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hitps://doi.ore/10.59147/5534d050 Abstract: Unintended pregnancy affects 26.0% of women of reproductive age in Benin and remains

a critical obstacle to improving maternal and reproductive health outcomes. This study applied a
Academic Editor: Ngianga-Bakwin comparative machine learning framework to data from the 2017-2018 Benin Demographic and
Kandala Health Survey (n = 8,993 women aged 15-49 with a recent live birth) to predict unintended preg-
nancy and identify high-risk profiles. Eight supervised algorithms were evaluated under three val-
idation schemes (70/30, 80/20, and 10-fold cross-validation), with class imbalance corrected within
each training fold to prevent data leakage. XGBoost emerged as the best-performing model (Accu-
racy = 0.63, AUROC = 0.62, false positive rate = 0.16), with stable performance across all validation
schemes. SHAP analysis identified marital status (14.7%), number of living children (13.4%), region
of residence (11.1%), age (9.8%), and ideal number of children (7.9%) as the dominant predictors,
collectively explaining 56.9% of the model’s predictive contribution. All ten highest-risk profiles
corresponded to young married or cohabiting women aged 15-24 with one or two children, span-
ning multiple regions and all wealth quintiles, demonstrating that vulnerability to unintended preg-
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1. Introduction

Reproductive health is a fundamental component of overall well-being and a key determinant of social and economic
development globally [1]. Central to reproductive health is the prevention of unintended pregnancy, which continues
to affect millions of women worldwide, particularly in low- and middle-income countries (LMICs) [2,3]. Unintended
pregnancies are associated with adverse outcomes for women, children, and communities, underscoring the urgent
need for effective prevention strategies [4]. At the individual level, they are linked to increased risks of maternal mor-
tality and morbidity, unsafe abortion, and poor mental health outcomes [1,3]. At the societal level, they perpetuate
cycles of poverty and inequality, limit women’s educational and economic opportunities, and strain household re-
sources [2]. From a public health perspective, unintended pregnancies generate considerable healthcare costs and im-

pose substantial burdens on already strained health systems, particularly in LMICs [4].
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Despite sustained global efforts, the Republic of Benin continues to face acute reproductive health challenges character-
ized by a high maternal mortality ratio (518 per 100,000 live births) [5]. The modern contraceptive prevalence rate re-
mains low at 12% as of 2019, while unmet need for contraception stands at 36% [6]. The total fertility rate is estimated
at 5.7 births per woman, and the adolescent birth rate is 108 births per 1,000 girls aged 15-19—among the highest in
West Africa [6]. Between 2015 and 2019, the Republic of Benin recorded approximately 589,000 pregnancies annually,
of which 227,000 (39%) were unintended; notably, 37% of these unintended pregnancies ended in abortion [7]. These
figures reflect persistent gaps in access to family planning services, particularly long-acting and emergency contracep-
tive methods, which are often unavailable in primary health facilities [6]. Prior studies across sub-Saharan Africa have
most consistently identified younger age, single or non-cohabiting marital status, low parity, lower educational attain-
ment, and subregional disparities as robust determinants of unintended pregnancy [8-18], with household wealth, me-

dia exposure, and distance to health facilities emerging as secondary correlates.

While broad-based awareness campaigns and efforts to expand access to reproductive health and family planning ser-
vices have been implemented [2], existing interventions often lack the precision required to effectively target high-risk

women, limiting progress toward national reproductive health goals.

In recent years, machine learning algorithms have gained considerable traction in reproductive and global health re-
search, offering improved capacity to detect non-linear relationships, high-dimensional interactions, and heterogeneous
subgroup effects that conventional regression methods may overlook [9,11]. Several studies have applied machine
learning to predict unintended pregnancy using DHS and MICS data across sub-Saharan Africa and South Asia, includ-
ing Random Forest [9], XGBoost [8], and explainable Al approaches [11]. However, these studies either focus on other
country contexts, restrict their samples to married or in-union women, rely on a single algorithm without comparative
benchmarking, or apply resampling techniques in ways that risk data leakage, limiting the validity of their performance
estimates. Moreover, most have used information gain or Gini-based importance measures for variable ranking, which
are known to favor high-cardinality variables and do not provide directional interpretability. Few studies have applied
a rigorous, multi-algorithm machine learning framework with SHAP-based interpretation to characterize population-

level risk profiles of unintended pregnancy specifically in the Republic of Benin.

The present study addresses this gap. Machine learning is particularly suited to this problem because: (i) it can capture
non-linear and interaction effects among sociodemographic, geographic, and fertility-related variables that are likely to
co-determine unintended pregnancy risk; (ii) it enables the construction of multidimensional risk profiles that go be-
yond pairwise associations; and (iii) SHAP values provide theoretically grounded, model-agnostic importance scores
that improve on conventional feature importance metrics and permit directional interpretation. By applying a compar-
ative benchmarking framework across eight algorithms —combined with SHAP profiling on the best-performing
model —this work generates geographically and socially nuanced risk profiles to serve as an evidence base for designing
more targeted interventions, optimizing resource allocation, and ultimately contributing to greater equity in reproduc-

tive health outcomes in the Republic of Benin.
2. Materials and Methods
2.1. Data and target population

This study analyzes data from the 2017-2018 Benin Demographic and Health Survey (BDHS), focusing on women aged
15-49 whose most recent completed pregnancy resulted in a live birth. We used the Individual Recode (IR) dataset,
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publicly available via the DHS Program repository. Of the 15,928 surveyed women, 8,993 met the inclusion criterion

and constituted the analytic sample. The BDHS employs a two-stage stratified cluster sampling design, which generates
complex survey weights to account for unequal probabilities of selection, clustering, and stratification. Individual-level
sampling weights were applied to all descriptive statistics and logistic regression analyses to produce nationally repre-
sentative estimates. For the machine learning models, which operate on individual-level predictions rather than popu-
lation-level inference, standard unweighted observations were used; this limitation is explicitly acknowledged in the

limitations section.
2.2. Variables and measurement
2.2.1. Outcome variable

The outcome of interest was unintended pregnancy, assessed through retrospective self-reporting of the wantedness of
the most recent live birth. A pregnancy was classified as unintended if the woman reported it as either mistimed
(wanted later) or unwanted (not wanted at all) at the time of conception. This binary indicator (1 = unintended; 0 =

intended) reflects a discordance between fertility preferences and actual reproductive outcomes.
2.2.2. Independent variables

The selection of independent variables was informed by prior research on the determinants of unintended pregnancy
across sub-Saharan Africa. The seventeen variables retained were: age at survey, age at first sexual intercourse, number
of ever-born children, number of living children, ideal number of children, highest educational level attained, employ-
ment status, household wealth index, sex of the household head, exposure to mass media (newspapers/magazines,
radio, television, internet), perceived distance to the nearest health facility, marital status, religious affiliation, place of
residence (urban/rural), and region of residence. These variables have consistently emerged as significant predictors of

unintended pregnancy in the regional literature [8-18].
2.3. Data processing and modelling
2.3.1. Data pre-processing and class imbalance considerations

Data were cleaned, recoded, and prepared for analysis. Of the 8,993 weighted observations, 2,340 (26.0%) reported an
unintended pregnancy and 6,653 (74.0%) reported an intended pregnancy. This class imbalance, although moderate,
can bias machine learning models toward the majority class. To address this without introducing data leakage,
resampling strategies were applied exclusively within each training fold of the cross-validation procedure, never on the
full dataset before splitting. For distance-based and probabilistic algorithms (Logistic Regression, k-Nearest Neighbors,
Support Vector Machine, Artificial Neural Networks, J48 Decision Tree), we applied the Synthetic Minority Over-
sampling Technique (SMOTE) [19] within the training subset only. For tree-based models (Random Forest, XGBoost),
we relied on the algorithms’ native class-weighting parameters (sampsize for Random Forest and scale_pos_weight for
XGBoost), which preserve probability calibration on the original class distribution. Naive Bayes was trained on the

original imbalanced data, since it estimates class priors directly from the empirical distribution.
2.3.2. Model Building

To characterize marginal and adjusted associations between covariates and the outcome, bivariate and multivariable

logistic regression models were estimated as analytic baselines. Eight supervised machine learning algorithms were
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then compared: Logistic Regression [20], ]48 Decision Tree [21], Random Forest [22], k-Nearest Neighbors [23], Support
Vector Machine [24], Artificial Neural Networks [25], Naive Bayes [26], and XGBoost [27]. These eight algorithms were
deliberately selected to represent a diverse range of learning paradigms —linear (Logistic Regression), rule-based (J48),
distance-based (k-NN), probabilistic (Naive Bayes), margin-based (SVM), ensemble (Random Forest, XGBoost), and
connectionist (ANN) —enabling a comprehensive evaluation of whether the predictor—outcome relationships are better
captured by linear, non-linear, or ensemble approaches. Their inclusion also facilitates comparison with prior machine
learning studies on unintended pregnancy in sub-Saharan Africa, which have used subsets of these same algorithms
[9,11]. Each algorithm was evaluated under three validation schemes: a 70/30 train—test split, an 80/20 train—test split,
and 10-fold cross-validation repeated five times. Hyperparameters for each algorithm were tuned via grid search within
the training data (e.g., tree depth and regularization strength for the ensemble and margin-based models, and neigh-
borhood size for k-Nearest Neighbors). All numerical predictors were centered and scaled before training distance- and

margin-based models.

2.3.3.  Performance evaluation, variable ranking, and risk profiling

Model performance was evaluated using metrics derived from the confusion matrix: true positive rate (sensitivity), false
positive rate, precision, F1-score, accuracy, Matthews Correlation Coefficient (MCC), and the Area Under the Receiver
Operating Characteristic Curve (AUROC). Reporting these metrics across the three validation schemes allowed assess-
ment of both absolute performance and consistency across data partitions. The best-performing classifier was selected
on the basis of overall AUROC and accuracy, with secondary attention to the false positive rate —a critical consideration
for public health targeting, where misclassifying women not at risk wastes scarce intervention resources. To identify
the most influential predictors, we computed SHAP (SHapley Additive exPlanations) values [28] using the predcontrib
functionality of XGBoost, which provides exact and computationally efficient SHAP estimates. Each variable’s mean
absolute SHAP value across all observations was used to rank its global predictive importance, while the sign of the
average SHAP value indicated the directionality of its contribution. We emphasize that these importance scores reflect
predictive contribution and should not be interpreted as causal effects. Multidimensional high-risk profiles were then
constructed by stratifying the dataset across the six top-ranked SHAP variables and computing the mean predicted
probability of unintended pregnancy within each stratum. Profiles containing fewer than ten women were excluded to

ensure statistical stability.

2.4. Statistical analysis tools

All analyses were conducted in R[29] using specialized packages: haven[30], dplyr[31], summarytools[32], ROSE[33],
caret[34], randomForest[35], e1071[36], nnet[37], rpart[38], pROC[39], and visualizations with ggplot2[40]. Tables were
exported using flex table[41] and officer[42].

2.5. Ethical Considerations

The DHS [43] were conducted with formal ethical approval and informed consent from all participants. Permission to
use the BDHS dataset was granted by the DHS Program following standard application procedures. As this study used

de-identified secondary data, no additional ethical approval was required.

3. Results
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3.1. Characteristics of study population

Table 1 summarizes the sociodemographic profile of the 8,993 women included in the analysis. Most women were
young (mean age 29.3 years), had no formal education (64.3%), were married or cohabiting (92.4%), and lived in rural
areas (61.0%); fertility levels were high, with a mean ideal family size of 4.85 children. These characteristics —age, edu-
cation, marital status, residence, and parity —correspond to the leading predictors identified in the SHAP analysis re-

ported in Section 3.4. The overall prevalence of unintended pregnancy was 26.0%.

Table 1: Characteristics of study participants

. Weighted Frequency
Variable Per cent (%)
(n=8,993)
Unintended pregnancy (last child)
No 6,653 74.0
Yes 2,340 26.0
Age at the survey - (Mean: 29.28 years)
15-19 years 504 5.6
20-24 years 1,923 21.4
25-29 years 2,531 28.1
30-34 years 1,855 20.6
35-39 years 1,323 14.7
40-44 years 602 6.7
45-49 years 256 2.8
Age at first sex - (Mean: 16.67 years)
15-19 years 6,367 70.8
20 years+ 1,220 13.6
Before 15 years 1,406 15.6
Highest level of education
None 5,783 64.3
Primary 1,644 18.3
Secondary or higher 1,566 17.4
Number of ever born children
4 - 6 children 2,975 33.1
7 - 8 children 837 9.3
9 children or more 313 3.5
Less than 4 children 4,868 54.1
Number of living children
Five children 925 10.3
Four children 1,361 15.1
No child 77 0.9
One child 1,919 21.3
Seven children or more 668 7.4
Six children 652 7.3
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Variable Weighted Frequency Per cent (%)
(n=8,993)

Three children 1,597 17.8
Two children 1,794 19.9
Ideal number of children - (Mean: 4.85 Enfants)
3 or less 1,068 11.9
4-5 children 3,671 40.8
6-7 children 4,254 47.3
Employment
No 1,524 16.9
Yes 7,469 83.1
Sex of the head of household
Female 1,513 16.8
Male 7,480 83.2
Household wealth index
Middle 1,830 20.3
Poor 1,819 20.2
Poorest 1,819 20.2
Richer 1,849 20.6
The richest 1,676 18.6
Religious membership
Christian 4,525 50.3
Muslim 3,002 33.4
Other 613 6.8
Traditional 852 9.5
Reading newspapers and magazines
No 8,462 94.1
Yes 531 5.9
Listen to radio
No 3,987 443
Yes 5,006 55.7
Watch TV
No 5,875 65.3
Yes 3,118 34.7
Perception of the distance to get to health Center
Big problem 5,981 66.5
Not a big problem 3,012 33.5
Use internet
No, never 8,555 95.1
Yes 438 4.9

Marital status
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. Weighted Frequency
Variable Per cent (%)
(n=8,993)
Married/Cohabiting 8,314 92.4
Single/not cohabiting 679 7.6
Place of residence
Rural 5,485 61.0
Urban 3,508 39.0
Region/Department of residence
Alibori 1,221 13.6
Atacora 797 8.9
Atlantique 1,038 11.5
Borgou 1,159 12.9
Collines 602 6.7
Couffo 580 6.5
Donga 597 6.6
Littoral 406 4.5
Mono 391 4.3
Ouémé 795 8.8
Plateau 548 6.1
Zou 859 9.6
Total 8,993 100.0
159
3.2. Prevalence of unintended pregnancy in Benin Republic 160

The pie chart below (Figure 1) illustrates the distribution of unintended pregnancy among reproductive age women in 161

the Benin Republic. Unintended pregnancy accounts for 26.0% of all reported pregnancies in the study population. 162

Unintended Pregnancy

No

. Yes

163

Figure 1: Unintended pregnancy rate in the Benin Republic. Just over one in four pregnancies (26.0%) in the study 164

population was unintended. 165

166

At the bivariate level (Table 2), most variables were significantly associated with unintended pregnancy, except for 167

employment status. The strongest associations emerged for marital status (single or non-cohabiting women: 43.2%), 168
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region/department of residence (Atlantique: 47.3%; Littoral: 37.5%; Mono: 37.6%), and age (adolescents 15-19: 32.0%),
consistent with the SHAP-based predictor ranking reported later. Lower prevalence was observed among women with
no formal education (22.0%) and those desiring six or more children (20.3%), suggesting that high fertility aspirations

are associated with more intentional pregnancies.

Table 2: Bivariate analysis of factors associated with unintended pregnancy in Benin Republic

. Unintended pregnancy (last child) .
Variable Chi-square Pvalue
Yes No
Age at the survey - (Mean: 29.28 years)
15-19 years 161 (32.0) 343 (68.0)
20-24 years 569 (29.6) 1354 (70.4)
25-29 years 610 (24.1) 1921 (75.9)
30-34 years 451 (24.3) 1404 (75.7) 355 0.000
35-39 years 321 (24.3) 1002 (75.7)
40-44 years 152 (25.3) 450 (74.7)
45-49 years 74 (29.1) 182 (70.9)
Age at first sex - (Mean: 16.67 years)
Before 15 years 1700 (26.7) 4667 (73.3)
15-19 years 325 (26.6) 895 (73.4) 7.1 0.028
20 years+ 312 (22.2) 1094 (77.8)
Highest level of education
None 1272 (22.0) 4511 (78.0)
Primary 544 (33.1) 1100 (66.9) 145.3 0.000
Secondary or higher 523 (33.4) 1043 (66.6)
Number of ever-born children
Less than 4 children 744 (25.0) 2231 (75.0)
4 - 6 children 212 (25.3) 625 (74.7)
7 - 8 children 101 (32.4) 212 (67.6) 277 0.000
9 children or more 1553 (31.9) 3315 (68.1)
Number of living children
No child 284 (30.7) 641 (69.3)
One child 352 (25.9) 1009 (74.1)
Two children 18 (23.7) 59 (76.3)
Three children 439 (22.9) 1480 (77.1)
Four children 172 (25.8) 496 (74.2) 206 0-000
Five children 181 (27.7) 471 (72.3)
Six children 457 (28.6) 1140 (71.4)
Seven children or more 631 (35.2) 1163 (64.8)
Ideal number of children - (Mean: 4.85 Enfants)
3 or less 279 (26.1) 789 (73.9)
4-5 children 1197 (32.6) 2474 (67.4) 1442 0.000

169
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Unintended pregnancy (last child)

Variable Chi-square Pvalue
Yes No
6-7 children 864 (20.3) 3390 (79.7)
Employment
Yes 398 (26.1) 1126 (73.9)
0.7 0.389
No 1897 (25.4) 5572 (74.6)
Sex of the head of household
Male 377 (24.9) 1136 (75.1)
34.8 0.000
Female 2379 (31.8) 5101 (68.2)
Household wealth index
The richest 578 (31.6) 1252 (68.4)
Poorest 347 (19.1) 1472 (80.9)
Poor 437 (24.0) 1382 (76.0) 97.4 0.000
Middle 483 (26.1) 1366 (73.9)
Richer 499 (29.8) 1177 (70.2)
Religious membership
Traditional 1308 (28.9) 3217 (71.1)
Muslim 420 (14.0) 2582 (86.0)
) 365.9 0.000
Christian 208 (33.9) 405 (66.1)
Other 196 (23.0) 656 (77.0)
Reading newspapers and magazines
No 2192 (25.9) 6270 (74.1)
4.0 0.045
Yes 150 (28.3) 381 (71.7)
Listen to radio
Yes 1088 (27.3) 2899 (72.7)
10.2 0.001
No 1226 (24.5) 3780 (75.5)
Watch TV
No 1480 (25.2) 4394 (74.8)
104 0.001
Yes 861 (27.6) 2257 (72.4)
Perception of the distance to get to the health Center
Bi bl 1615 (27.0 4366 (73.0
§proo e @70 (730 9.9 0.002
Not a big problem 729 (24.2) 2283 (75.8)
Use internet
Yes 2532 (29.6) 6023 (70.4)
7.7 0.006
No, never 113 (25.8) 325 (74.2)
Marital status
Married/Cohabiting 2045 (24.6) 6269 (75.4)
92.2 0.000
Single/not cohabiting 293 (43.2) 386 (56.8)
Place of residence
Rural 1349 (24.6) 4136 (75.4)
17.5 0.000
Urban 993 (28.3) 2515 (71.7)
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Variable Unintended pregnancy (last child) Chi-square Pvalue
Yes ‘ No

Region/Department of residence

Littoral 458 (37.5) 763 (62.5)

Alibori 46 (5.8) 751 (94.2)

Atacora 193 (18.6) 845 (81.4)

Atlantique 548 (47.3) 611 (52.7)

Borgou 104 (17.2) 498 (82.8)

Collines 205 (35.3) 375 (64.7)

Couffo 166 (27.8) 431 (72.2) 696.8 0.000
Donga 66 (16.3) 340 (83.7)

Mono 147 (37.6) 244 (62.4)

Ouémé 262 (32.9) 533 (67.1)

Plateau 133 (24.3) 415 (75.7)

Zou 265 (30.8) 594 (69.2)

Total 2338 (26.0) 6655 (74.0)

3.3. Multivariate analysis of factors associated with unintended pregnancy in Benin Republic

The table 3 summarizes the results of the multivariable logistic regression of unintended pregnancy among women of
reproductive age in the Benin Republic, with adjusted odds ratios (AOR) and 95% confidence intervals (CI). Consistent
with the SHAP-based ranking reported in Section 3.4, marital status, age, and region of residence emerged as the strong-
est predictors: single or non-cohabiting women had twice the adjusted odds of unintended pregnancy (AOR =2.06; 95%
CI: 1.70-2.49), younger age groups showed progressively higher odds relative to adolescents (AOR = 0.30-0.60 for older
groups), and substantial regional disparities were observed, with Alibori (AOR =0.09), Borgou (AOR =0.28), and Donga
(AOR = 0.30) showing markedly lower odds than Littoral. Educational attainment, parity, and religious affiliation were
also significant, but of secondary magnitude. The model achieved good discrimination (C-statistic = 0.737), comparable

to the machine learning classifiers reported below.

Table 3: Multivariable analysis of factors associated with unintended pregnancy

Unintended pregnancy (last

. unadjusted OR ~ 95 adjusted OR ~ 95%

Variable child) CI% I
Yes No

Age at the survey - (Mean: 29.28 years)
15-19 years 161 (32.0) 343 (68.0) 1.00 1.00
20-24 years 569 (29.6) 1354 (70.4) 0.83 [0.67-1.02] * 0.60 [0.47-0.77] ***
25-29 years 610 (24.1) 1921 (75.9) 0.63 [0.51-0.78] *** 0.30 [0.23-0.39] ***
30-34 years 451 (24.3) 1404 (75.7) 0.64 [0.52-0.80] *** 0.20 [0.15-0.27] ***
35-39 years 321 (24.3) 1002 (75.7) 0.64 [0.51-0.80] *** 0.14 [0.10-0.19] ***
40-44 years 152 (25.3) 450 (74.7) 0.73 [0.57-0.95] ** 0.13 [0.09-0.18] ***
45-49 years 74 (29.1) 182 (70.9) 0.81 [0.59-1.12] 0.11 [0.07-0.18] ***

174
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Unintended pregnancy (last

unadjusted OR ~ 95

adjusted OR ~ 95%

Variable child) CI% I
Yes ’ No

Age at first sex - (Mean: 16.67 years)
Before 15 years 1700 (26.7) 4667 (73.3) 1.00 1.00
15-19 years 325 (26.6) 895 (73.4) 1.00 [0.88-1.14] 1.09 [0.94-1.26]
20 years+ 312 (22.2) 1094 (77.8) 0.82 [0.69-0.98] ** 1.07 [0.86-1.32]
Highest level of education
None 1272 (22.0) 4511 (78.0) 1.00 1.00
Primary 544 (33.1) 1100 (66.9) 1.79 [1.59-2.02] *** 1.30 [1.13-1.50] ***
Secondary or higher 523 (33.4) 1043 (66.6) 1.81 [1.60-2.04] *** 1.48 [1.25-1.75] ***
Number of ever-born children
Less than 4 children 744 (25.0) 2231 (75.0) 1.00 1.00
4 - 6 children 212 (25.3) 625 (74.7) 1.00 [0.90-1.11] 0.97 [0.73-1.26]
7 - 8 children 101 (32.4) 212 (67.6) 1.38 [1.17-1.61] *** 1.19 [0.81-1.74]
9 children or more 1553 (31.9) 3315 (68.1) 1.55 [1.22-1.96] *** 1.71 [1.06-2.72] **
Number of living children
No child 284 (30.7) 641 (69.3) 1.00 1.00
One child 352 (25.9) 1009 (74.1) 0.71 [0.44-1.18] 0.65[0.38-1.15]
Two children 18 (23.7) 59 (76.3) 0.65 [0.40-1.08] * 1.03 [0.60-1.82]
Three children 439 (22.9) 1480 (77.1) 0.62[0.38-1.03] * 1.40 [0.80-2.48]
Four children 172 (25.8) 496 (74.2) 0.69 [0.43-1.15] 2.27 [1.23-4.28] **
Five children 181 (27.7) 471 (72.3) 0.83[0.51-1.39] 3.59 [1.93-6.84] ***
Six children 457 (28.6) 1140 (71.4) 0.81 [0.49-1.36] 4.16 [2.19-8.06] ***
Seven children or

631 (35.2) 1163 (64.8) 1.15[0.70-1.92] 6.28 [3.17-12.67] ***
more
Ideal number of children - (Mean: 4.85 Enfants)
3 or less 279 (26.1) 789 (73.9) 1.00 1.00
4-5 children 1197 (32.6) 2474 (67.4) 1.24 [1.07-1.45] *** 1.02 [0.86-1.21]
6-7 children 864 (20.3) 3390 (79.7) 0.67 [0.58-0.78] *** 0.73 [0.61-0.88] ***
Employment
Yes 398 (26.1) 1126 (73.9) 1.00 1.00
No 1897 (25.4) 5572 (74.6) 0.94 [0.83-1.07] 1.14[0.99-1.33] *
Sex of the head of household
Male 377 (24.9) 1136 (75.1) 1.00 1.00
Female 2379 (31.8) 5101 (68.2) 1.44 [1.27-1.62] *** 0.97 [0.85-1.12]
Household wealth index
The richest 578 (31.6) 1252 (68.4) 1.00 1.00
Poorest 347 (19.1) 1472 (80.9) 0.49 [0.42-0.57] *** 0.87 [0.69-1.10]
Poor 437 (24.0) 1382 (76.0) 0.67 [0.58-0.77] *** 0.96 [0.77-1.19]
Middle 483 (26.1) 1366 (73.9) 0.74 [0.64-0.86] *** 0.98 [0.80-1.20]
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Unintended pregnancy (last

unadjusted OR ~ 95

adjusted OR ~ 95%

Variable child) CI% I

Yes No
Richer 499 (29.8) 1177 (70.2) 0.88 [0.76-1.01] * 1.04 [0.87-1.24]
Religious membership
Traditional 1308 (28.9) 3217 (71.1) 1.00 1.00
Muslim 420 (14.0) 2582 (86.0) 0.41 [0.34-0.49] *** 0.76 [0.61-0.96] **
Christian 208 (33.9) 405 (66.1) 1.27 [1.08-1.49] *** 1.11 [0.93-1.33]
Other 196 (23.0) 656 (77.0) 0.73 [0.57-0.92] *** 0.89 [0.68-1.15]
Reading newspapers and magazines
No 2192 (25.9) 6270 (74.1) 1.00 1.00
Yes 150 (28.3) 381 (71.7) 1.22 [1.01-1.48] ** 0.92 [0.73-1.15]
Listen to radio
Yes 1088 (27.3) 2899 (72.7) 1.00 1.00
No 1226 (24.5) 3780 (75.5) 0.86 [0.78-0.94] *** 1.14 [1.01-1.28] **
Watch TV
No 1480 (25.2) 4394 (74.8) 1.00 1.00
Yes 861 (27.6) 2257 (72.4) 1.18 [1.07-1.30] *** 0.91 [0.80-1.05]
Perception of the distance to get to the health Center
Big problem 1615 (27.0) 4366 (73.0) 1.00 1.00
Not a big problem 729 (24.2) 2283 (75.8) 0.85 [0.77-0.94] *** 1.10 [0.97-1.23]
Use internet
Yes 2532 (29.6) 6023 (70.4) 1.00 1.00
No, never 113 (25.8) 325 (74.2) 0.75 [0.61-0.92] *** 1.05 [0.82-1.35]
Marital status
Married/Cohabiting 2045 (24.6) 6269 (75.4) 1.00 1.00
Single/not cohabiting 293 (43.2) 386 (56.8) 2.19 [1.86-2.57] *** 2.06 [1.70-2.49] ***
Place of residence
Rural 1349 (24.6) 4136 (75.4) 1.00 1.00
Urban 993 (28.3) 2515 (71.7) 1.23 [1.12-1.35] *** 1.04[0.92-1.17]
Region/Department of residence
Littoral 458 (37.5) 763 (62.5) 1.00 1.00
Alibori 46 (5.8) 751 (94.2) 0.09 [0.07-0.12] *** 0.09 [0.07-0.13] ***
Atacora 193 (18.6) 845 (81.4) 0.32 [0.26-0.41] *** 0.26 [0.19-0.35] ***
Atlantique 548 (47.3) 611 (52.7) 1.34 [1.08-1.65] *** 1.09 [0.86-1.39]
Borgou 104 (17.2) 498 (82.8) 0.29 [0.23-0.36] *** 0.28 [0.21-0.37] ***
Collines 205 (35.3) 375 (64.7) 0.81 [0.65-1.02] * 0.64 [0.49-0.83] ***
Coulffo 166 (27.8) 431 (72.2) 0.58 [0.45-0.74] *** 0.55 [0.41-0.74] ***
Donga 66 (16.3) 340 (83.7) 0.29 [0.22-0.37] *** 0.30 [0.22-0.41] ***
Mono 147 (37.6) 244 (62.4) 0.85 [0.66-1.09] 0.71 [0.53-0.95] **
Ouémé 262 (32.9) 533 (67.1) 0.71 [0.57-0.90] *** 0.62 [0.48-0.79] ***
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Unintended pregnancy (last ) .
hild) unadjusted OR ~ 95 adjusted OR ~ 95%
i chi
Variable CI% I
Yes No
Plateau 133 (24.3) 415 (75.7) 0.52 [0.40-0.67] *** 0.50 [0.37-0.66] ***
Zou 265 (30.8) 594 (69.2) 0.67 [0.54-0.84] *** 0.54 [0.42-0.70] ***

Number in dataframe = 8993, Number in model = 8993, Missing = 0, AIC = 9135.1, C-statistic=0.737, H&L = Chi-
sq (8) 15.56 (p=0.049)

3.4. Development and evaluation of models

Table 4 presents the comparative performance of the eight machine learning classifiers across the three validation
schemes. Performance metrics were notably stable across 70/30, 80/20, and 10-fold cross-validation, indicating robust-
ness against overfitting and the absence of validation-scheme dependence. XGBoost achieved the best overall perfor-
mance, with an average accuracy of 0.63, AUROC of 0.62, and a notably low false positive rate of 0.16. Random Forest
and Logistic Regression followed closely, both reaching an average AUROC of 0.62. The comparable performance of
logistic regression to more flexible ensemble methods is itself a meaningful finding: it suggests that the relationships
between predictors and the outcome are largely linear and additive, offering limited marginal gain from non-linear
models. k-Nearest Neighbors yielded the weakest discrimination (AUROC = 0.56), while Naive Bayes exhibited the
highest sensitivity (TP rate = 0.81) but at the cost of a high false positive rate (0.68), limiting its practical utility for

targeted public health interventions.

Table 4: Comparison of machine learning algorithms’ performance

Training-Test Ratio Measure ANN kNN LR SVM  J48 NB  XGBoost RF
TP Rate 0.49 0.50 0.64 035 045 0.82 0.26  0.50
FP Rate 0.36 0.40 049 028 033 0.68 020 0.37
Precision 0.44 0.42 043 042 045 041 0.44 044
70/30
F1 Score 0.47 0.46 052 038 045 0.55 0.33 047
Accuracy 0.59 0.56 056 058 059 050 0.61 0.59
AUROC 0.60 0.56 0.61 056 058 0.61 0.60 0.61
TP Rate 0.48 0.49 0.64 040 042 0.0 0.25 0.50
FP Rate 0.33 0.39 049 028 031 0.68 0.15 0.35
80/20 Precision 0.46 0.44 045 044 043 041 0.48 0.44
F1 Score 0.47 0.46 053 042 042 054 0.33 047
Accuracy 0.60 0.56 056 060  0.60 0.50 0.63  0.60
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Training-Test Ratio Measure ANN k.NN LR SVM J48 NB XGBoost RF
AUROC 0.61 0.56 0.63 0.60 058 0.59 0.61 0.62
TP Rate 0.49 0.49 0.65 0.41 042 0.81 023 0.52
FP Rate 0.35 0.39 0.49 0.28 031  0.67 012 0.35
Precision 0.45 0.42 0.44 0.46 045 041 053 047
10-fold
F1 Score 0.47 0.45 0.52 0.43 043 055 032 049
Accuracy 0.59 0.56 0.56 0.60 059 051 0.64 0.60
AUROC 0.61 0.57 0.62 0.59 058 0.60 0.64 0.63
TP Rate 0.49 0.49 0.64 0.39 043 081 025 0.51
FP Rate 0.35 0.39 0.49 0.28 032 0.68 0.16 0.36
Precision 0.45 0.43 0.44 0.44 044 041 048 045
Mean
F1 Score 0.47 0.46 0.52 0.41 043 055 033 048
Accuracy 0.59 0.56 0.56 0.59 059 050 0.63 0.60
AUROC 0.61 0.56 0.62 0.58 058 0.60 0.62 0.62

Figure 2 displays the same information graphically through a radar chart, further illustrating the consistency of XGBoost

across accuracy, F1-score, and AUROC.

Accuracy

F1

AUROC

ANN
k.NN
LR
SVM
J48

RF

XGBoost

Figure 2: Comparative radar chart of classification model performance. XGBoost consistently outperforms the other

seven classifiers across accuracy, F1-score, and AUROC.
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3.5. Variable importance in predicting unintended pregnancy

To gain insight into the contribution of individual predictors to the XGBoost model’s output, we computed SHAP values
for the full analytic sample (Figure 3). The top five predictors —marital status, number of living children, region of
residence, age, and ideal number of children —accounted for 56.9% of the model’s total predictive contribution. Marital
status alone contributed 14.7%, with married or cohabiting women associated with a lower predicted probability of
unintended pregnancy (negative mean SHAP value). Number of living children contributed 13.4%, with higher parity
associated with lower predicted risk —plausibly reflecting greater contraceptive uptake among women who have com-
pleted their desired family size. Regional differences (11.1%) and age (9.8%) confirmed the patterns observed in the
multivariable regression, with younger women and those in Littoral showing higher predicted risk. Ideal number of
children was the strongest positive contributor (7.9%), indicating that women whose stated ideal family size exceeded
their current parity were more likely to experience unintended pregnancy —suggesting an unmet desire for contracep-
tive spacing rather than family-size limitation. Lower-ranked predictors included religious affiliation (6.7%), perceived
distance to health facilities (5.8%), radio exposure (5.1%), and place of residence (4.6%). These SHAP values measure

each variable’s predictive contribution to the model’s output and should not be interpreted as causal effects.

Global SHAP Feature Importance — XGBOOST

Mean absolute contribution to unintended pregnancy prediction

Number of ving chicren | o.'51s
Region | © 15:2
Age (roupe<) N 0.5
Ideal number of children _ 0.1129
Wealth index _ 0.1074
Reigion | 55
Distance to health center ||| A o-o::+
Radio access _ 0.0723
Residence type _ 0.0652
Education level _ 0.0539
Television access _ 0.0342
Employment status _ 0.0331
Age at first sexual intercourse _ 0.0262

Newspaper/magazine access - 0.0213

0.00 0.05 0.10 0.15 0.20
Mean absolute SHAP value |¢|

Predictor variable

Direction . Decreases risk (=) . Increases risk (+)

Figure 3: Ranking of predictive variables for unintended pregnancy in the Benin Republic. Marital status, parity,

region, age, and ideal family size jointly account for 56.9% of the model’s predictive contribution.
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Table 5 presents the global SHAP values for all seventeen predictor variables ranked by their mean absolute contribu-
tion to the XGBoost model's output. While Figure 2 illustrates the top predictors, the full table shows the complete
contribution structure across the entire set of variables. Beyond the top five (marital status, number of living children,
region, age, and ideal number of children), wealth index (7.5%), perceived distance to health facilities (5.8%), and radio
access (5.1%) constitute a second tier of moderate predictors with negative SHAP directions. A third tier of lower-rank-
ing variables —including television access, employment status, newspaper access, internet use, and age at first sexual
intercourse —each contributed less than 2.5% of total importance, consistent with their non-significant or marginal as-
sociations in the multivariable regression. Across all seventeen predictors, nine exhibited negative SHAP directions
(associated with lower predicted risk), and eight exhibited positive directions (associated with higher predicted risk),
underscoring that the determinants of unintended pregnancy in the Benin Republic operate in both protective and risk-

increasing directions simultaneously.

Table 5: Global SHAP values and predictive importance of variables in the XGBoost model for unintended preg-

nancy

Ranic | ool J] Mean SHAP 1g ]| Dirccton |

1 Marital status 0.21 - 14.7
2 Number of living children 0.19 - 13.4
3 Region 0.16 - 11.1
4 Age (grouped) 0.14 - 9.8
5 Ideal number of children 0.11 + 7.9
6 Wealth index 0.11 - 7.5
7 Religion 0.10 + 6.7
8 Distance to health center 0.08 - 5.8
9 Radio access 0.07 - 51
10 Residence type 0.07 - 4.6
11 Education level 0.05 + 3.8
12 Television access 0.03 + 2.4
13 Employment status 0.03 - 2.3
14 Age at first sexual intercourse 0.03 - 1.8
15 Newspaper/magazine access 0.02 - 1.5
16 Sex of household head 0.01 + 1.0

224

225
226
227
228
229
230
231
232
233
234
235

236

237
238



Journal of African Population Studies 2026, 39(2), 5316 17 of 25

Ranic | ool J] Mean SHAP 1g ]| Dirccton |

17 Internet use 0.01 - 0.6

3.6. High-risk profiles for unintended pregnancy in Benin Republic

Multidimensional risk profiles were constructed by stratifying the analytic sample across the six top-ranked SHAP var-
iables: marital status, number of living children, region of residence, age, ideal number of children, and household
wealth index. The mean predicted probability of unintended pregnancy was computed within each stratum, retaining
only profiles with at least ten women to ensure statistical stability. Figure 4 displays the ten profiles associated with the

highest predicted probabilities of unintended pregnancy.

A striking and counterintuitive finding is that all ten high-risk profiles correspond to married or cohabiting women, not
to single or non-cohabiting women. This result does not contradict the SHAP analysis —which correctly identifies mar-
ital status as the strongest predictor, with being single associated with higher predicted risk at the individual level.
Rather, it reflects a sampling constraint: single or non-cohabiting women represent only 7.6% of the analytic sample (n
= 679), and when their already small subgroup is further stratified across five additional variables, the resulting strata
almost universally contain fewer than ten women and are therefore excluded from the profiling stage. The top ten
profiles thus identify the highest-risk configurations within the numerically dominant married or cohabiting group.
This methodologically important distinction underscores the need for cautious interpretation of profile-based results

alongside individual-level SHAP contributions.

Within this group, predicted probabilities range from 59% to 65% across the top ten profiles —a range that is both mean-
ingful and consistent with the model’s overall AUROC of 0.62, confirming that the profiles are discriminating real het-
erogeneity in risk rather than artefacts of the algorithm. Two universal features cut across all ten profiles: young age
(15-19 or 20-24 years) and low parity (one or two living children). Together, these dimensions define a specific life-
course juncture —early union, early childbearing, unfulfilled fertility trajectory —that consistently generates elevated

predicted risk regardless of region, wealth, or fertility preferences.

The two highest-risk profiles, both carrying a predicted probability of 65%, reveal an important contrast that speaks to
the multidimensional nature of vulnerability. The first and highest-risk profile comprises married women aged 15-19
with one living child, residing in Alibori (the northernmost department), whose ideal family size is three children or
fewer, from poor households. This profile captures a form of vulnerability rooted in early marriage, geographic remote-
ness, limited wealth, and a relatively modest fertility aspiration —suggesting that, for these women, a pregnancy occur-
ring early in a union may be experienced as mistimed against a backdrop of limited family planning access and eco-
nomic constraint. The second profile, with an identical predicted probability of 65%, presents a starkly different socio-
economic configuration: married women aged 20-24 with two children in Littoral (the country’s economic hub, home
to Cotonou), whose ideal family size is 4-5 children, from the wealthiest households. That two such contrasting pro-
files—one poor and northern, the other affluent and urban —share the same predicted probability of unintended preg-

nancy strongly illustrates that risk in the Benin Republic is not confined to any single axis of disadvantage.

The northern departments generate two additional high-risk profiles through Atacora. The third profile mirrors the
Alibori configuration in its age group (15-19 years) and wealth (poor households), but features an ideal of 4-5 children
and a predicted probability of 62% —slightly lower, yet still among the highest observed. The sixth profile shifts to an
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older age bracket (20-24 years) within the same department, with middle-wealth households and an ideal of 4-5 chil-
dren, reaching 61%. Together, these two Atacora profiles suggest that north-western Benin concentrates a specific clus-
ter of risk among young primiparous women in early unions, irrespective of their stated fertility preferences, likely

reflecting the documented shortfalls in family planning service coverage in this region [6].

The Atlantique department generates three distinct profiles, ranked seventh to ninth with predicted probabilities of
60%, 59%, and 59%, respectively. All three share the same age group (20-24 years) and one living child, but differ in
ideal family size (4-5 children vs. three or fewer) and wealth quintile (richest vs. richer). The clustering of three separate
profiles within Atlantique alone —the department surrounding the coastal economic corridor —underscores the partic-
ular vulnerability of young women in this fast-urbanising context, where rapid socioeconomic change may outpace the
expansion of reproductive health services and generate new forms of spacing failure. A fifth profile in the southern belt,
the fourth overall with a predicted probability of 61%, captures married women aged 20-24 with one child in Couffo,
with an ideal of 67 children from middle-wealth households —one of only two profiles in the top ten with a large stated
ideal family size, suggesting that for these women elevated risk may stem more from contraceptive discontinuation

during a period of high fertility desire than from opposition to childbearing per se.

The tenth and final profile —married women aged 20-24 with two children in Borgou, with an ideal of 4-5 children from
richer households, predicted probability 59% —extends the geographic reach of high-risk profiles into north-central Be-
nin Republic and demonstrates that elevated risk is not geographically confined to either the southern coast or the far
north. Across the full set of ten profiles, household wealth spans the entire distribution: poor and poorest households
appear alongside middle, richer, and richest quintiles, with the wealthiest category appearing in four of the ten profiles.
This heterogeneity constitutes perhaps the most policy-relevant finding of the profiling exercise: vulnerability to unin-
tended pregnancy in the Republic of Benin cannot be equated with poverty. Programs that restrict their targeting to
low-wealth populations will systematically miss a substantial share of high-risk women embedded in middle- and up-

per-wealth households, particularly in urban and peri-urban departments.
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Top 10 High-risk profiles of unintended pregnancy
Based on top 6 SHAP predictors — XGBoost model, Benin DHS

Married/Cohabiting | One child |
Alibori | 15-19 years | 3 or less | 65%
Poor

Married/Cohabiting | Two children
| Littoral | 20-24 years | 4-5 65%
children | The richest

Married/Cohabiting | One child
| Atacora | 15-19 years | 4-5 6
children | Poor

N
2

Married/Cohabiting | One child |
Couffo | 20-24 years | 6-7 children
| Middle

Married/Cohabiting | One child
| Littoral | 20-24 years | 4-5 61%
children | The richest

Married/Cohabiting | One child
| Atacora | 20-24 years | 4-5 61%
children | Middle

Married/Cohabiting | One child
| Atlantique | 20-24 years | 4-5
children | The richest

Married/Cohabiting | One child |
Atlantique | 20-24 years | 3 or 59%
less | The richest

Married/Cohabiting | One child
| Atlantique | 20-24 years | 4-5 59%
children | Richer

Married/Cohabiting | Two children |
Borgou | 20-24 years | 4-5 children 59%
| Richer

Profile (Marital status | Living children | Region | Age | Ideal children | Wealth)

| 3
= 2
=
32

o
=

25% 50% 75% 100%
Predicted average probability

Figure 4: Top 10 profiles with elevated risk of unintended pregnancy in the Republic. All ten highest-risk profiles are
young, low-parity, married or cohabiting women, spanning every wealth quintile and both northern and southern de-

partments.

4. Discussion

This study leveraged a comparative machine learning framework, complemented by SHAP-based interpretation, to
identify and profile women at elevated risk of unintended pregnancy in the Republic. Three findings stand out for their
interpretive and policy implications: the moderate but consistent predictive performance achieved across all eight al-
gorithms, the dominance of marital status, parity, region, age, and fertility preferences as SHAP-ranked predictors, and
the concentration of the ten highest-risk profiles among young married women with low parity, distributed across both
southern and northern departments and spanning the entire wealth spectrum —directly challenging the common as-

sumption that unintended pregnancy is primarily a poverty-driven phenomenon.

The stability of model performance across all three validation schemes provides reassuring evidence of robustness and
confirms the absence of optimistic bias that would otherwise undermine inferential confidence. The moderate AUROC
of approximately 0.62 is consistent with the predictive ceiling typically observed in DHS-based studies of reproductive
health outcomes [11], and reflects the inherent unpredictability of pregnancy intention from sociodemographic data
alone —important psychosocial and contextual drivers such as partner attitudes, relationship dynamics, and contracep-
tive availability at the precise moment of conception are not captured in the DHS instrument. From a methodological
standpoint, the comparable performance of logistic regression and XGBoost (both reaching AUROC = 0.62) is notewor-

thy in its own right: it suggests that predictor—outcome relationships in this dataset are largely linear and additive,
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offering little marginal gain from non-linear ensemble methods. This finding has important practical implications for
national health systems with limited analytic capacity —transparent, interpretable models can deliver most of the pre-
dictive value of complex algorithms while remaining considerably easier to communicate, audit, and integrate into

routine decision-making processes.

Turning to the substantive interpretation of the predictors, the dominant role of marital status in the SHAP ranking —
with its negative direction indicating that being married or cohabiting is associated with lower predicted risk at the
individual level —aligns with the multivariable regression (AOR = 2.06 for single women) and with prior research doc-
umenting that single or non-cohabiting women face structural barriers to consistent contraceptive use, including social
stigma, limited partner involvement in reproductive decisions, and unstable sexual relationships [8,10]. The profile-
level finding that all ten highest-risk profiles nevertheless correspond to married or cohabiting women does not contra-
dict this individual-level pattern: it reflects the sampling reality that single or non-cohabiting women represent only
7.6% of the analytic sample, generating strata too small for stable profiling once five additional variables are applied.
Within the married/cohabiting group, the consistently low parity across all ten profiles (one or two living children) is
directly coherent with the second SHAP finding: the protective association between higher parity and lower predicted
risk reflects increased motivation and greater exposure to family planning services once desired family size approaches
completion [12], while young women with few children —precisely those captured in the profiles —have not yet reached
that threshold. Conversely, the strong positive SHAP contribution of ideal number of children illustrates that women
whose fertility preferences exceed their current parity tend to use contraception less consistently for spacing, leading to
mistimed pregnancies even without opposition to childbearing [16]. This spacing-limiting distinction is directly evi-
denced by the profile data: the highest-risk profile (65%) in Alibori features women with an ideal of three or fewer
children and one living child —a configuration suggestive of contraceptive discontinuation or non-use during the inter-
pregnancy interval —while other profiles feature ideal sizes of 4-7 children, where spacing failures are the more plau-
sible pathway. The substantial geographic contribution of region of residence (11.1%) confirms the subnational dispar-
ities documented in the regression, reflecting well-documented inequalities in contraceptive service access and prevail-
ing fertility norms across Benin Republic’s departments [6,7]. The positive direction of educational attainment was ini-
tially counterintuitive yet is consistent with several DHS-based studies in West Africa [10,16]; a plausible explanation
is that more educated women tend to delay first births and express higher reproductive ambitions —factors that increase
the visibility of mistimed pregnancies. This should be interpreted as a predictive signature in DHS data, not as evidence

that education causally increases unintended pregnancy.

Placed in broader perspective, our findings corroborate several determinants consistently reported across sub-Saharan
Africa. The strong association between low parity and elevated predicted risk aligns with prior regional work [89],
while marital status as a leading predictor is consistent with multi-country DHS analyses by Yilak et al. [10] and Bekele
and Fekadu [12]. The geographic disparities we observe echo patterns documented for the Benin Republic specifically
by Mintogbe et al. [14] and across sub-Saharan Africa more broadly [18]. These cross-national similarities likely reflect
structural features common to the region —early marriage norms, high unmet need for family planning, and uneven
rural health infrastructure —while the sharper regional gradient observed here plausibly reflects Benin Republic’s mark-
edly low modem contraceptive prevalence (12%) and high unmet need (36%) relative to several comparator countries,
conditions that would be expected to amplify subnational disparities in family planning access and, consequently, in
unintended pregnancy risk. Our contribution lies in moving beyond single-variable association estimates toward mul-

tidimensional risk profiles that combine the top SHAP-ranked variables to generate actionable population segments.
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While Kebede et al. [11] applied explainable machine learning to married or in-union women across multiple countries
using MICS data, the present work is, to our knowledge, the first to combine within-fold resampling, comparative al-
gorithm benchmarking, and exact SHAP-based profiling to produce intervention-ready risk segments specifically for
the Beninese context. Regarding employment status, unlike prior studies in which working status was broadly protec-
tive [15,16], our model did not identify employment as a meaningful predictor —a finding that likely reflects the pre-
dominantly informal nature of female employment in the Benin Republic, where occupational status may not inde-

pendently influence contraceptive uptake.

Translating these findings into actionable priorities, several strategic directions emerge. The universal concentration of
highest-risk profiles among young women aged 15-24 with one or two living children —regardless of region, wealth,
or fertility preferences—calls for systematic integration of spacing-focused family planning counseling into routine
postnatal and antenatal care, reaching newly married and recently cohabiting women from the very first health contact
following delivery. Concurrently, the individual-level SHAP evidence that single or non-cohabiting women bear the
highest predicted risk underscores the continued need for youth-friendly reproductive health services that address con-
fidentiality concerns and social stigma for unmarried women, even though this subgroup generated no stable profiles
due to small cell sizes. Geographically, the even distribution of profiles across both northern departments (Alibori,
Atacora, Borgou) and southern departments (Atlantique, Littoral, Couffo) calls for a fully decentralized national strat-
egy rather than regionally concentrated programs; the highest predicted probability (65%) was observed in Alibori —a
northern department with documented gaps in service coverage [6] —underscoring that the risk landscape is not con-
fined to the more urbanized south. The persistence of high-risk profiles from the poorest to the wealthiest quintile
confirms that poverty-targeted programs alone will systematically miss a large share of vulnerable women; culturally
sensitive provider training, structured community engagement, and active male partner involvement are equally nec-
essary components of a comprehensive strategy. Finally, the profile in Couffo featuring an ideal of 6-7 children illus-
trates that even women with high fertility aspirations can experience spacing failures, reinforcing the need for counsel-

ing that normalizes inter-pregnancy contraceptive use across all fertility preference profiles.

5. Strengths and Limitations

This study has several notable strengths. First, it draws on a large, nationally representative dataset enabling generali-
zability to reproductive women in the Republic. Second, it adopts a machine learning pipeline in which class-imbalance
correction is performed within each cross-validation fold, eliminating a common and consequential source of optimistic
bias reported in the machine learning and health literature. Third, the use of SHAP values provides a model-agnostic,
theoretically grounded basis for variable importance estimation and directional interpretation that goes beyond con-
ventional feature importance heuristics. Fourth, the systematic comparison of eight algorithms under three independent
validation schemes constitutes a transparent benchmarking exercise and contextualizes the predictive ceiling achievable

for this outcome within the DHS data structure.

Several limitations warrant acknowledgement. First, the analytical sample is restricted to women whose most recent
pregnancy resulted in a live birth, excluding women whose pregnancies ended in miscarriage, stillbirth, or abortion.
Because abortion is substantially more common following unintended pregnancy [7], this restriction may introduce
selection bias and lead to underestimation of the true prevalence of unintended pregnancy, as well as attenuation of

some predictor-outcome associations. Second, pregnancy intention is measured retrospectively, which is subject to

359
360
361
362
363
364
365

366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382

383

384

385
386
387
388
389
390
391
392

393
394
395
396
397



Journal of African Population Studies 2026, 39(2), 5316 22 of 25

recall bias and post-rationalization, particularly for older births and for births resulting in surviving children. Third, the
DHS instrument does not capture several theoretically important predictors —including contraceptive availability at the
time of conception, partner attitudes and involvement, spousal communication about family planning, and exposure to
specific reproductive health campaigns —which likely contribute to the modest predictive ceiling observed (AUROC =
0.62). Fourth, the analyses do not formally incorporate the complex DHS sampling design (clustering, stratification, and
individual-level weights) within the machine learning models; while sampling weights were applied to descriptive and
regression estimates, fully design-adjusted machine learning remains an active methodological frontier that was beyond
the scope of this work. Fifth, the SHAP values and model predictions reflect predictive associations and must not be
interpreted causally: they quantify each variable’s contribution to the model’s output, not its causal effect on pregnancy
intention. Sixth, the cross-sectional nature of the BDHS precludes analysis of temporal dynamics in risk-factor configu-
rations. Future research should pursue longitudinal designs, integrate qualitative insights into partner- and community-
level determinants, and explore design-based machine learning methods to formally accommodate the complex survey

structure.

6. Conclusion and recommendations

This study profiled women at elevated risk of unintended pregnancy in the Benin Republic using a validated machine
learning pipeline complemented by SHAP-based interpretation. The findings demonstrate that unintended pregnancy
in the Benin Republic is shaped by a complex and intersecting configuration of demographic, relational, geographic,
and socioeconomic factors, with marital status, parity, region of residence, age, and ideal family size emerging as the
dominant predictors. Risk extends across wealth quintiles, confirming that economic empowerment alone is insufficient
to address the issue. We recommend: (i) the development of geographically tailored reproductive health programs pri-
oritizing the departments where high-risk profiles were concentrated —Atlantique, Littoral, and Couffo in the south,
and Atacora, Alibori, and Borgou in the north —reflecting the fully decentralized geographic spread of predicted risk;
(ii) the expansion of youth-friendly, unmarried-women-centered family planning services that address confidentiality
concerns and reduce access-related stigma; (iii) the systematic integration of spacing counseling for women whose fer-
tility preferences exceed their current parity, reaching them proactively before they approach their desired family size;
(iv) the combination of educational and economic empowerment initiatives —including scholarships, vocational train-
ing, and microfinance programs —with culturally sensitive provider training and structured male partner engagement;
and (v) sustained investment in subnational data systems capable of tracking profile-specific reproductive health out-
comes over time to support adaptive, evidence-driven programming. These recommendations, grounded in the predic-
tive profiles generated in this study, can support more precise and equitable use of public health resources to advance

reproductive autonomy in the Republic.

Funding: “This research received no external funding”

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Conflicts of Interest: The authors declare no conflict of interest.

References
[1] ~ World Health Organization. Sexual and reproductive health and rights [Internet]. World Health Organization; 2023. Available

from: https://www.who.int/health-topics/sexual-and-reproductive-health-and-rights#tab=tab 1.

398
399
400
401
402
403
404
405
406
407
408
409
410

411

412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428

429
430

431
432

433

434

435
436


https://www.who.int/health-topics/sexual-and-reproductive-health-and-rights#tab=tab_1

Journal of African Population Studies 2026, 39(2), 5316 23 of 25

[2]  United Nations Population Fund. State of world population 2022: Seeing the unseen [Internet]. UNFPA; 2022. Available from:
https://www.unfpa.org/sites/default/files/pub-pdf/EN_SWP22%20report 0.pdf.
[3] Bearak ], Popinchalk A, Ganatra B, Moller A-B, Tungalp Ozge, Beavin C, Kwok L, Alkema L. Unintended pregnancy and

abortion by income, region, and the legal status of abortion: Estimates from a comprehensive model for 1990-2019. The Lancet Global

Health [Internet]. 2020;8:e1152—e1161. doi: 10.1016/S2214-109X(20)30315-6.

[4] Bearak J, Popinchalk A, Alkema L, Sedgh G. Global, regional, and subregional trends in unintended pregnancy and its out-
comes from 1990 to 2014: Estimates from a Bayesian hierarchical model. The Lancet Global Health [Internet]. 2018;6:e380—e389. doi:
10.1016/S2214-109X(18)30029-9.

[6] World Health Organization. Female genital mutilation: Fact sheet. https://www.who.int/news-room/fact-sheets/detail/female-

genital-mutilation; 2025.

[6] World Health Organization. Family planning health profile — Benin. https://www.afro.who.int/sites/default/files/2020-09/Be-

nin_FP.pdf; 2019.
[7]  Guttmacher Institute. Benin country profile: Unintended pregnancy and abortion in Benin. https:/www.guttmacher.org/re-

gions/africa/benin; 2022.

[8] Nahayo B, Olayemi O, Kassa GM, Ndayishimye S. Magnitude and factors associated with unintended pregnancy among
women attending antenatal care in ABUBEF clinics, Burundi. Rwanda Medical Journal. 2025;82:87-94. doi: 10.4314/rmj.v82i1.6.

[9]  Adjorlolo PK, Akorli VV, Adjorlolo S, Peprah JO, Kantam S. Random intercept multilevel modeling of determinants of unin-
tended pregnancies in sub-Saharan Africa. Advances in Sexual & Reproductive Health Research. 2024;3:01-11. Available from:

opastpublishers.com/open-access-articles/random-intercept-multilevel-modelling-of-determinants-of-unintended-pregnancies-in-

subsaharan-africa.pdf.

[10] Yilak G, Kitaw TA, Abate BB, Zemariam AB, Alamaw AW, Lake ES, Ayele M, Belay AS, Getie A, Tilahun BD. Magnitude,

determinants, and adverse outcomes of unintended pregnancy among pregnant mothers in low- and middle-income countries: An
umbrella review of systematic reviews and meta-analysis. Journal of Global Health. 2024;14:04253. doi: 10.7189/jogh.14.04253.
[11] Kebede SD, Abera KM, Abeje ET, Enyew EB, Daba C, Asmare L, Bayou FD, Arefaynie M, Mohammed A, Tareke AA, et al.

Explainable machine learning for modeling predictors of unintended pregnancy among married/in-union women in sub-Saharan

Africa, a multi-country analysis of MICS 6 survey. Digital Health. 2024;10:20552076241292978. doi: 10.1177/20552076241292978.

[12] Bekele YA, Fekadu GA. Factors associated with unintended pregnancy in Ethiopia; further analysis of the 2016 Ethiopian
demographic health survey data. BMC Pregnancy and Childbirth. 2021;21:486. doi: 10.1186/s12884-021-03924-0.
[13] Ayalew HG, Liyew AM, Tessema ZT, Worku MG, Tesema GA, Alamneh TS, Teshale AB, Yeshaw Y, Alem AZ. Prevalence and

factors associated with unintended pregnancy among adolescent girls and young women in sub-Saharan Africa: A multilevel anal-

ysis. BMC Women’s Health [Internet]. 2022;22. doi: 10.1186/5s12905-022-02048-7.

[14] Mintogbe MM-M, Adje E, Dougnon VT, Ahoussinou C, Sanni MA. Prevalence of unplanned first pregnancy and socioeco-
nomic factors in Benin: A cross-sectional and analytical study. BM] Public Health. 2024;2:e000878. doi: 10.1136/bmjph-2023-000878.

[15] Aragaw FM, Amare T, Teklu RE, Tegegne BA, Alem AZ. Magnitude of unintended pregnancy and its determinants among
childbearing age women in low and middle-income countries: Evidence from 61 low and middle-income countries. Frontiers in
Reproductive Health. 2023;5:1113926. doi: 10.3389/frph.2023.1113926.

[16] Bain LE, Ahinkorah BO, Seidu A-A, Budu E, Okyere ], Kongnyuy E. Beyond counting intended pregnancies among young

women to understanding their associated factors in sub-Saharan Africa. International Health. 2022;14:501-509. doi:
10.1093/inthealth/ihab056.
[17] Tareke AA, Enyew EB, Dubale AT, Shimie AW, Kasaye MD, Eshetu HB. Determinants of change in unintended pregnancy in

Ethiopia using the 2005 and 2016 EDHS: Non-linear multivariable decomposition analysis. Archives of Public Health [Internet].
2022,80:232. doi: 10.1186/s13690-022-00984-2.

437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478


https://www.unfpa.org/sites/default/files/pub-pdf/EN_SWP22%20report_0.pdf
https://doi.org/10.1016/S2214-109X(20)30315-6
https://doi.org/10.1016/S2214-109X(18)30029-9
https://www.who.int/news-room/fact-sheets/detail/female-genital-mutilation
https://www.who.int/news-room/fact-sheets/detail/female-genital-mutilation
https://www.afro.who.int/sites/default/files/2020-09/Benin_FP.pdf
https://www.afro.who.int/sites/default/files/2020-09/Benin_FP.pdf
https://www.guttmacher.org/regions/africa/benin
https://www.guttmacher.org/regions/africa/benin
https://doi.org/10.4314/rmj.v82i1.6
https://www.opastpublishers.com/open-access-articles/random-intercept-multilevel-modeling-of-determinants-of-unintended-pregnancies-in-subsaharan-africa.pdf
https://www.opastpublishers.com/open-access-articles/random-intercept-multilevel-modeling-of-determinants-of-unintended-pregnancies-in-subsaharan-africa.pdf
https://doi.org/10.7189/jogh.14.04253
https://doi.org/10.1177/20552076241292978
https://doi.org/10.1186/s12884-021-03924-0
https://doi.org/10.1186/s12905-022-02048-7
https://doi.org/10.1136/bmjph-2023-000878
https://doi.org/10.3389/frph.2023.1113926
https://doi.org/10.1093/inthealth/ihab056
https://doi.org/10.1186/s13690-022-00984-2

Journal of African Population Studies 2026, 39(2), 5316 24 of 25

[18] Ghose B, Adjei NK, Yaya S. Epidemiology of unintended pregnancies: Regional insights from sub-Saharan Africa. Discover
Social Science and Health [Internet]. 2025;5:63. doi: 10.1007/s44155-025-00218-0.

[19] Chawla NV, Bowyer KW, Hall LO, Kegelmeyer WP. SMOTE: Synthetic minority over-sampling technique. Journal of Artificial
Intelligence Research [Internet]. 2002;16:321-357. doi: 10.1613/jair.953.

[20] Cox DR. The regression analysis of binary sequences. Journal of the Royal Statistical Society Series B (Methodological).
1958;20:215-232. doi: 10.1111/j.2517-6161.1958.tb00292.x.

[21] Quinlan JR. Induction of decision trees. Machine Learning. 1986;1:81-106. doi: 10.1007/BF00116251.

[22] Breiman L. Random forests. Machine learning. 2001;45:5-32. doi: 10.1023/A:1010933404324.

[23] Cover TM, Hart PE. Nearest neighbor pattern classification. IEEE Transactions on Information Theory. 1967;13:21-27. doi:
10.1109/TIT.1967.1053964.

[24] Cortes C, Vapnik V. Support-vector networks. Machine Learning, 1995;20:273-297. doi: 10.1007/BF00994018.

[25] Rumelhart DE, Hinton GE, Williams R]. Learning representations by back-propagating errors. Nature. 1986;323:533-536. doi:
10.1038/323533a0.

[26] Domingos P, Pazzani M. On the optimality of the simple Bayesian classifier under zero-one loss. Machine Learning.
1997;29:103-130. doi: 10.1023/A:1007413511361.

[27] Chen T, Guestrin C. XGBoost: A scalable tree boosting system. Proceedings of the 22nd ACM SIGKDD international conference

on knowledge discovery and data mining. 2016. p. 785-794.

[28] LundbergSM, Lee S-1. A unified approach to interpreting model predictions. Advances in neural information processing sys-
tems. 2017.

[29] R Core Team. R: A language and environment for statistical computing [Internet]. Vienna, Austria: R Foundation for Statistical
Computing; 2024. Available from: https://www.R-project.org/.

[30] Wickham H, Miller E, Smith D, et al. Haven: Import and export ‘SPSS’, ‘stata’ and 'SAS’ files [Internet]. 2024. Available from:
https://CRAN.R-project.org/package=haven.

[31] Wickham H, Frangois R, Henry L, Miiller K, et al. Dplyr: A grammar of data manipulation [Internet]. 2024. Available from:
https://CRAN.R-project.org/package=dplyr.

[32] Comtois D. Summarytools: Tools to quickly and neatly summarize data [Internet]. 2024. Available from: https://CRAN.R-pro-

ject.org/package=summarytools.

[33] Lunardon N, Menardi G, Torelli N. ROSE: A package for binary imbalanced learning. The R Journal [Internet]. 2014;6:79-89.

[34] Kuhn M. Building predictive models in r using the caret package. Journal of Statistical Software [Internet]. 2008;28:1-26. doi:
10.18637/js5.v028.i05.

[35] Liaw A, Wiener M. Random Forest: Breiman and Cutler’s random forests for classification and regression [Internet]. 2002.

Available from: https://CRAN.R-project.org/package=randomForest.

[36] Meyer D, Dimitriadou E, Homik K, Leisch F, et al. e1071: Misc functions of the department of statistics (€1071) [Internet]. 2024.
Available from: https://CRAN.R-project.org/package=e1071.

[37] Ripley BD. Nnet: Feed-forward neural networks and multinomial log-linear models [Intemet]. 2009. Available from:
https://CRAN.R-project.org/package=nnet.

[38] Therneau TM, Atkinson B, Ripley BD. Rpart: Recursive partitioning and regression trees [Internet]. 2024. Available from:
https://CRAN.R-project.org/package=rpart.

[39] Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez J-C, Miiller M. pROC: An open-source package for r and s+ to
analyze and compare ROC curves. BMC Bioinformatics [Interet]. 2011;12:77. doi: 10.1186/1471-2105-12-77.

[40] Wickham H. ggplot2: Elegant graphics for data analysis [Internet]. 2nd ed. Springer; 2016. Available from:
https://link.springer.com/book/10.1007/978-3-319-24277-4.

479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520


https://doi.org/10.1007/s44155-025-00218-0
https://doi.org/10.1613/jair.953
https://doi.org/10.1111/j.2517-6161.1958.tb00292.x
https://doi.org/10.1007/BF00116251
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1109/TIT.1967.1053964
https://doi.org/10.1007/BF00994018
https://doi.org/10.1038/323533a0
https://doi.org/10.1023/A:1007413511361
https://doi.org/10.1145/2939672.2939785
https://www.r-project.org/
https://cran.r-project.org/package=haven
https://cran.r-project.org/package=dplyr
https://cran.r-project.org/package=summarytools
https://cran.r-project.org/package=summarytools
https://journal.r-project.org/archive/2014-1/
https://doi.org/10.18637/jss.v028.i05
https://cran.r-project.org/package=randomForest
https://cran.r-project.org/package=e1071
https://cran.r-project.org/package=nnet
https://cran.r-project.org/package=rpart
https://doi.org/10.1186/1471-2105-12-77
https://link.springer.com/book/10.1007/978-3-319-24277-4

Journal of African Population Studies 2026, 39(2), 5316 25 of 25

[41]

Gohel D, contributors. Flextable: Functions for tabular reporting [Internet]. 2024. Available from: https://CRAN.R-pro-

ject.org/package=flextable.

(42]

Gohel D, Moog S, contributors. Officer: Manipulation of Microsoft Word and PowerPoint documents [Internet]. 2024. Availa-

ble from: https://CRAN.R-project.org/package=officer.

[43]

The DHS Program. The DHS program - available datasets. https://dhsprogram.com/data/available-datasets.cfm; 2025.

521
522
523
524

525
526


https://cran.r-project.org/package=flextable
https://cran.r-project.org/package=flextable
https://cran.r-project.org/package=officer
https://dhsprogram.com/data/available-datasets.cfm

