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Abstract

Iron supplementation during pregnancy is crucial, fulfilling increased demands for placental and fetal
development. Despite WHO recommendations and efforts to promote iron intake, uptake remains
suboptimal in many regions, including Somaliland, where maternal and child health indicators are poor
due to limited healthcare access and nutritional deficiencies. This study aims to identify determinants of
iron supplementation to inform targeted interventions. This cross-sectional study utilized data from the
2020 Somaliland Health and Demographic Survey (SLHDS) for a sample of 2,983 pregnant women.
Explanatory variables included maternal age, education, employment status, ANC visits, residence type,
region, media exposure, and wealth. Supervised machine learning models including, Logistic Regression,
Random Forest, XGBoost, LightGBM, Support Vector Machine, and K-Nearest Neighbors were
employed to predict iron supplementation uptake. Performance was evaluated using accuracy, precision,
recall, F1-score, and AURQOC. Overall, 28.83% of pregnant women reported taking iron supplements.
Bivariate analysis revealed significant associations (p < 0.05) between iron supplementation and maternal
age (2 =15.00, p = 0.020), educational level (2 =117.3, p < 0.001), employment status (y2 =5.5,p =
0.019), ANC visits (32 = 259.5, p < 0.001), region (32 = 103.5, p < 0.001), media exposure (y2 =22.3, p <
0.001), and wealth quintile (32 =261.1, p <0.001). The Random Forest model demonstrated the best
performance, achieving an accuracy of 0.785 and an AUROC of 0.81. Iron supplementation uptake in
Somaliland remains suboptimal, with only 28.83% reporting adherence, underscoring a critical need for
enhanced interventions. The Random Forest model highlighted key predictors of iron supplementation
uptake: wealth status, region, antenatal care visits, and maternal age. These findings emphasize the
importance of socioeconomic factors, geographical location, and access to healthcare services in
influencing iron supplementation behaviors.
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1. Introduction

Iron is an essential mineral that supports oxygen transport in the blood, plays a key role in various bodily
functions, and is commonly used to prevent and treat iron-deficiency anemia. Anemia, which is frequently caused
by iron deficiency, is a serious global public health issue, especially for pregnant women in developing nations
(1,2). In order to improve the health of both the mother and the fetus, iron supplementation—the administration
of extra iron—is a critical strategy in defending against iron deficiency and anemia (3-5). The primary goal of
iron supplementation during pregnancy is to fulfill the higher iron needs required for the growth of the placenta,
fetal development, and the expansion of the mother's red blood cell mass (4,6). Supplementing to address iron
deficiency is essential since low iron levels during pregnancy can have serious repercussions, such as an increased
risk of maternal death, obstetric problems, preterm birth, and low birth weight babies (7-9). Regardless of
hemoglobin levels, the World Health Organization (WHO) recommends iron supplementation for all pregnant
women due to the potential of such negative health effects (10).

Globally, anemia is a widespread health issue among pregnant women, with an estimated global
prevalence of 41.8% (1). A significant portion of this burden is attributed to iron deficiency (2,11). In 2019, the
WHO reported that 29.9% of women of reproductive age worldwide were anemic, with a higher prevalence among
pregnant women (36.5%) compared to their non-pregnant counterparts (29.6%) (12). Sub-Saharan Africa (SSA)
bears a disproportionately high burden of anemia during pregnancy, with prevalence rates exceeding those in other
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regions (13). While adherence to iron supplementation in high-income countries can reach up to 85%, rates in
some SSA countries have been reported to be as low as 22% (12,14). In Ethiopia, for example, a spatial analysis
of iron supplementation among pregnant women revealed significant regional variations in coverage (15). Lower-
middle-income countries, observed the highest prevalence of anemia.

In the East African region, anemia among pregnant women remains a persistent challenge. The coverage
of iron supplementation during pregnancy is still low, and has not fulfilled the World Health Organization (WHO)
standard recommendations (16). Somaliland is a self-declared independent state located in the Horn of Africa.
Maternal and child health indicators are particularly poor in Somaliland, reflecting limited access to healthcare
services and pervasive nutritional deficiencies (17). Somaliland is facing with poor maternal and child health
indicators compared to other countries in the region (18). Although routine iron supplementation is recommended
as part of antenatal care, uptake remains suboptimal. Understanding the factors influencing iron supplementation
among pregnant women in Somaliland is therefore crucial for designing targeted interventions to improve
maternal and child health outcomes. Somaliland’s healthcare system faces constraints such as limited resources,
inadequate infrastructure, and a shortage of skilled healthcare workers (19). Further, cultural beliefs,
socioeconomic disparities, and geographical barriers may also affect access to and utilization of maternal health
services.

Despite efforts to promote iron supplementation during pregnancy, the specific factors influencing its
uptake in Somaliland remain poorly understood. Existing literature from other regions, including Ethiopia, and
Tanzania, highlights the importance of factors such as antenatal care attendance, maternal education, household
wealth, media exposure, and community-level factors (15,20). However, the unique context of Somaliland, with
its distinct cultural norms, healthcare system challenges, and socioeconomic conditions, necessitates a focused
investigation to identify the key determinants of iron supplementation in this specific setting.

This study aims to assess the prevalence of iron supplementation among pregnant women in Somaliland
and to predict individual and community-level factors associated with its uptake, utilizing data from the 2020
Somaliland Health and Demographic Survey (SLHDS 2020). By looking at these variables, the study aims to offer
evidence-based suggestions for enhancing iron supplementation programs, which would ultimately help to lower
maternal anemia and improve the health of mothers and children in Somaliland.

2. Methods and Materials
2.1 Study Area
Somaliland, situated in the Horn of Africa, shares borders with Djibouti to the west, Ethiopia to the south,

and Somalia to the east. Encompassing 176,119.2 square kilometers, the country possesses an 850-kilometer
coastline along the Gulf of Aden. The climate varies regionally, with the northern terrain characterized by hills
and altitudes ranging from 1,800 to 2,100 meters above sea level. While Awdal, Marodijeh, and portions of Sahil
exhibit fertile and mountainous landscapes, Togdheer, Sanaag, and Sool are predominantly semi-arid,
experiencing average daily temperatures between 25°C and 35°C and humidity fluctuations from 63% during the
dry season to 82% during the wet season. The country experiences four distinct seasons: Gu’ (spring), Hagaa
(summer), Dayr (autumn), and Jiilaal (winter).

2.2 Data source, Study Design, Period and Sampling procedure

In this study, we used the most recent Somaliland Health and Demographic Surveys (SLHDSs) 2020
dataset as the source of the data for this study. The SLHDS2020 is the first countrywide household survey that
collected demographic and health data in all six main regions of Somaliland.

The SLHDS 2020 employed a cross-sectional study design. Cross-sectional studies provide a snapshot
of the population at a single point in time, allowing for the examination of associations between the study variables
(21). Data collection was conducted from November 22, 2019, to March 1, 2020. A stratified, multi-stage
probability cluster sampling design was applied across six geographical regions, each stratified by urban, rural,
and nomadic residence areas. The sample design utilized up-to-date high-resolution satellite imagery to digitize
all dwelling structures in urban and rural areas, forming Enumeration Areas (EAs) on-screen using GIS software.
Each EA contained a minimum of 50 and a maximum of 149 dwelling structures. A total of 2,923 EAs (1,869 in
urban areas and 1,054 in rural areas) were digitized. In the first stage, 35 EAs in every stratum of every design
domain were selected using probability proportional to size (PPS) sampling of digitized dwelling structures.



Listing of households was carried out in each of the 35 selected EAs to obtain the total number of households. In
the second stage, 10 PSUs were sampled using probability proportional to the number of listed households.

2.3 Population and Sample
The target population for this study comprises women of reproductive age (15-49) who were pregnant at
the time of the SLDHS 2020 survey. The SLHDS successfully total Number of eligible women interviewed 6,285
in this age group. From this sample, we extracted data for all women who reported being currently pregnant. After
excluding cases with missing data on the outcome variable (iron supplement use) and other key predictors, a final
analytical sample of 2,983 pregnant women was included in the machine learning analysis.

2.4 Inclusion and Exclusion Criteria
The inclusion criterion for this study was any woman aged 15-49 who was currently pregnant at the time
of the survey and had complete information on iron supplement use. The primary exclusion criteria were: (i)
women who were not pregnant at the time of the survey, and (ii) pregnant women with missing values for the
outcome variable or the key explanatory variables selected for the models, to ensure the robustness of the analysis.

2.5 Target Variable
The primary response variable in this study was uptake of iron supplementation during pregnancy. This
was measured through a direct question in the SLHDS 2020 questionnaire, asking women whether they had taken
iron supplements during their current or most recent pregnancy. The response was coded as a binary variable
(Yes=1, No=0), indicating whether or not the woman had used iron supplements.

2.6 Explanatory Variables
Based on existing literature on determinants of iron supplement use, and guided by the availability of
variables in the SLDHS 2020, we included the following explanatory variables in the analysis: maternal age (15—
19,2024, 25-29, 30-34, 35-39, 40—44, and 45-49 years), maternal education (no education, primary, secondary,
and higher), employment status (yes or no), number of ANC visits (0—4 visits vs. >4 visits), type of residence
(rural or urban), region (Awdal, Marodijeh, Sahil, Togdheer, Sool, and Sanaag), media exposure (no exposure vs.
exposure), and wealth status (poor, middle, rich).

2.7 Operational Definitions

a) Iron Supplement Use: Consumption of iron supplements (tablets or syrup) at any point during the
current or most recent pregnancy (22).

b) Maternal Education: The highest level of formal education completed by the pregnant woman (No
Education, Primary, Secondary, Higher) (23).

c) Antenatal Care (ANC) Visits: The number of times a pregnant woman received health care from a
skilled provider (doctor, nurse, or midwife) during her current pregnancy. For this study, it was
categorized as None', '1-3 visits', and '4 or more visits', in line with WHO recommendations (24).

d) Wealth Status: A composite measure of household economic status, derived from household assets and
characteristics using principal component analysis (quintiles: poorest, poorer, middle, richer, and richest)
(25).

e) Media Exposure: Whether the pregnant woman reported being exposed to any form of media
(television, and radio).

2.8 Data Processing
Data processing was performed using STATA (version 16.0) and R (version 4.2). The raw SLHDS
dataset was cleaned by selecting the relevant variables and managing missing values through deletion due to the
small proportion of missing data on key predictors. The dataset exhibited a class imbalance in the outcome
variable, which can bias machine learning models. To address this, the Synthetic Minority Over-sampling
Technique (SMOTE) was applied to the training dataset to create a balanced distribution between the iron
supplemented and 'Not supplemented' classes (26). The entire dataset was split into a training set (80%) and a



testing set (20%), using stratified sampling to maintain the original distribution of the outcome variable in both
subsets.

2.9 Necessary Libraries
The following R libraries were utilized for data analysis and machine learning modeling: haven, caret,
randomForest, xgboost, glmnet, 1071, nnet, class, gbm, rpart, lightgbm, pROC, themis, recipes, dplyr, Matrix,
ggplot2, reshape2, mlbench, SHAPforxgboost, and shapviz. These libraries provide a wide range of functions for
data manipulation, statistical analysis, machine learning, and visualization.

2.10 Statistical Analysis
The analysis was conducted in three stages: univariate, bivariate, and machine learning modeling.

2.10.1 Univariate Analysis
Descriptive statistics, including frequencies and percentages, were calculated to summarize the socio-
demographic and health-related characteristics of the study participants.

2.10.2 Bivariate Analysis
Pearson’s chi-square (y?) test was used to assess the association between each categorical explanatory
variable and the outcome variable (iron supplement use). A p-value of <0.05 was considered statistically
significant. The formula for the chi-square test is:

e[z

where O; is the observed frequency and E; is the expected frequency for each cell in the contingency table.

2.10.3 Machine Learning Analysis
Several supervised machine learning classification algorithms were employed to identify the most
important predictors of iron supplement use. The models included Logistic Regression (LR), Random Forest (RF),
eXtreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), Support Vector Machine
(SVM), and K-Nearest Neighbors (KNN) (27-30).
Model performance was evaluated on the test set using standard metrics derived from the confusion
matrix: Accuracy, Precision, Recall (Sensitivity), F1-Score, Matthews Correlation Coefficient (MCC), and the

Area Under the Receiver Operating Characteristic Curve (AUROC) (31).
(TP + TN)

. Accuracy = ——————
Y (TP + TN + FP + FN)

. . T
=  Precision =
(TP + FP)

TP
(TP + FN)
2 * (Precision * Recall)

= Recall (Sensitivity) =

=  F1-Score =

(Precision + Recall)

where TP = True Positives, TN = True Negatives, FP = False Positives, and FN = False Negatives.

2.11 Ethical approval
This study utilized publicly accessible and fully anonymized data from the Somaliland Health and
Demographic Survey (SLHDS) 2020, which contains no personally identifying information.

3. Results

3.1 Prevalence of Iron Supplementation Uptake
A total of 2,983 pregnant women were included in this analysis from the 2020 SLDHS data. Overall, 28.83% (n
= 860) of pregnant women reported taking iron supplements (Fig. 1). Among those who had 0-4 antenatal care
(ANC) visits (91.59%), are majority of the respondents, while only 8.4% visits more than times (Fig. 2).
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3.2 Descriptive outcomes of the background characteristics

The study sample (N = 2,983) of pregnant women in Somaliland was predominantly composed of
individuals aged 25-29 years (26.79%), with no formal education (83.04%), who were unemployed (99.53%).
The majority of participants had no media exposure (98.12%), and were classified as poor (54.68%).

Bivariate analyses, revealed statistically significant associations between iron supplementation and
several individual and community-level factors:

Women aged 15-19 years reported the highest uptake of iron supplements (31.55%), and maternal age
was significantly associated with supplementation, y*(6) = 15.00, p = .020. Educational attainment also
demonstrated a strong association, ¥*(3) = 117.29, p <.001, with the highest uptake observed among women with
higher education (66.67%). Employment status was significantly related to iron supplementation, x*(1) = 5.50, p
= .019, as employed women were more likely to take iron supplements (57.14%) compared to unemployed
women.

Antenatal care (ANC) visits showed a highly significant association, ¥*(1) = 259.51, p <.001. Women
who attended more than four ANC visits had substantially higher supplementation rates (72.91%) than those with
fewer visits. Regional differences were also statistically significant, ¥*(5) = 103.49, p < .001, with the highest
uptake found in Sahil (38.36%), Marodijeh (36.72%), and Togdheer (36.58%). Media exposure was positively
associated with iron supplementation, ¥*(1) = 22.30, p <.001; women with media exposure had a higher uptake
rate (57.14%) compared to those with no exposure (28.29%). Similarly, wealth status was significantly related to
iron supplementation, ¥*(2) =261.10, p < .001, with the richest group showing the highest uptake (46.27%).



Table 1. Descriptive Statistics: Frequencies, Percentages and Chi-square Test Results with p-values.

. Total Uptake of Iron Supplementation

Variable v p
n (%) No (N =2,123) Yes (860)

Age Group
15-19 168 (5.63%) 115 (68.45%) 53 (31.55%)
20-24 549 (18.40%) 400 (72.86%) 149 (27.14%)
25-29 799 (26.79%) 552 (69.09%) 247 (30.91%)
30-34 632 (21.19%) 432 (68.35%) 200 (31.65%) 15.00 0.02
35-39 528 (17.70%) 382 (72.35%) 146 (27.65%)
40-44 231 (7.74%) 180 (77.92%) 51 (22.08%)
45-49 76 (2.55%) 62 (81.58%) 14 (18.42%)
Maternal Education
No Education 2,477 (83.04%) 1,860 (75.09%) 617 (24.91%)
Primary 398 (13.34%) 217 (54.52%) 181 (45.48%) 1173 <001
Secondary 75 (2.51%) 35 (46.67%) 40 (53.33%)
Higher 33 (1.11%) 11 (33.33%) 22 (66.67%)
Employment Status
Yes 14 (0.47%) 6 (42.86%) 8 (57.14%) 5.5 0.02
No 2,969 (99.53%) 2,117 (71.30%) 852 (28.70%)
ANC Visits
0-4 visits 2,732 (91.59%) 2,055 (75.22%) 677 (24.78%) 259.5 <.001
>4 visits 251 (8.41%) 68 (27.09%) 183 (72.91%)
Media Exposure
No Exposure 2,927 (98.12%) 2,099 (71.71%) 828 (28.29%) 22.3 <.001
Exposure 56 (1.88%) 24 (42.86%) 32 (57.14%)
Wealth Status
Poor 1,631 (54.68%) 1,350 (82.77%) 281 (17.23%) 261.1 <.001
Middle 321 (10.76%) 219 (68.22%) 102 (31.78%)
Rich 1,031 (34.56%) 554 (53.73%) 477 (46.27%)
Region
Awdal 376 (12.60%) 247 (65.69%) 129 (34.31%)
Marodijeh 354 (11.87%) 224 (63.28%) 130 (36.72%)
Sahil 365 (12.24%) 225 (61.64%) 140 (38.36%) 103.5 <001
Togdheer 514 (17.23%) 326 (63.42%) 188 (36.58%) ’ '
Sool 678 (22.73%) 556 (82.01%) 122 (17.99%)
Sanaag 696 (23.33%) 545 (78.30%) 151 (21.70%)
Type of Residence
Rural 1,489 (49.92%) 1,065 (71.52%) 424 (28.48%) 0.18 0.67
Urban 1,494 (50.08%) 1,058 (70.82%) 436 (29.18%)

3.3 Model performance comparison for predicting iron supplementation uptake

The predictive capabilities of ten machine learning models, demonstrating a range of performance, were
evaluated for identifying predictors of iron supplement use among pregnant women, with performance metrics
summarized in Table 2. The Random Forest (RF) model achieved the highest accuracy (0.785, 95% CI [0.750,
0.818]) and AUC (0.81), suggesting a superior ability to correctly classify individuals and discriminate between
users and non-users of iron supplements. Logistic Regression (LR) achieved an accuracy of 0.705 (95% CI [0.666,
0.741]) and an AUC of 0.756, representing moderate predictive power. Support Vector Machine (SVM) had the
lowest accuracy (0.290, 95% CI [0.254, 0.329]) and relatively low sensitivity (0.264), indicating limited
effectiveness in identifying iron supplement users. K-Nearest Neighbors (k-NN) attained an accuracy of 0.763
(95% C1[0.727,0.797]), and a Kappa coefficient of 0.427, suggesting moderate agreement between predicted and
actual classifications. Decision Tree (DT) model achieved an accuracy of 0.722 (95% CI [0.684, 0.757]) and an
AUC of 0.770, demonstrating reasonable, but not exceptional, predictive performance. Gradient Boosting



Machine (GBM) and XGBoost model achieved an accuracy of 0.757 (95% CI [0.720, 0.791]) and 0.770 (95% CI
[0.734, 0.803]) respectively. Neural Network achieved an accuracy of 0.727 (95% CI [0.689, 0.762]) and
LightGBM achieved an accuracy of 0.765 (95% CI [0.729, 0.799]). Naive Bayes exhibited a high sensitivity
(0.920) but low specificity (0.384), indicating a tendency to over-predict iron supplement use, with an accuracy
0f 0.765 (95% CI [0.729, 0.799]). Considering the balance between sensitivity and specificity, as well as overall
accuracy and discriminatory ability (AUC), the Random Forest model emerged as the most promising for
identifying predictors of iron supplement use in this population.

The receiver operating characteristic (ROC) curves (Figure 2) illustrate that Random Forest (RF) model
demonstrated the highest area under the curve (AUC = 0.81), indicating superior discriminatory ability compared
to other models, followed by Logistic Regression (AUC = 0.76). Support Vector Machine (AUC = (0.74) and
Naive Bayes (AUC = 0.74) had similar performance. Decision Tree, Gradient Boosting Machine, LightGBM, and
XGBoost had similar AUC (0.77). Neural Network and KNN has less AUC compared to other models.

Table 2. Accuracy, confidence interval, kappa, sensitivity, specificity, precision, F1-measure, and AUC for
the machine learning algorithms

Metric Random Forest Logistic Regression SVM k-NN Decision Tree
Accuracy 0.785 0.705 0.290 0.763 0.722

95% CI (0.750, 0.818) (0.666, 0.741) (0.254, 0.329) (0.727,0.797) (0.684, 0.757)
Kappa 0.464 0.360 -0.283 0.427 0.368
Sensitivity 0.866 0.708 0.264 0.830 0.755
Specificity 0.587 0.698 0.355 0.599 0.640
Precision (PPV) 0.838 0.852 0.502 0.836 0.838

F1 Score 0.852 0.773 0.346 0.833 0.794

AUC 0.808 0.756 0.745 0.715 0.770

Metric GBM XGBoost Neural Network LightGBM Naive Bayes
Accuracy 0.757 0.770 0.727 0.765 0.765

95% CI (0.720, 0.791) (0.734, 0.803) (0.689, 0.762) (0.729, 0.799) (0.729, 0.799)
Kappa 0.411 0.425 0.384 0414 0.347
Sensitivity 0.826 0.856 0.752 0.851 0.920
Specificity 0.587 0.558 0.663 0.552 0.384
Precision (PPV) 0.831 0.827 0.846 0.824 0.786

F1 Score 0.828 0.841 0.797 0.838 0.848

AUC 0.774 0.774 0.755 0.772 0.744
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3.4 Features importance
Figure 3 presents the feature importance rankings derived from the Random Forest model. Wealth status
emerged as the most influential predictor of iron supplement use, followed by region and the number of antenatal
care visits. Maternal education, age group, and place of residence demonstrated moderate predictive importance.

In contrast, media access and employment status exhibited relatively low importance, indicating a lesser
contribution to the prediction of iron supplement utilization.

Feature Importance in Random Forest
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Figure 4. Important features selected from the dataset



4. Discussion

In this study, the main purpose was to (i) determine the individual and community-level factors
associated with the uptake of iron supplementation in Somaliland and (ii) predict the iron supplementation and
identify their key factors among pregnant women using a supervised machine learning model.

The prevalence of iron supplement uptake in this study was 28.8%. This finding aligns with a previous
study done in 22 Sub-Saharan African countries (13). The prevalence of iron supplementation uptake observed in
this study contrasts with several studies conducted across different geographical contexts. While Boti et al. (32)
reported a substantially higher prevalence of 81.6% among pastoralist women in Southern Ethiopia, and Zegeye
et al. (20) found a prevalence of 51.7% across 25 Sub-Saharan African countries, the current results are notably
higher than rates documented in Pakistan: 38.3% (33) and 30% (34). Conversely, the present prevalence is lower
than the 88.84% reported in Indonesia by Efendi et al. (12), the 77% found in Denmark by Knudsen et al. (35),
and the 70% observed in the Philippines by Lutsey et al. (36). These disparities highlight significant geographical
and contextual variations in adherence patterns, likely influenced by differences in health policies, antenatal care
coverage, cultural practices, and health education efforts. The prevalence of iron supplementation uptake among
pregnant women in Somaliland is significantly higher than that reported in several neighboring East African
countries. For example, Kiwanuka et al. (37) documented an adherence rate of 12% at Mulago National Referral
Hospital in Uganda. In Ethiopia, Haile et al. (38) reported a national adherence rate of 17.1%, while Ogundipe et
al. (14) observed a rate of 22.3% among hospital-based participants in Northern Tanzania. These regional
variations in supplementation practices may be attributed to differences in supplement availability, national health
policies, antenatal care programs, the involvement of community health workers, culturally specific health beliefs,
and public health awareness campaigns all of which may have positively influenced maternal nutrition practices
in Somaliland.

The use of supervised machine learning models, such as Random Forest, Decision Tree, Logistic
Regression, Naive Bayes, Support Vector Machine (SVM), k-Nearest Neighbors (k-NN), Gradient Boosting
Machine (GBM), XGBoost, LightGBM, and Neural Network, enabled the development of a robust and accurate
predictive model. For this objective, ten supervised machine-learning algorithms were trained on balanced training
data using a train-test split. Accuracy, 95% CI, Kappa, Sensitivity, Specificity, Precision (PPV), F1 Score, AUC
were used to compare the performance of classifier models. The Random Forest model outperformed other
machine learning algorithms in predicting the outcome, achieving the highest accuracy of 78.5%, an area under
the curve (AUC) of 80.8%, sensitivity of 86.6%, and an F1 score of 85.2%. These results indicate that Random
Forest provided the most robust and reliable predictions compared to the other models evaluated.

These findings align with previous studies that have employed machine learning models to predict health-
related outcomes. For instance, a study conducted in East African countries reported a high performance of the
Random Forest classifier with an AUC of 89.2% and an accuracy of 94% (39). Similarly, another study across 27
Sub-Saharan African countries achieved an accuracy of 92%, precision of 93%, recall of 96%, and an F1 score of
94% (40). In Senegal, an AUC of 80.45%, F1 score of 75.89%, and an accuracy of 73.39% (41). Furthermore, a
study in Bangladesh demonstrated outstanding results, with an accuracy of 98.75%, recall of 98.61%, precision
of 98.88%, F1 score of 98.74%, and an AUROC of 99.79% (42). These studies support growing evidence that
machine learning algorithms particularly ensemble models like Random Forest are effective in predicting health
behaviors and outcomes across various settings.

In the present study, Random Forest model identified wealth status, region, antenatal care (ANC) visits,
and maternal age as the most significant predictors of iron supplementation adherence. This predictor hierarchy,
particularly the prominence of socioeconomic factors (wealth status) and healthcare access (ANC visits) aligns
with findings from Ethiopia, where similar machine learning approaches identified comparable determinants of
micronutrient behaviors among vulnerable populations (43).

In this study, maternal age was identified as a significant factor associated with the uptake of iron
supplementation. Notably, women aged 15—-19 indicated a greater likelihood of adhering to iron supplementation
during pregnancy compared to their older counterparts. This is consistent with findings from previous studies
conducted from Pakistan (33), Ethiopia (44), and sub-Saharan African countries (20) that is similarly reported
younger maternal age were positively associated with higher adherence to antenatal iron supplementation.

Our study found that women with higher levels of education were more likely to use iron supplements
during pregnancy compared to those with no formal education. This finding is consistent with studies conducted



in Pakistan, East Africa, and Ethiopia, which have identified maternal education as a key determinant of adherence
to iron and folic acid supplementation (33,45-47). A possible explanation for this association is that education
enhances women's health literacy, increasing their awareness of the benefits of micronutrient supplementation
during pregnancy. Educated women are also more likely to access antenatal care and better understand the
maternal and child health implications of iron deficiency.

Employment status emerged as a significant factor influencing iron supplementation uptake among
pregnant women. The findings of this study indicate that employed women were more likely to adhere to iron
supplementation recommendations compared to their unemployed counterparts. This association may be
attributed to the fact that employment can enhance women's financial autonomy and access to health-related
information, which in turn promotes positive health-seeking behaviors. These results are consistent with prior
study conducted in Pakistan that identified employment as a predictor of better utilization of antenatal and
nutritional services during pregnancy (33).

Furthermore, the present study identified a significant association between the number of antenatal care
(ANC) visits and adherence to iron supplementation among pregnant women. Specifically, women who attended
more than four ANC visits were more likely to adhere to iron supplement recommendations compared to those
with fewer than four visits. This finding aligns with previous research conducted across various countries,
including Ethiopia, Malawi, sub-Saharan African nations, Pakistan, and India, which consistently reported that
increased frequency of ANC visits is positively associated with better adherence to iron supplementation
(13,20,33,38,48,49). These studies suggest that frequent ANC visits enhance maternal awareness, improve access
to supplements, and strengthen the health provider—client relationship, thereby facilitating adherence to iron intake
during pregnancy.

Moreover, media exposure was found to be positively associated with iron supplementation uptake
among pregnant women. Similarly, this finding is supported by prior studies conducted in Indonesia, Ethiopia,
and various low- and lower-middle-income Asian countries, which indicated that women who were regularly
exposed to media sources such as television or radio, were more likely to adopt recommended maternal health
practices (12,15,50). Therefore, media plays a critical role in raising awareness by disseminating essential
information regarding the benefits of iron supplementation, which in turn promotes positive health-seeking
behaviors and adherence to antenatal care guidelines.

Additionally, the wealth index of the respondents was strongly associated with iron supplement uptake.
The findings indicated that pregnant women with a higher wealth index were more likely to use iron supplements
than their poorer counterparts. This suggests that individuals with higher socioeconomic status have greater access
to healthcare services and are more likely to afford and adhere to recommended supplementation during
pregnancy. These findings are supported by similar studies conducted in Malawi (48), Ethiopia (51), Pakistan
(33), and 22 sub-Saharan African countries (13).

The region was found to be significantly associated with iron supplementation among pregnant women,
indicating that geographic location plays a critical role in maternal health service utilization. The study findings
revealed notable geographic variations in the uptake of iron supplementation across different regions. This finding
aligns with previous studies conducted in Pakistan (33) that reported regional disparities in maternal health service
utilization are play a vital role in the uptake of iron supplements.

5. Conclusion and recommendation

This study demonstrated that iron supplement use among pregnant women in Somaliland remains
suboptimal, with only 28.8% reporting adherence. Using data from the 2020 Somaliland Health and Demographic
Survey and a variety of machine learning models, particularly the Random Forest model demonstrated the
strongest predictive capability, key predictors of iron supplement uptake were identified most notably wealth
status, region, antenatal care (ANC) visits, and maternal age. These findings underscore the importance of
socioeconomic conditions, geographical location, and healthcare access in influencing iron supplementation
uptake. Targeted interventions, particularly those addressing wealth disparities and promoting antenatal care, are
therefore essential to improve maternal and child health outcomes in Somaliland.



6. Strength and limitations

Our analysis was based a nationally representative dataset, the 2020 Somaliland DHS, and employing
advanced machine learning techniques to identify key predictors of iron supplementation, which is the strength of
this study. However, a limitation of the study is it used a cross-sectional design, which limits the establishment of
causal relationships between predictors (independent variables) and iron supplementation uptake. Furthermore,
the study used secondary data for analysis. The data have missing value in the variable and some variables are not
found in the dataset which are some important variables missing from the analysis. Therefore, missingness in the
data and variables were the main limitation of this study.
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