80 

F1 0,58 0,64 0,64 0,66 0,65 0,65 

AUC 0,76 0,76 0,76 0,75 0,76 0,77 

Note: A description of the performance metrics can be found in Appendix C. 

 

Variable importance 

In case of the health services, we are in particularly interested how highly is the outcome associated with 

health insurance enrolment. Thus, Table 5 shows only the importance of health insurance enrolment in 

order to see if there is a differences among insured and non-insured in terms of health service take-up - 

although for potential behavioral changes such as moral hazard and adverse selection could not be 

controlled. 

The outcome, if a person visited a health facility within the last year at least once indeed is highly 

associated with health insurance enrolment (see Table 5). All models use the variable as one of the top 10 

important variables, except the Neural Networks model that uses more socio-economic variables and 

education.  

If the last born child was born in a health facility and if the last born child has postnatal checks within 

two weeks after birth seem to be less associated with the health insurance enrolment. The general variable 
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importance if health insurance status is less important for the prediction. For example in the model for 

postnatal checks, all algorithms rank insurance status on place 21 out of 35 variables.  This indicates that 

maternal health services and access might be less driven by the insurance status. A possible explanation 

could be that there are many maternal support programs independent of the health insurance status where 

free or subsidized health services are provided.  

Table 5: Variable importance of insurance in the models 

 
Logit Lasso Random 

Forest 
Neural 

Networks 
Xgboost 

Visited health facility at least once 
within the last year      

Variable Importance 37 70 15 23 18 

Rank 4 4 8 16 7 
 
Last born child was born in a health 
facility in the household      

Variable Importance 47 35 11 50 9 

Rank 7 8 16 6 15 
 
Last born child had postnatal checks 
within two weeks after birth      

Variable Importance 7 7 6 7 9 

Rank 24 24 21 24 22 

Note: Variable Importance is scaled from 0-100, meaning that the most important variable used in the model has the 
value 100. The model consists of a maximum of 32, 35, 35 variables, respectively. 

 

5.4 Out-of-sample prediction of health services 

Figure 3 shows the out-of-sample predictions of the health services with the preferred in-sample model 

Neural Networks, Xgboost, and Random forest as discussed in Section 5.3. Again, great within-region 

variation is revealed, allowing identifying districts with a high or low take-up, as well as countries with a high 

or low level – even where no DHS survey was conducted. 

Comparing out prediction outcomes with the DHS data, we find that in the majority of the cases the 

algorithms can predict the health outcomes quite precisely (Table A.2 in the Appendix). Again, small 

discrepancies in the predicted rate of insured are expected due to different year and a different sample. 

Similar to the prediction results of the health insurance coverage rate, we see that the predictions had the 

largest derivation from the original DHS average in case of exceptional high or low values of an outcome, 

where the algorithm have only a few observations to learn. More precisely, for the first health outcome, (i) 

if a person has visited a health facility in the last year, all countries except of Lesotho and Kenya have a 

smaller difference than 10 p.p.. The model predicts for Lesotho a take-up of 52% instead of 63%, whereas 

in Kenya 54% instead of 64%. In all countries, the outcome is underestimated, indicating that the algorithms 

have issues identifying the positive cases. Nevertheless, the Sensitivity (true positive prediction rate) of 0.70 

clearly outperforms the classical approach with a Sensitivity of 0.36.  
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For the second and third health outcomes, (ii) if the last born child was born in a health facility and (iii) 

if the last born child had a postnatal check within two months, even more countries have larger differences 

than 10 p.p., sometimes even raging up to more than 20%. For example is the take-up of postnatal care in 

Malawi predicted to be 21%, however, DHS data indicates an average level of 46%. Again, we find that 

especially the few highest or lowest cases are the most imprecise predicted cases of the model, emphasizing 

that the algorithm are limited to learn from such exceptional cases given the constraint that we cannot 

include more covariates to the model. Still, the algorithms perform better than the classical model. 

Second, the general less accurate results of the health outcomes indicate that especially country specific 

effects play an important role. This is in line with the findings that health insurance status is less important 

to the model as discussed in Section 5.3. Considering in particularly access to maternal health services or 

other subsidies programs in the models, could improve the limited accuracy of the health outcomes. 

However, given our application for the census data, this is not possible. Nevertheless, all ML algorithms 

could demonstrate that they result in a more accurate model than the classical approach. 

Figure 3: Out-of-sample prediction of health service variables based on the preferred models 

 

 

Note: Preferred models discussed in Section 5.3: Upper figure estimated based on a Neural Networks model, 
lower left figure based on Xgboost, and lower right figure based on Random Forest. In the online version, zooming 
in to the various district will be possible. Shape files for Botswana, Lesotho, South Sudan, and Sudan not available, 
thus not displayed on the map. Country averages can be found in Table A.2 in the Appendix. 
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6. Conclusion 

Although many countries in Sub-Saharan Africa (SSA) have introduced various health insurance 

mechanisms within the last decade, enrolment rates in health insurance are still very low. Health protection 

scheme are important to reduce financial barriers to access health care. The lack of health access is a 

remaining challenge and limits overall human development [1-4]. There is a large literature on determinants 

on health insurance scheme coverage and take-up of health services in SSA, mostly on individual countries 

[23-34; 36-42]. In this paper, however, we combine all most recent Demographic Health Survey (DHS) data 

of 38 SSA countries, including 26 Least Developed Countries (LDCs). To our knowledge, this the first paper 

providing such  a general overview of health insurance coverage and the take-up of the three health services 

(i) if a person visited at least once a year a health facility, (ii) if the last-born child was born in a health facility, 

and (iii) if they had a postnatal check within the first two months. The comparison among the 38 SSA 

countries shows that there is a great variation in health insurance coverage rates among countries, rarely 

exceeding the SSA average of 7%, with some exceptions such as Ghana with 62% or Burundi with 23%. 

This average rate even decreases down to 4% when focusing on the 26 Least Developed Countries (LDCs). 

The percentage of people taking-up health services, such as visiting a health facility, giving birth in a health 

facility, and have a postnatal check, also shows a rather low rate (50%, 72%, 51%, respectively). Our results 

emphasize that SSA is still very far from Universal Health Coverage (UHC) and there is a great need to 

improve coverage and take-up.  

Based on those findings, the paper addresses two related challenges that are crucial for strengthening 

UHC and supporting the development of an inclusive social health protection system: How can the excluded 

population be better identified to include them in financing protection mechanisms and access to needed 

services? Do insured people benefit from the health insurance scheme? 

Our empirical analysis shows that machine learning (ML) techniques instead of the classical approach 

could improve the accuracy of predicting health insurance coverage as well as health care services – 

especially the Sensitivity (correctly predicted positive cases) that increased for example in the prediction of 

health insurance coverage from 12% to 41%. These results contribute to the growing literature using ML 

techniques with the aim of better targeting policies [10-17]. To our knowledge, there has not been a study 

applying ML models to health insurance take-up and/or to understand if insured benefit from the health 

insurance scheme, especially in the context of developing countries where take up rates are extremely low, 

resources seem more limited and data is less available on all administrative levels for all regions. 

We can show when applying the ML techniques that the performance of the algorithms is very similar 

among the five different algorithms we used for the ML models (Logit, LASSO, Random Forest, Neural 

Networks, Xgboost). Our results suggest that due to the limited scope of covariates in the model very 

complex algorithms might not show their full potential but still manage to outperform the classical 

approach. A reason for this limited scope of covariates in the model is that the census data, which we use 

to do out-of-sample predictions to improve targeting of the excluded population, only has a few variables 



19 
 

available. Therefore, in other studies such as Sansone et al. [13] who used approximately 1,800 possible 

predictors in their model, the predictive power could be even more improved.   

Nevertheless, the possibility of using a broader data source, such as the census data that contains several 

million observations covering all districts all over the countries, enabled us to gain countrywide insights of 

the outcomes on a more precise level and to do even predictions for countries where we do not have any 

DHS data. The results of this out-of-sample prediction even enables us to improve the mapping of the 

outcomes on district level and revealed large within-region differences. A detailed map on a district level 

was drawn to get further insights where the rates are varying across the country. In all available SSA 

countries, district that have extreme low rates could be identified. This is particularly important since in all 

countries districts play a crucial role in the organization and management of the health insurance. Those 

results could be especially of interested for policy-makers to improve targeting of excluded populations.  

A limitation of the usage of out-of-sample predictions – especially for some countries not covered by 

the DHS -  is when in the original data (the in-sample training) only few exceptional cases for certain 

outcomes occur, e.g. all countries have low insurance rates except 5 countries. Without enough training 

data, the algorithms will not be able to predict the outcome accurately – as seen in the health coverage 

prediction for Rwanda (see 5.2). Nevertheless, the algorithms sill manage to outperform the classical model.  

As recommended by the study of Sansone et al. [13] about welfare programs in Australia, it could be 

beneficial for researchers and policy-makers to “obtain more precise predictions – at no extra costs – by 

exploiting the available datasets”. This conclusion emphasizes that ML techniques can be used as a 

complement to current targeting processes to improve the overall targeting of excluded population.  

Lastly, the ML techniques were used to asses key variables correlated with the outcome in order to 

understand which variables drive these ML results as well as to understand if insured people benefit more 

from the health services. In line with the existing literature country specific factors, education, and wealth 

indicators (e.g., electricity and toilet) play the most important role to predict health insurance enrolment [23-

34]. Visiting a health facility at least once a year is highly associated with health insurance status emphasizing 

that health insurance enrollment can increase visits to health facilities, although for potential behavioral 

changes such as moral hazard and adverse selection could not be controlled [27, 43]. For the other two 

health service outcomes if the last born child was born in a health facility and if the last born child had a 

postnatal check within two months, we only find a weak importance of health insurance status. This result 

indicates that maternal health services might be less driven by the insurance status but more by maternal 

support programs in place, e.g., free or subsidized health services for children and women. 

In future research, this ML approach can be used as a tool that can be applied for further policy problems 

where accuracy needs to be improved and a detailed map of prevalence based on out-of-sample prediction 

is needed. 
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Appendix 

A Tables 

Table A.1: Key Indicators for all SSA countries  
Country Benin Botswana Burkina 

Faso 
Burundi Cameroon Chad Comoros Congo, 

Dem. 
Rep. 

Congo, 
Rep. 

Cote 
d'Ivoire 

Eswatini Ethiopia Gambia Ghana 

Macroeconomic Indicators               

GDP per capita PPP, 2019 3,287 17,767 2,178 752 3,642 1,580 3,060 1,098 3,673 5,213 8,622 2,221 2,223 5,413 

GDP per capita growth rate (annual %), 
2019 

4.0 0.8 2.7 -1.3 1.1 0.2 -0.2 1.1 -6.0 3.6 1.2 5.6 3.0 4.2 

Population growth (annual %), 2019 2.7 2.2 2.8 3.1 2.6 3.0 2.2 3.2 2.6 2.5 1.0 2.6 2.9 2.2 

Poverty headcount ratio at $1.90 a day  
(2011 PPP, %), most recent year 

49.6 14.5 43.8 72.8 26.0 38.1 19.1 77.2 39.6 29.8 29.2 32.6 10.3 13.0 

               

Health (access) Indicators               

Fertility rate (births per woman), 2018 4.8 2.9 5.2 5.4 4.6 5.7 4.2 5.9 4.4 4.6 3.0 4.2 5.2 3.9 

Life expectancy at birth (years), 2018 61 69 61 61 59 54 64 60 64 57 59 66 62 64 

<5 mortality rate (per 1,000 live births), 2019 90 42 88 57 75 114 63 85 48 79 49 51 52 46 

Maternal mortality rate (per 100,000 live 
births), 2017 

397 144 320 548 529 1,140 273 473 378 617 437 401 597 308 

               

Health Finance Indicators               

Current health expenditure (% of GDP), 
2018 

2.5 5.8 5.6 7.7 3.5 4.1 4.5 3.3 2.1 4.2 6.5 3.3 3.1 3.5 

Current health expenditure per capita PPP, 
2018 

83 1,089 112 66 134 79 134 31 125 176 696 67 81 168 

Domestic general government health 
expenditure (% of GDP), 2018 

0.5 4.5 2.4 1.9 0.2 0.7 0.4 0.5 0.8 1.2 2.2 0.8 0.9 1.4 

Out-of-pocket expenditure (% of current 
health expenditure), 2018 

45 3 36 26 76 62 75 42 52 39 11 35 29 38 

Note: For each Indicator the most recent available value is shown. 
Source: based on data from World Bank [5] 
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Table A.1: Key Indicators for all SSA countries (cont.) 
Country Guinea Kenya Lesotho Liberia Madagascar Malawi Mali Mauritius Mozambique Namibia Niger Nigeria Rwanda 

Macroeconomic Indicators              

GDP per capita PPP, 2019 2,562 4,330 2,704 1,428 1,647 1,060 2,322 22,870 1,281 9,637 1,225 5,135 2,227 

GDP per capita growth rate (annual %), 2019 2.6 3.0 -1.6 -4.6 2.1 1.6 1.7 3.0 -0.6 -3.0 2.0 -0.4 6.6 

Population growth (annual %), 2019 2.8 2.3 0.8 2.4 2.7 2.6 3.0 0.0 2.9 1.9 3.8 2.6 2.6 

Poverty headcount ratio at $1.90 a day  
(2011 PPP, %), most recent year 

36.1 37.1 27.8 44.4 78.8 70.8 50.3 0.2 63.7 13.8 45.4 39.1 56.5 

              

Health (access) Indicators              

Fertility rate (births per woman), 2018 4.7 3.5 3.1 4.3 4.1 4.2 5.9 1.4 4.9 3.4 6.9 5.4 4.0 

Life expectancy at birth (years), 2018 61 66 54 64 67 64 59 74 60 63 62 54 69 

<5 mortality rate (per 1,000 live births), 2019 99 43 86 85 51 42 94 16 74 42 80 117 34 

Maternal mortality rate (per 100,000 live 
births), 2017 

576 342 544 661 335 349 562 61 289 195 509 917 248 

              

Health Finance Indicators              

Current health expenditure (% of GDP), 2018 3.9 5.2 9.3 6.7 4.8 9.3 3.9 5.8 8.2 8.0 7.3 3.9 7.5 

Current health expenditure per capita PPP, 
2018 

109 179 309 12,643 79 120 90 1,381 118 883 78 233 170 

Domestic general government health 
expenditure (% of GDP), 2018 

0.6 2.2 5.4 1.7 1.7 2.7 1.1 2.5 1.7 3.7 2.4 0.6 2.4 

Out-of-pocket expenditure (% of current 
health expenditure), 2018 

61 24 16 42 28 11 34 49 10 8 49 77 11 

Note: For each Indicator the most recent available value is shown. 
Source: based on data from World Bank [5] 
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Table A.1: Key Indicators for all SSA countries (cont.) 
Country Sao Tome 

& Princ. 
Senegal Sierra 

Leone 
South 
Africa 

South 
Sudan 

Sudan Tanzania Togo Uganda Zambia Zimbabwe Sub-Saharan 
Africa 

Macroeconomic Indicators             

GDP per capita PPP, 2019 4,005 3,395 1,718 12,482 1,235 3,958 2,660 1,597 2,187 3,470 2,836 3,782 

GDP per capita growth rate (annual %), 2019 0.3 2.4 3.3 -1.2 -12.1 -4.9 2.7 2.8 3.1 -1.5 -9.4 -0.4 

Population growth (annual %), 2019 1.9 2.7 2.1 1.3 0.8 2.4 3.0 2.4 3.6 2.9 1.4 2.7 

Poverty headcount ratio at $1.90 a day  
(2011 PPP, %), most recent year 

36.6 38.5 43.0 18.7 76.4 12.2 49.4 51.1 41.5 58.7 33.9 40.2 

             

Health (access) Indicators             

Fertility rate (births per woman), 2018 4.3 4.6 4.3 2.4 4.7 4.4 4.9 4.3 5.0 4.6 3.6 4.7 

Life expectancy at birth (years), 2018 70 68 54 64 58 65 65 61 63 64 61 61 

<5 mortality rate (per 1,000 live births), 2019 30 45 109 35 96 58 50 67 46 62 55 76 

Maternal mortality rate (per 100,000 live 
births), 2017 

130 315 1,120 119 1150 295 524 396 375 213 458 534 

             

Health Finance Indicators             

Current health expenditure (% of GDP), 2018 6.3 4.0 16.1 8.3 6.4 4.5 3.6 6.2 6.5 4.9 4.7 5.1 

Current health expenditure per capita PPP, 
2018 

214 146 257 1,129 114 293 112 109 139 208 198 262 

Domestic general government health 
expenditure (% of GDP), 2018 

2.8 0.9 1.6 4.5 0.7 1.0 1.6 1.1 1.0 1.9 1.3 1.9 

Out-of-pocket expenditure (% of current 
health expenditure), 2018 

15 56 45 8 22 66 24 56 38 10 24 33 

Note: For each Indicator the most recent available value is shown. For South Sudan, GDP per capita PPP and GDP per capita growth rate is from 2015. 
Source: based on data from World Bank [5] 
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Table A.2: Outcome variables for each country and dataset, collected by DHS and predicted with Census 
 

 Country  Dataset Insurance rate 
Visited health 
facility last  year 

Last born 
children born 
in health 
facility 

Last born 
children had 
postnatal check 
within two 
months 

Benin 
DHS 2017-18 1.3 40.0 88.5 22.1 

Census 2013 2.7 34.4 86.7 5.7 

Botswana 
DHS  (NA) - - - - 

Census 2011 15.6 49.9 74.8 40.2 

Burkina Faso 
DHS 2010 0.8 58.7 78.6 85.0 

Census 2006 1.5 50.6 76.5 86.9 

Burundi 
DHS 2015-17 23.2 72.9 89.1 9.0 

Census (NA) - - - - 

Cameron 
DHS 2018 4.2 53.2 70.7 18.7 

Census 2005 8.3 46.9 63.5 15.3 

Chad 
DHS 2014-15 1.1 34.0 26.8 19.1 

Census (NA) - - - - 

Comoros 
DHS 2012 6.0 28.1 80.9 33.4 

Census (NA) - - - - 

Congo. 
Dem.Rep. 

DHS 2011-12 2.6 50.8 88.7 55.2 

Census (NA) - - - - 

Congo. Rep. 
DHS 2013-14 4.2 37.7 78.7 19.0 

Census (NA) - - - - 

Cote d’ivoire 
DHS 2011-12 3.9 45.9 64.4 76.0 

Census (NA) - - - - 

Eswatini 
DHS 2007 7.5  49.4  80.7 21.2 

Census (NA) - - - - 

Ethiopia 
DHS 2006-07 4.9 43.2 41.2 9.8 

Census 2007 13.2 35.5 25.8 3.1 

Gambia 
DHS 2013 2.4 66.6 73.3 75.0 

Census (NA) - - - - 

Ghana 
DHS 2014 61.8 50.7 73.3 74.4 

Census 2010 83.3 50.0 74.4 79.4 

Guinea 
DHS 2018 1.6 36.5 59.2 37.1 

Census 2014 0.8 28.0 44.7 24.0 

Kenya DHS 2014 16.6 64.0 61.6 64.7 
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Census 2009 10.7 54.0 47.0  60.1 

Lesotho 
DHS 2014 1.7 63.0 78.9 81.9 

Census 2006 2.7 52.4 71.2  74.2 

Liberia 
DHS (NA) - - - - 

Census 2008 13.4 58.1 60.1  80.0 

Madagascar 
DHS 2008-09 4.2 34.3 40.3 44.6 

Census (NA) - - - - 

Malawi 
DHS 2015-16 1.6 61.7 94.9 45.7 

Census 2008 2.0 56.5 91.5  21.0 

Mali 
DHS 2018 5.1 41.6 71.8 29.1 

Census 2009 5.1 34.0 60.4 10.6 

Mauritius 
DHS (NA) - - - - 

Census 2011 2.9 49.1 66.7 40.0  

Mozambique 
DHS  (NA) - - - - 

Census 2007 4.9 48.3 59.4 33.2 

Namibia 
DHS 2013 17.5 50.0 90.3 57.7 

Census (NA) - - - - 

Niger 
DHS 2012 3.5 48.7 46.9 67.2 

Census (NA) - - - - 

Nigeria 
DHS 2018 2.8 39.6 44.8 22.4 

Census 2010 5.8 34.4 41.7  11.4 

Rwanda 
DHS (NA) - - - - 

Census 2012 8.2 49.0 66.7  32.5 

Sao Tome & 
Príncipe 

DHS 2009 2.4  40.7 79.5  81.0 

Census (NA) - - - - 

Senegal 
DHS 2016 5.5 60.6 83.1 88.2 

Census 2013 14.1 52.1 84.2 98.1 

Sierra Leone 
DHS 2013 1.7 47.9 63.2 70.6 

Census 2014 2.3 41.0 57.2  80.7 

South Africa 
DHS (NA) - - - - 

Census 2011 21.3 50.0 86.4 49.3  

South Sudan 
DHS (NA) - - - - 

Census 2011 2.6 43.3 52.4 33.5  

Sudan 
DHS  (NA) - - - - 

Census 2008 5.5 45.0 54.6 34.5  
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Tanzania 
DHS  2015-16 8.8 61.0 71.7 38.3 

Census  2012 21.4 55.6 73.0 22.1 

Togo 
DHS 2013-14 5.4 42.2 74.8 75.8 

Census 2010 13.1 38.5 72.7 79.7 

Uganda 
DHS 2016 1.4 68.9 77.8 23.7 

Census 2014 3.6 65.3 74.0  7.1 

Zambia 
DHS 2018 2.3 63.3 88.0 64.0 

Census 2010 2.5 60.0 82.5  65.9 

Zimbabwe 

DHS 2015 12.8 54.1 86.3 86.4 

Census 2012 13.4 48.4 79.0  94.6 

Note: All outcomes for Census data are predicted outcomes based on the best performed model in Section 5. Grey highlighted 
countries are LDCs. 
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B Empirical Models 

Logit model 
Logit models are widely used to estimate regressions with a binary dependent variable. In order to restrict 
the estimates to the 0, 1 boundary, a function is applied to transform the predictions. In case of the logit 
model a logistic function is used to always obtain sensible predictions within the range of 0 and 1. In our 
paper, we use the logit model to estimate key determinants of enrolment and take-up of health services. 
Therefore. we include in the model key variables deduced from the literature from Section 1. 
Advantages of the logit model are that the model is very simple the coefficients can be easily interpreted. 
the training and prediction speed is fast and does not require a lot of memory and it performs well with a 
relative small number of observations. Potential drawbacks of the model are that predictions might quickly 
become overdetermined especially for rare events and therefore perform poorly [62]. Moreover, as Blair et 
al. [10] state is the supervised machine learning approaches can accommodate many highly collinear 
predictors simultaneously. which the logistic model in general cannot. 
 
Least Absolute Shrinkage and Selection Operator 
The probably one of the most familiar machine learning technique economists know is the Least Absolute 
Shrinkage and Selection Operator (lasso) due to its similarities with the Ordinary Least Squares (OLS) 
model. Additionally to the OLS estimate, the lasso estimate includes a penalty term lambda that implies a 
regularization respectively a shrinkage of the regression coefficients. The lasso estimate then minimize the 
penalized residual sum of squares. Since the solution is nonlinear in y and therefore can not be solved with 
a closed form solution such as OLS or logit, an algorithm is needed to solve the minimization problem. If 
lambda is low, penalty is low and therefore coefficients are close to the OLS model. If lambda is high, 
coefficients are regularized respectively shrinked towards zero and therefore less relevant in the model. As 
a result, lasso models often only takes a subset of variables into account. Hence, not all variables included 
in the dataset will be used for the model [63]. In our lasso model, the shrinkage factor lambda is chosen to 
be one standard error right of the mean-squared-error (MSE) as Hastie et al. [63] suggest. 
Advantages of this model are similar to the one from the logit model: it is quite simple and the coefficients 
can be easily interpreted. Due to the non closed solution. the training and prediction speed is a bit slower 
but is still fast compared to random forest and neural networks. Further, it also performs well with a relative 
small number of observations. On contrary to the logit model, lasso can handle lots of irrelevant features 
since it can regularize them towards zero. 
 
Random Forest 
Based on the basic decision tree model, random forests aggregate many decision trees to improve the 
predictive performance of the tree. A decision tree divides the observations into binary subgroups (nodes) 
ranked by their importance. namely what most accurately distinguishes the binary depended variable. After 
identifying factors that reduce the mean-squared error within each node, this process continues until it 
reaches a terminal node [10, 64]. Additionally to the mentioned tree process. the random forest algorithm 
is selecting a subset of m variables at random from total variables at each split.  
This feature is one of the most important advantages of the model. It prevents that the trees will be highly 
correlated, especially when there is a strong predictor in the dataset. Hence, the results of random forest are 
more reliable than from other tree models due to the decreased variance [63]. Furthermore. the results can 
somewhat be interpreted and illustrated as a tree. Potential drawbacks are that it needs much more memory. 
training and prediction time. 
 
Neural Networks 
Based on the concept of a human brain neural networks simulate human neurons that get an input. process 
it by an activation function and generate an output. More precisely the neural network recognizes patterns. 
classifies data and forecasts events. Moreover, by a specified learning rule that uses weights to distinguish 
between the importance of the variables, the algorithm trains the model until it performs the desired task as 
good as possible [65, 66]. 
The main advantages of the model are that very complex models can be trained and that the model can be 
iteratively improved. A drawback of learning with such a flexible algorithm is the overfitting of the model 
[63]. Therefore, weight decays are used to improve the predictive power. Our model was calibrated with 
parameters for weight decays as well as nodes, which optimize the result. Further drawbacks are that it is 
somehow a black-box where coefficients cannot be interpreted and parametrization is very complex. 
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Moreover, neural networks requires more learning data than usual and is similar to random forest due to it’s 
complexity much slower in training and prediction time. 
 
XGBoost 
XGBoost stands for eXtreme Gradient Boosting and is a type of a tree model. Thus, the model 
characteristics are very similar to the random forest; however, XGBoost is using the gradient boosting 
decision tree algorithm. Especially for structured and tabular datasets as we have in our case. XGBoost 
dominates many prediction competitions. Major advantages are the execution speed and the model 
performance [67]. 
 
 

C Model validation 

To build a reliable model, model validation is an important but often underestimated part of an analysis 
[68]. The goal of model validation is to have a model that explains our dataset but also has the ability to 
accurately predict further datasets. In our case out-of-sample prediction of census data. Especially for 
supervised learning algorithms this can be a drawback. Due to their often very flexible learning process it 
might happen that a model perfectly fits the current dataset but has poor generalization capability. This so-
called overfitting of the data leads to a perfect fit of the noisy data points where on the other hand the 
underlining relationship is distorted [69]. In order to increase the predictive power and avoid overfitting of 
the models our data is split into three pieces, namely a train. validation and test dataset. The most common 
approach is to split the dataset randomly into 2/3 train as well as validation and 1/3 test dataset [70].  
 
The process of model validation can be divided into three steps: The first step is the model selection. where 
a preferred model is chosen. Second. in the model assessment the performance from the chosen model will 
be evaluated on an ”untrained” dataset and third. various robustness checks are made to evaluate how robust 
the results are. The process of model validation can then be divided into three steps: 
 
1. Model Selection 
In a first step, the model selection. the aim is on one hand to learn and estimate parameters of different 
models with the training dataset and on the other hand to evaluate the model in order to select a preferred 
model based on the validation dataset. The validation tries not necessarily to choose a model that perfectly 
fits the data but that captures best the underlying relationship [68]. As Du and Swamy [69] show, this can 
be done i.a. by cross validation. 
Cross validation (CV) is besides bootstrapping the most common method used to estimate the prediction 
error among the train and validation dataset. In k-fold CV the training/validation dataset is randomly split 
up into k folds of the same size. Out of these k folds, k-1 folds are used as training sets and one is used as 
validation set. In k turns, each of the folds is used once as validation set and k-1 times as training set. After 
k turns, k estimates of the mean squared error (MSE) were computed. The average of this k MSE reveal 
then the CV estimate that is used to chose the preferred model. Since k-fold CV uses a smaller training set 
as without (k-1 vs. k) some authors claim that there is an additionally pessimistic bias for strong learning 
algorithms. This occurs due to an assumed decreasing marginal learning curve where changes in sample size 
for small datasets are much higher than for large ones [63]. Therefore, as Blair et al. [10] suggest, we run a 
repeated k-fold CV to get robust results. In particular, we used a 5-fold CV that is ran 200 times. 
 
2. Model Assessment 
In a second step, the model assessment. the aim is to evaluate the selected model. Precisely, the performance 
of the model based on a new and untrained data is evaluated. Therefore, the test dataset which was not used 
before is applied. Measures to describe how well the model performed can be deduced by the confusion 
matrix, which compares the predicted outcome with the actual value in the data. In Table 10 it is shown 
that the actual value consists of P0 observations with positive condition (in our case insured women) and 
N0 observations with negative condition (in our case non-insured women). From our prediction models. 
there are P positive predicted observations and N negative ones. 
As we can see from Table 10 four possible cases of outcomes are possible: 

 True Positive (TP). where the positive condition is correctly predicted as positive (in our case 
insured women is predicted as insured). 
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 False Negative (FN). where the positive condition is wrongly predicted as negative (in our case 
insured women is predicted as non-insured). This case is in the literature often called Type II error. 

 False Positive (FP). where the negative condition is wrongly predicted as positive (in our case 
noninsured women is predicted as insured). This case is in the literature often called Type I error. 

 True Negative (TN). where the negative condition is correctly predicted as negative (in our case 
non-insured women is predicted as non-insured). 

 
Deduced from the four cases various performance measurements can be created to better evaluate and 
compare the performance of the models [10]: 

 Accuracy: (TP + TN) / Total. A optimal prediction would perfectly predict the True Positives and 
the True Negatives and would have zero False Positives and Negatives. Accuracy measures thus 
the rate of correctly identified observations among the total number. 

 Sensitivity: TP / Positive condition (P0). Sometimes also called the probability of detection. Which 
measures the proportion of actual positive values that are correctly identified. 

 Specificity: TN / Negative condition (N0). Sometimes also called the true negative rate. which 
measures the proportion of actual negative values that are correctly identified. 

 Precision: TP / Predicted positive condition (P) 

 F1 score: 2 / [(1/Sensitivity)+(1/Precision)]. The harmonic average of Sensitivity and Precision is 
a measure of the test’s accuracy. 

 ROC Curve: To graphically illustrate the performance of the models the Receiver operating 
characteristic (ROC) curve can be drawn. On the Y-axis the True Positive Rate (TPR) and on the 
X-axis 

 False Positive Rate (FPR) is plotted for each threshold point between 0 and 1. Because the TPR is 
equal to the Sensitivity and the FPR equal to the fall-out. the ROC curve can also been described 
as a function of sensitivity in terms of the fall-out. Thus the more the curve is in the upper left 
corner. which means that the sensitivity is high and fall-out is low (respectively specificity high). the 
better is the predicting performance of our model. On contrary the closer the ROC curve get to 
the 45- degree line. which stand for an absolute random model without learning from the data. the 
worse the performance is. 

 AUC: To better compare the performance of the ROC curves between models. the Area under the 
curve (AUC) measurement is used. As the term already explains. AUC calculated the area under the 
ROC curve. Thus AUC is equal to 1 if the model perfectly predicts the data such that the ROC 
curve is in the upper left corner and equal to 0.5 if the ROC curve is on the 45-degree line. 
 

A model will not necessary outperform in all these performance measurements. Depending on the data and 
the prediction problem some performance measurement can be prioritized.  
 
3. Robustness Checks 
In a third step. various robustness checks based either on the data or on the parameters used in the model 
are made to see how consistent the results of the models are and if predictive power can be improved. 
 

 


