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Abstract  

Maternal mortality continues to be an enduring measure of global health disparity, with Sub-

Saharan Africa disproportionately contributing to the global burden of maternal mortality despite 

a reduction over the past three decades. Forecasts of future trends play a critical role in health 

policy decision-making. No prior study has used a unified statistical, machine learning, and deep 

learning comparative approach to model maternal mortality in Sub-Saharan Africa, based on the 

most recent Global Burden of Disease (GBD) estimates. In this study, GBD 2023 maternal 

mortality ratio (MMR) estimates for Sub-Saharan Africa (1980-2023, 44 yearly observations) were 

analyzed to compare eight models under three different methods: statistical methods (Holt 

damped-trend exponential smoothing, ARIMA, log-linear regression), machine learning (Random 

Forest, Gradient Boosting, XGBoost, Support Vector Regression), and deep learning (Long Short-

Term Memory). Model selection was performed using a walk-forward, expanding-window out-of-

sample validation for 10 years (2014-2023) based on RMSE, MAE, and MAPE criteria, and the 

best-selected model was re-estimated on the full series to forecast MMR through 2035. Between 

1980 and 2023, MMR decreased from 674.5 to 396.2 deaths per 100,000 live births (EAPC 2013-

2023: -2.17%/year). The lowest and nearly identical RMSEs and MAPEs were obtained for 

ARIMA and Holt’s damped-trend exponential smoothing (RMSE = 2.74 and 2.75; MAPE = 0.55% 

and 0.52%), clearly outperforming all four ML models, especially LSTM (RMSE = 388.33, MAPE 

= 88.52%). The best-fitting ARIMA model predicts MMR to rise to 344.7 (95% confidence 

interval [CI]: 301.7 – 387.7) by 2030 and 313.0 (95% CI: 231.6 – 394.4) by 2035, or about five 

times higher than the SDG 3.1 target. The classical statistical approach was clearly better than the 

ML and DL approaches in the case of short annual time series, and Sub-Saharan Africa will miss 

the SDG 3.1 target by 2030 and beyond 2035. 
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Introduction 

Maternal mortality continues to be among the most enduring indicators of the gap in global health 

[1-5]. While there has been steady decline during the past three decades, the latest Global Burden 

of Disease 2023 estimates indicate 240,000 maternal deaths globally in 2023, amounting to a 

global maternal mortality ratio of 190.5 per 100,000 livebirths, with countries with the greatest 

burden found in sub-Saharan Africa and South Asia, including the Democratic Republic of the 

Congo, Ethiopia, Nigeria, India, and Pakistan (GBD 2023 Maternal Mortality Collaborators, 2026) 

[6, 7]. The proportion of maternal deaths in the world from sub-Saharan Africa has been dominant 

over time, even though there have been considerable reductions in MMR since 1990 in the region 

[8-10]. Nevertheless, 104 out of 204 countries and territories in the world have yet to meet the 

SDG 3.1 target of below 70 maternal deaths per 100,000 livebirths (GBD 2023 Maternal Mortality 

Collaborators, 2026) [6]. 

In fact, there is a recent systematic analysis of the GBD 2023 data on maternal conditions in sub-

Saharan Africa that showed significant subregional disparities in 2023, including high burden in 

Central Africa and rapid historical reduction in Eastern Africa, while there were disturbing 

increases in hypertension-related and HIV-related maternal mortality in Southern Africa from 

1990 to 2023 (regional inequalities analysis, Archives of Public Health, 2026) [9]. These and 

similar studies utilizing the GBD data have made great advances in the understanding of the 

historical burden and the subregional variation of maternal mortality in the region; nevertheless, 

they are essentially descriptive and retrospective in nature and use GBD's CODEm modeling to 

estimate historical burden rather than make projections about the future [11, 12]. 
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There is an additional and smaller set of literature that has used time series forecasting models to 

predict future trends in maternal mortality. In 2023, the joinpoint regression, ARIMA model, Holt 

method, and the machine learning-based Prophet prediction model were applied to the World Bank 

maternal mortality dataset for Africa from 1990 to 2015 to predict the MMR up to 2030 and 

conclude that none of the regions of Africa will be able to meet the SDG 3.1 target [13]. Although 

methodologically very important, this analysis has faced several limitations that are addressed in 

the current research paper. Firstly, the study used the World Bank estimates of MMR until 2015, 

which came before both the impact of the COVID-19 pandemic on the maternal healthcare system 

and the release of GBD 2023, which currently represents the most recent and complete source of 

maternal mortality estimates, including data up to 2023. Secondly, the comparison of machine 

learning methods was carried out only with the use of the Prophet algorithm, without comparison 

with other algorithms and neural networks commonly used in the field of health forecasting, such 

as Random Forest, Gradient Boosting, XGBoost, and LSTM networks. 

This gap is particularly striking, considering how recent comparative forecasting models based on 

statistical machine learning deep learning techniques, when assessed using the same walk-forward 

validation technique, have been used effectively in forecasting other maternal and child health 

metrics in the region for instance, in forecasting neonatal mortality in Ethiopia, which shows that 

model performance rankings for this type of analysis cannot be assumed a priori but need to be 

empirically determined on a case-by-case basis [14-18]. To the best of our knowledge, there has 

been no study published that employs this kind of forecasting approach to sub-Saharan maternal 

mortality, in particular based on GBD 2023 data. 
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This paper fills the research gap. The GBD 2023 estimates of the maternal mortality ratio in sub-

Saharan Africa for years from 1980 to 2023 were used to apply and thoroughly compare eight 

forecasting models belonging to three methodological groups: statistical (Holt damped-trend 

exponential smoothing, ARIMA, log-linear regression), machine learning (Random Forest, 

Gradient Boosting, XGBoost, Support Vector Regression), and deep learning (Long Short-Term 

Memory). By choosing the most effective model through walk-forward out-of-sample validation 

and forecasting maternal mortality in sub-Saharan Africa until 2035 based on the chosen model, 

this paper aims to (1) make the most recent projection of the sub-Saharan African maternal 

mortality based on the most recent GBD data, (2) determine, through thorough out-of-sample 

comparison, which forecasting method is the empirically best one for short annual regional health 

indicators time series, and (3) estimate the expected gap between the projected and the SDG 3.1 

target in 2030. 

Methodology 

Study Design and Data Source 

This research was based on the secondary time series analysis of MMR in sub-Saharan Africa, 

obtained from the Global Burden of Disease (GBD) 2023 Study that was undertaken by the 

Institute for Health Metrics and Evaluation (IHME) at the University of Washington. The GBD 

2023 is the latest and most comprehensive systematic effort made to measure the impact of 

diseases, injuries, and risk factors on health in 204 countries and territories, which included the 

maternal mortality statistics obtained through vital registration, verbal autopsy, household surveys, 

censuses, surveillance systems, and maternal mortality audit data (GBD 2023 Maternal Mortality 

Collaborators, 2026). 
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Data were obtained from the GBD Results Tool (https://vizhub.healthdata.org/gbd-results/) using 

the following parameters: location: Sub-Saharan Africa (regional aggregate); cause: maternal 

disorders; measure: maternal mortality ratio; sex: female; age: all ages; metric: rate; years: 1980-

2023. The result is 44 observations per year of age-standardized MMR (deaths per 100,000 live 

births) with GBD 

Descriptive and Trend Analysis 

Historical data from the MMR series were first analyzed descriptively through the computation of 

the percent change between 1980 and 2023, as well as the estimated annual percent change (EAPC) 

for the last decade (2013 to 2023) based on an ordinary least squares regression of the natural log 

of MMR against year. 

Walk-Forward Out-of-Sample Validation Framework 

In order to make sure that the comparison between the models would reflect actual forecasting 

performance instead of the model’s ability to fit the in-sample data, an expanding-window walk-

forward validation was performed for each of the models under consideration [19-24]. The last ten 

years of the dataset (2014 – 2023) were used as the testing period for the models; at each step, a 

certain model was trained on all data available up to that moment and made a forecast for one year 

ahead, after which the sample window was expanded by one year, and the procedure was repeated 

until the end of the dataset. 

Candidate Forecasting Models 

Eight forecasting models, spanning three methodological families, were evaluated: 

Statistical models: First, Holt’s exponential smoothing model using a damped trend, which is 

widely used when there is a trend present that could potentially dampen [25, 26]. Second, an 
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ARIMA (1,1,1) model, which is chosen because of its parsimony and relevance to a single annual 

nonseasonal series with one order of differencing [27]. Third, a log-linear regression using MMR 

with the calendar year as the predictor, similar to EAPC-based trend extrapolation on the log scale, 

which is well-supported by GBD literature [28]. 

Machine learning models: Because standard machine learning regressors are not designed to 

consider the time-series nature of the data, the time series was reformulated as a supervised 

learning task by employing a feature lag technique: for each model to be considered, the past three 

annual MMR values served as predictors for the next annual value [29-31]. In total, four machine 

learning regressors were considered: Random Forest, Gradient Boosting, Extreme Gradient 

Boosting (XGBoost), and Support Vector Regression with a radial basis function kernel. All 

continuous variables were scaled to have zero mean and unit variance before training the models; 

scaling parameters were recomputed in each growing training window to avoid lookahead bias. 

Deep learning model: A Long Short-Term Memory (LSTM) Recurrent Neural Network was 

constructed with the use of the same three-lag input configuration with one LSTM layer, four units, 

L2 kernel regularization, dropout layer, and dense output layer, trained for 100 epochs per walk-

forward iteration [32]. The model design and hyperparameters were purposefully kept simple and 

highly regularized in view of the relatively small sample size. 

Model Evaluation and Selection 

Performance of the models was evaluated using three error measures computed from ten out-of-

sample forecasts: root mean squared error (RMSE), mean absolute error (MAE), and mean 

absolute percentage error (MAPE). The model that scored the minimum RMSE in the out-of-

sample data was selected as the forecasting model. 



8 | P a g e  

 

 

Final Forecast Generation 

After the selection of the best model, it was then fitted using the entire historical dataset (1980–

2023) and used to produce forecasts and 95% prediction intervals for the years 2024 to 2035. In 

cases where the model fitted was based on the likelihood function (like the ARIMA model), the 

prediction intervals were calculated analytically using the fitted model. For other models where 

prediction intervals cannot be calculated analytically, prediction intervals were estimated using the 

forecast horizon multiplied by the residual standard error. 

Software 

All computations were performed using Python, where pandas and NumPy were used for data 

handling, statsmodels for statistical time series analysis, scikit-learn for building machine learning 

models and preprocessing, XGBoost for gradient boosting, and TensorFlow/Keras for deep 

learning. A fixed random seed was utilized across all random procedures, namely model 

initialization and weight initialization. 

Ethical Considerations 

The present study utilized only publicly available, aggregated, anonymized estimates from the 

GBD 2023 Study; there was no utilization of individual or identifiable data, thus no ethical 

clearance was necessary for the secondary analysis of aggregate public health estimates. 
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Results 

Historical Trend 

This analytic time series included 44 annual values of maternal mortality ratio (MMR) in Sub-

Saharan Africa, from 1980 through 2023, sourced from the GBD 2023 Study. The MMR value has 

fallen from 674.5 per 100,000 live births in 1980 to 396.2 in 2023, marking an overall decrease of 

41.3% (Figure 1). It is not true that the reduction was stable throughout this period; rather, the 

MMR remained stable and varied within a narrow band of 670-680 until the mid-1990s, after 

which the MMR began to steadily decline. During the latest decade (2013-2023), the EAPC value 

was −2.17% per year, representing a continuing albeit moderate improvement. Even though 

progress had been made, the estimate for 2023 was more than five times the SDG 3.1 target of 70 

per 100,000 livebirths (Figure 1). 

 

Figure 1:Sub-Saharan Africa Maternal Mortality Ratio, 1980–2023 (GBD 2023 Study). The 

shaded band represents the 95% uncertainty interval of the GBD estimate. The dotted line marks 

the SDG 3.1 target (70 per 100,000 livebirths). 
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Walk-Forward Model Comparison 

A total of eight forecasting models, from the statistical, machine learning, and deep learning 

categories, were compared through the use of walk-forward validation in a ten-year out-of-sample 

period from 2014 to 2023, with each model being trained on an increasing amount of historical 

data and evaluated by one step forward out-of-sample forecast (Table 1). There was variation in 

performance by more than two orders of magnitude among the eight forecasting models. The two 

forecasting models that used time series structure formally, namely ARIMA (1,1,1) and Holt’s 

damped trend exponential smoothing models, attained the minimum and virtually similar out-of-

sample error (RMSE = 2.74 and 2.75, respectively; MAPE = 0.55% and 0.52%, respectively), with 

ARIMA being slightly better performing by RMSE and yet in practical terms, the two models 

performed equally well (Table 1, Figure 2). Four machine learning models generated moderately 

good errors, about an order of magnitude higher than the two better statistical models: Gradient 

Boosting (RMSE = 10.15), XGBoost (RMSE = 11.18), Random Forest (RMSE = 15.34), and 

Support Vector Regression (RMSE = 16.61). Though the log-linear regression was quite simple 

in terms of methodology, it proved to be much less effective compared to either the more advanced 

statistical models or the machine learning models (RMSE = 46.57, MAPE = 10.66%), due to its 

inability to account for the deceleration of the trend present in the historical data (Figure 1). The 

LSTM model developed through the use of deep learning algorithms showed by far the worst 

results among all the models considered (RMSE = 388.33, MAPE = 88.52%), an error similar to 

the value of the dependent variable itself, meaning that it was incapable of learning any meaningful 

pattern in the data (Table 1, Figure 2). 

 



11 | P a g e  

 

Table 1:Walk-forward out-of-sample performance of eight forecasting models, 2014–2023 test 

window. 

Model RMSE MAE MAPE (%) 

ARIMA 2.74 2.31 0.55 

Holt-Winters Damped Exp. Smoothing 2.75 2.21 0.52 

Gradient Boosting 10.15 9.88 2.26 

XGBoost 11.18 10.94 2.50 

Random Forest 15.34 15.20 3.49 

SVR 16.61 15.88 3.66 

Log-Linear Regression 46.57 46.48 10.66 

LSTM 388.33 387.09 88.52 

Note. RMSE = root mean squared error; MAE = mean absolute error; MAPE = mean absolute 

percentage error. All values in deaths per 100,000 live births, except MAPE. Models are ordered 

by ascending RMSE (best to worst). 
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Figure 2:Out-of-sample forecast accuracy comparison (RMSE, log scale), walk-forward 

validation, 2014–2023 test window. 

Graphical comparison of the walk forward one-step ahead forecast vis-à-vis actual data (Fig 3; 

LSTM omitted from the figure due to its distortion of the graphical scale) validates the ranking 

based on quantification presented in Table 1: both the ARIMA and Holt models follow the actual 

GBD curve very closely throughout the test period, even during the period of accelerated decline 

starting in 2018, while the machine learning models become increasingly inaccurate in their 
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prediction of the declining rate as the test period advances, and the log linear regression model 

deviates quite dramatically from the actual trend line at the end of the test period. 

 

Figure 3:Walk-forward one-step-ahead forecasts versus actual values, all models except LSTM 

(excluded owing to scale; see Table 1 for its metrics). 

Final Forecast, 2024–2035 

After selecting the best model, the ARIMA (1,1,1) was re-estimated using the whole 1980-2023 

data and applied for forecasting up to 2035 (see Table 2, Figure 4). MMR is predicted to decrease 

further to 344.7 (95% prediction interval: 301.7-387.7) by 2030 and 313.0 (95% prediction 

interval: 231.6-394.4) by 2035. By 2030, the projected Sub-Saharan African MMR level would 

still be about 4.9 times greater than the SDG 3.1 goal of 70 deaths per 100,000 live births, which 

means that continuation of the current trend is very unlikely to be consistent with meeting this goal 

(see Figure 4). As seen from Table 2 and Figure 4, the width of the prediction interval increases 

noticeably with the forecast horizon due to compounding uncertainties associated with projecting 

44 yearly data up to 12 years ahead. 
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Table 2:Final ARIMA (1,1,1) forecast of Sub-Saharan African maternal mortality ratio, 2024–
2035. 

Year Forecast MMR 95% CI Lower 95% CI Upper 

2024 388.3 381.4 395.1 

2025 380.6 368.6 392.5 

2026 373.0 355.6 390.4 

2027 365.7 342.5 388.9 

2028 358.5 329.0 388.0 

2029 351.5 315.5 387.6 

2030 344.7 301.7 387.7 

2031 338.1 287.9 388.3 

2032 331.6 273.9 389.2 

2033 325.2 259.9 390.6 

2034 319.0 245.8 392.3 

2035 313.0 231.6 394.4 

Note. MMR = maternal mortality ratio, deaths per 100,000 live births. CI = confidence interval 

(95% prediction interval from the fitted ARIMA (1,1,1) model). 
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Figure 4:Sub-Saharan Africa maternal mortality ratio forecast to 2035, selected model: ARIMA 

(GBD 2023 data). The shaded band represents the 95% prediction interval; the dotted line marks 

the SDG 3.1 target (70 per 100,000 livebirths). 

Discussion 

This research employed and compared eight statistical, machine-learning, and deep learning 

methods to make predictions about maternal mortality in Sub-Saharan Africa based on the latest 

available estimates from Global Burden of Disease studies, choosing the best-performing approach 

via walk-forward out-of-sample validation instead of in-sample prediction. The following three 

observations can be made regarding this comparison: the degree of difference in the performance 

of statistical and machine-learning methods, the meaning of the prediction for the future 

development of the region according to SDG 3.1, and the lessons learned from it. 
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Statistical Dominance over Machine Learning and Deep Learning 

That classical statistical approaches, ARIMA and Holt's damped-trend exponential smoothing, 

outperformed all machine learning and deep learning models tested (see Table 1, Figure 2) is one 

of the key findings of this study, and not just a secondary observation. The size of this difference, 

in the form of an order of magnitude improvement in RMSE achieved by the best statistical 

approaches relative to the best machine learning approach, and almost two orders of magnitude 

achieved by the former relative to the latter, is much greater than is usually assumed when applying 

machine learning/deep learning to health forecasting, where such approaches have become the 

default choice. Indeed, this finding is consistent with and provides region- and indicator-specific 

support for a general phenomenon observed in the forecasting literature [33] that for short, low-

dimensional annual time series, classical statistical models which take account of trend and 

autocorrelation structure typically perform at least as well as more flexible data-hungry methods, 

the former of which have the unique ability of being able to learn complicated non-linear structures 

from data, but require more data to do so (Figure 4). Indeed, the catastrophic failure of the LSTM 

model in this case can be seen not as an indication that deep learning models are flawed per se, but 

rather as a direct empirical example of such a limitation, because the model was trained using no 

more than 34 to 43 observations, which constitutes only a small part of the amount of data usually 

thought to be sufficient for reliable generalization in an RNN structure [34]. 

Substantive Implications for the SDG 3.1 Trajectory 

If this selected model's prediction (Table 2, Figure 3) is accurate and MMR reaches 344.7 for 2030 

and 313.0 for 2035, then Sub-Saharan Africa will be left with about five times the SDG 3.1 target 

goal even five years past the 2030 deadline date. This outcome is congruent with the conclusions 

of previous forecasting research based on older data sets and comparator models, which concluded 
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that none of the African regions were on course to meet the SDG 3.1 target by 2030 [18]. This 

current research suggests that this remains the case even after considering the most up-to-date 

information and applying a far more robust process for model selection. 

Methodological Implications 

In addition to this forecast, there is a more general lesson about methodology related to the forecast 

of maternal and child health indicators that is provided by this study: the choice of the model 

family should be empirical, based on rigorous out-of-sample validation specific to the indicator in 

question rather than being derived from previous use of this type of modeling in other areas or just 

the reputation of the approach in general. It is important to note that walk-forward comparative 

methodology used in other regions to forecast other indicators of maternal and child health has 

identified different model families, with a deep learning model having the lowest error rate out of 

sample. Combined with the results of the present research, this shows that no model family can be 

assumed a priori superior in all situations in terms of health forecasts; the methodology is more 

important in this case. 

Strengths and Limitations 

However, this paper possesses some significant advantages. First, the paper offers, to our best 

knowledge, the first comparative forecasting study based on a unified framework that includes 

statistics, machine learning, and deep learning for maternal mortality in Sub-Saharan Africa using 

the latest (GBD 2023) data, compared to the former forecasts which relied only on older pre-

pandemic World Bank-sourced data. Furthermore, the model selection process was carried out 

through strict walk-forward out-of-sample validation and not in-sample validation, which is much 

rarer than it should be in applied studies and, in this particular case, was absolutely crucial because 
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an in-sample comparison only would greatly underestimate the differences between the models 

(Table 1, Figure 4). The comparison was performed on eight different models, representing three 

different methodological groups, unlike previous regional forecast comparisons that included only 

one machine learning model, while the inferiority of the deep learning model was noted explicitly 

rather than concealed as in previous papers. 

Some issues should also be noted. First and foremost, the dataset only consisted of 44 annual 

observations, which, although sufficient for classical statistical time series techniques, represents 

a crucial limitation of the performance of the deep learning algorithm and should reduce the degree 

of confidence in any health forecast using a similar number of annual observations generated by a 

deep learning algorithm elsewhere. Second, the study was conducted at the overall Sub-Saharan 

African region level and does not consider the considerable differences at the subregional level 

revealed in the recent GBD-based burden studies; the forecast made in this study should not be 

viewed as relevant to each country or subregion in Sub-Saharan Africa that is already on a different 

path. Third, the forecasting method used in this study extends the statistical pattern of the series 

into the future but does not imply any causal or intervention-related mechanisms; it is the statistical 

extension of the trend that has been observed before and not the simulation of the future impact of 

any particular interventions in the health systems. Fourth, the GBD estimates, even for the 

historical period, are themselves modeled outputs from the Cause of Death Ensemble model and 

thus have their own associated uncertainties and possible estimation errors; the prediction intervals 

we report (Tables 2 & 3, Figures 3 & 4) are uncertainty intervals from the forecasting model based 

on the given GBD estimates, and do not include the full uncertainty associated with the entire GBD 

estimation process. Lastly, the increased width of the prediction intervals for forecasted values 

further out into the future (Figures 3 & 4, Tables 2 & 3) suggests that the forecast for 2035, in 
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particular, has significant uncertainty and should be viewed as indicating the approximate order of 

magnitude and direction of the trend. 

Conclusion 

The results from this study show that when making predictions about maternal mortality in Sub-

Saharan Africa based on GBD 2023 data, classical statistical time series models significantly 

outperform their machine learning and deep learning counterparts through walk-forward out-of-

sample validation, with ARIMA and damped trend Holt's exponential smoothing giving almost 

identical and significantly better results compared to four machine learning models and one deep 

learning model (Table 1, Figure 2). The use of the chosen ARIMA model on the full 1980-2023 

dataset suggests that maternal mortality in Sub-Saharan Africa will continue to fall and reach 

around 345 per 100,000 livebirths in 2030 and 313 in 2035 (Table 2, Figure 3), which is still about 

five times higher than the SDG 3.1 target even past the originally set year 2030 goal if trends 

persist. This highlights the fact that, apart from showing that the gap between the trajectory of the 

region’s maternal mortality rates and its Sustainable Development Goal remains wide, these results 

reveal the more general methodology-related lesson regarding the empirical nature of forecasting 

model choice in the applied health literature. 

Recommendations 

From the above findings, the following suggestions have been made. First, in light of the size of 

the projected gap in relation to the SDG 3.1 target (Table 2, Figure 3), the Sub-Saharan African 

healthcare systems, together with their international partners, need to consider the course of 

maternal mortality in the region as being well off track and warranting urgent action, considering 

that the projected shortfall persists up until 2035 compared to the initial 2030 target year. Second, 
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given the supremacy of the classical statistical methods when it comes to forecasting maternal 

mortality (Table 1, Figure 2), any future efforts to project the same using the type of short-term 

annual time series used in this study should place emphasis on statistical time series methods and 

leave machine/deep learning approaches for situations where large training datasets are available. 

Thirdly, future research should apply this comparative framework to sub-regional and national 

levels within Sub-Saharan Africa, where past observations on differences in trends and burden 

composition have demonstrated that there is a possibility that the forecasts and even the model 

families which yield the most accurate predictions will be different from those seen at the overall 

regional level. Lastly, considering the different ranking of models across this study compared to 

maternal and child health forecasts in other Sub-Saharan countries, future forecasts should view 

model family choice as an empirical exercise that should be done based on the rigorous walk-

forward validation framework adopted in this study. 
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