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Abstract
Anaemia affects approximately one-third of women of reproductive age globally, with the highest burden observed 
in resource-limited countries. Therefore, this study aimed to determine the socioeconomic and demographic factors 
associated with anaemia and predict anaemia among women in Zimbabwe. Using nationally representative, cross-
sectional data from the 2015 Zimbabwe Demographic and Health Survey (DHS), a dataset from a sample of 5412 women 
of reproductive age was analyzed. The Chi-square test and multivariate logistic regression were employed to identify 
independent predictors of anaemia, while Elastic Net was used for feature importance scoring. To address the class imbal-
ance, the Synthetic Minority Oversampling Technique (SMOTE) was applied. The prevalence of anaemia among women 
in Zimbabwe was 24.1%. Multivariate logistic regression revealed significant associations between anaemia and several 
factors, including older age (35–49 years) (adjusted Odds Ratio [aOR] = 1.31), marital status (being married) (aOR = 0.72), 
higher education (aOR = 0.47), middle household wealth (aOR = 1.32), professional occupation (aOR = 1.60), current use 
of modern contraceptives (aOR = 0.59), and overweight/obesity (aOR = 0.56). The highest burden was observed in Mata-
beleland South province (aOR = 3.44). Among prediction models, the random forest classifier outperformed K-Nearest 
Neighbors (KNN) and decision trees, achieving an accuracy of 74%, recall of 78%, F1-score of 75%, precision of 72%, and 
an Area Under the Curve (AUC) of 81.5%. Targeted interventions focusing on key socioeconomic and demographic char-
acteristics could help reduce anaemia in women of reproductive age. Predictive models can aid healthcare practitioners 
in identifying at-risk individuals and implementing timely interventions to mitigate the impact of anaemia.
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Abbreviations
BMI	� Body Mass Index
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ZDHS	� Zimbabwe Demographic and Health Survey
ZIMSTAT​	� Zimbabwe National Statistics Agency
AOR	� Adjusted odds ratio
CI	� Confidence intervals
ML	� Machine learning

1  Introduction

Anaemia is a serious challenge for the global population and public health, worst in resource-poor nations [1–3], 
and in particular for children under 5 years and women of reproductive age 15–49 years [4–6]. Globally, one-third of 
women of reproductive age are estimated to be anaemic [4, 6]. Women in their reproductive span are vulnerable since 
they require more iron when pregnant, breastfeeding, and menstruating [4, 6, 7]. Anaemia prevalence is classified 
into three categories: mild, moderate, and severe, with values ranging from 5–19.9%, 20–39.9%, and 40% or more, 
respectively [8, 9]. Moderate-to-severe anaemia is common in low and middle-income countries [3, 6, 7]. Anaemia is 
a condition characterised by low haemoglobin concentration due to reduced red blood cell levels in tissues due to 
low oxygen intake [10]. Haemoglobin is an iron-rich protein carrying oxygen. When haemoglobin levels are lowered 
below normal levels, it impairs tissues and causes fatigue [5, 6]. For non-pregnant women, the haemoglobin threshold 
levels for anaemia are 11.0–11.9 (mild), 8.0–10.9 (moderate), and < 8.0 (severe) grams per deciliter (g/dl), while for 
pregnant women, they are 10.0–10.9, 7.0–9.9, and < 7.0 g/dl, respectively [6, 11, 12].

Anaemia is caused by malaria and parasitic infections, haemoglobinopathies (caused by genetic defects), and iron 
deficiency [13–15]. Maternal anaemia is associated with adverse child and maternal health outcomes including low 
birth weight, stillbirth, infant mortality, preeclampsia, postpartum haemorrhage, depression, and maternal mortal-
ity [5, 16]. The risk for anaemia is elevated for women in resource-poor nations because of nutritional deficiencies 
(e.g. folate, vitamin B12, lack of iron) and clinical or parasitic infectious diseases (e.g. HIV/AIDS, tuberculosis, malaria, 
hookworm infection) compared to those in high-income countries [2, 16]. In addition to anaemia having adverse 
nutritional and disease outcomes resulting in maternal morbidities and ultimately death, it also has demographic, 
socioeconomic, and other health implications. Previous empirical studies have demonstrated the association between 
maternal anaemia and several distal factors including age [1, 7, 13], age at first birth [17], parity [18–20], marital status 
[4, 16], religion [6, 20], education, household wealth, occupation [7, 21–24]. Other factors associated with maternal 
anaemia are access to media, residence [4, 21, 25, 26], type of toilet facility, source of drinking water, type of cooking 
fuel [7, 22, 27], modern contraceptive use, body mass index, smoking, pregnant status, breastfeeding status, preg-
nancy loss, slept und, and malaria prevention using a mosquito net [1, 7, 22, 23, 28].

Zimbabwe is one of the countries in the southern Africa region with a notable prevalence of anaemia estimated 
at 27% in 2015 dropping from 38% in 2006 [29]. The present progress towards Sustainable Development Goal (SDG) 
2.2.3 of the United Nations, which calls for reducing the prevalence of anaemia in women of reproductive age by 
half (50%) by 2025 [2, 7], is not adequate. As indicated, a prevalence of anaemia above 5% is of public health sig-
nificance. Therefore, the general moderate maternal anaemia public health problem in Zimbabwe raises concerns 
about the causes of these levels on a national scale. However, we lack detailed knowledge of the associated fac-
tors of maternal anaemia in the population. A recent study in Zimbabwe analysed limited variables and found HIV, 
residence, breastfeeding, and pregnant women were associated with anaemia in women of reproductive age [25]. 
Other studies have focused on Zimbabwe in multicountry analysis by using pooled data. Some of these studies have 
looked at subgroups of women of reproductive age such as those pregnant [30, 31] or lactating [32]. To effectively 
target public health interventions, our study sought to estimate the prevalence of anaemia and identify risk factors 
associated with anaemia among women of reproductive age utilising a wide range of individual-level socioeconomic 
and demographic characteristics mentioned in the literature.
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2 � Materials and methods

2.1 � Study setting

Zimbabwe is a lower-middle-income, land-linked country situated in the southern part of Africa [32]. The country has 
eminent emigration and economic challenges characterised by hyperinflation, poor healthcare, and high unemploy-
ment [33]. According to the 2015 Zimbabwe Demographic and Health Survey report [29], the population of Zimbabwe 
is relatively young with a fertility rate of 4.0 children per woman, and an average household size of 4.1 members in 2015. 
Further, about 3 in 5 people (men and women) reside in rural areas, and 3 in 5 households in rural households belong 
to the poorest and poor wealth status. The burden of HIV remains a public health threat with prevalence much higher 
among women (16.7%) than men (10.5%) aged 15–49 years [29]. The country is divided into 10 regions or provinces: 
Manicaland, Mashonaland Central, Mashonaland West, Mashonaland East, Midlands, Matabeleland South, Matabeleland 
North, Masvingo, Bulawayo, and Harare. The latter is the capital city. Masvingo, Bulawayo, and Matabeleland provinces 
are situated in drought-prone regions 4 and 5 [25, 34].

2.2 � Data source, sampling technique, and population

A cross-sectional design was used with a nationally representative woman of reproductive age (15–49) from the recent 
Zimbabwe Demographic and Health Survey (ZDHS) conducted in 2015. The data was collected using a two-stage sam-
pling method. In the first stage, the primary sampling units were drawn with a probability proportional to the size within 
each stratum. In the second stage, households were selected using a systematic sampling method in the selected primary 
sampling unit. In each household, all women aged 15–49 years were included in the study [29]. For this study, from a 
total of 6132 women in the dataset, a sample of 5412 weighted complete cases for women of reproductive age was 
used for women who had anaemia. Therefore, missing cases and nonresponses from the selected outcome variable in 
the study were excluded from the analysis.

2.3 � Measures

2.3.1 � Outcome

The outcome measure for this study was anaemia, irrespective of its cause. A haemoglobin threshold level of below 
11 g/dl for pregnant women and 12 g/dl for non-pregnant women was the indicator of anaemia [6, 29]. For this study, 
mild, moderate, and severe anaemia in the DHS dataset (V457) were classified as anaemic (code “1”) and otherwise as 
non-anaemic (code “0”).

2.3.2 � Explanatory variables

We selected 21 explanatory variables from existing literature which include age (15–24, 25–34, 35–49), age at first 
birth (< 18, 18+), marital status (not in union, married), parity (1–2, 3–5, 6+), religion (none/other, Catholic, Protestant, 
Pentecostal, Apostolic), education (primary/less, secondary, higher), household wealth (poor, middle, rich), occupa-
tion (unemployed, agricultural/manual labour, sales/services, professional/technical/clerical, other), modern contra-
ceptive use (no, yes), access to media (no, yes), type of toilet facility (improved, unimproved), source of drinking water 
(improved, unimproved), type of cooking fuel (low-polluting, high-polluting), body mass index (< 18.5 kg/m2: under-
weight, 18.5–24.99 kg/m2: normal, ≥ 25 kg/m2: overweight and obese), smoking (no, yes), pregnant (no, yes), breast-
feeding (no, yes), slept under a mosquito net (no, yes), ever terminated pregnancy (no, yes), area (urban, rural) and 
province/region (Manicaland, Mashonaland Central, Mashonaland West, Mashonaland East, Midlands, Matabeleland 
South, Matabeleland North, Masvingo, Bulawayo, and Harare). The household wealth variable is found in the DHS data-
set classified as five quintiles rankings (V190) and is derived using principal component analysis (PCA) from goods and 
items assets in the household [35]. The wealth quintiles were re-categorised as poor (poorest, poor), middle, and rich 
(richer and richest). Sources of drinking water (V113) from piped, tap, borehole, protected spring or well, and bottled 
water were categorised as improved and otherwise as unimproved. The type of toilet facility (V116) used such as flush, 
pit latrine with a slab, and ventilated improved pit latrine were categorised as improved and otherwise unimproved. The 
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type of cooking fuel (V161) was classified as low-polluting from electricity, gas, kerosene, and no cooking at home and 
otherwise categorised as high-polluting.

2.4 � Statistical analysis

The study population was explained using summary statistics (frequencies and percentages) and cross-tabulations. The 
chi-square test was used to test the association between each explanatory variable and anaemia. Regardless of their 
significance, all explanatory variables were included in a multivariate logistic regression model to identify independent 
predictors of anaemia among women aged 15–49 years. A parsimonious logistic regression model with all statistically 
significant explanatory variables was set as the final model using stepwise regression modelling. The results were pre-
sented as adjusted odds ratios (aOR) with 95% Confidence Intervals (CI). There was no evidence of collinearity after a 
multicollinearity test utilising the Variance Inflation Factor (VIF) since VIF < 10 (VIF mean = 2.63, VIF Min = 1.16, Max = 7.53). 
The accuracy of the model was examined using the Hosmer–Lemeshow test (P > 0.05). The resultant or final model was 
adequate and of good fit (P = 0.4968). Further, the model accuracy was confirmed by a statistically significant Wald Chi-
square test value of 156.2 (P < 0.001). Results from the multivariate logistic regression and the Chi-square test were both 
determined to be significant at a P-value of < 0·05. Stata’s ‘svyset’ command was used for weighting and stratifying the 
data to account for the complex survey design of the DHS.

2.5 � Machine learning approaches for predicting anaemia

After identifying significant variables using Chi-square and multivariate logistic regression model, the study further 
applied advanced machine learning (ML) algorithms to predict anaemia among women of reproductive age. Unlike 
statistical models, machine learning models have the predictive capacity to determine the likelihood of a woman hav-
ing anaemia using significant determinants/variables identified through statistical methods shown in Tables 2 and 3. 
In addition, each significant variable is given the importance score using Elastic Net, as shown in Fig. 3. This provides 
experts in public health to understand the degree of significance associated with each variable. Machine learning (ML) is 
a subfield of artificial intelligence that can learn and extract interesting patterns from data without explicitly programmed 
[36–38]. The application of machine learning algorithms in public health has made significant progress [39–41], especially 
in modelling risk factors associated with anaemia and predicting anaemia. For instance, Meitei et al. [42] applied ML 
algorithms on National Family Health Survey (NFHS-4) data to predict child anaemia with better accuracy. Vohra et al. 
[43] also applied ML algorithms such as decision trees, logistic regression, Naïve Bayes, random forest, support vector 
machine (SVM), and multilayer perceptron to diagnose anaemia. In India and Bangladesh, logistic regression was used 
to identify risk factors associated with women’s anaemia in limited resource areas by Jana et al. [44]. Appiahene et al. 
[45] also applied convolutional neural networks, KNN, DT, Naïve Bayes, and SVM to detect iron deficiency anaemia and 
achieve high accuracy. In Ethiopia, Dejene et al. [46] applied decision trees, random forest, CatBoost, and extreme gradi-
ent boosting to predict the level of anaemia among pregnant women, with CatBoost achieving an accuracy of 97.6%. 
Therefore, in this study, we utilised important features associated with anaemia among women of reproductive age 
selected using a parsimonious multivariate logistic regression model. The selected features include age, marital status, 
education, household wealth, occupation, modern contraceptive use, body mass index, and province/region (shown 
in Table 3). All missing data were deleted, and the categorical data were converted into numerical data using the data 
label encoding technique. The target class had an uneven distribution of samples (Anaemia-No: 4075 and Yes: 1337) as 
shown in Fig. 1. An imbalanced data in the target class can cause bias in machine learning models [47].

To address the class imbalance problem, the study applied the Synthetic Minority Oversampling Technique (SMOTE). 
SMOTE is a popular oversampling technique that uses random replication of minority class instances to balance class 
distribution [48]. SMOTE uses the KNN technique to generate synthetic data [49]. The process begins by selecting random 
data points from the minority class. SMOTE further applies KNN to identify the nearest data point and creates synthetic 
data by interpolating between the selected point and its nearest neighbour [50]. This process continues until the minority 
class is balanced with the majority class in the dataset. Pearson correlation matrix was used to determine multicollinearity 
and understand the relationships between the selected explanatory variables, as shown in Fig. 2.

Furthermore, the study applied Elastic Net to determine feature importance scores, as shown in Fig. 3. Elastic Net is 
a regularisation technique commonly used in linear regression models to handle multicollinearity and perform feature 
selection [51]. Elastic net combines both Lasso regularisation (L1) and Ridge (L2) regularisation methods, and leverages on 
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L1 for feature selection [52]. The feature importance score, based on Elastic Net indicates that contraceptive use, region, 
BMI, and age are the most important features in predicting anaemia among women of reproductive age.

After determining the feature importance score, the study split the dataset into training and testing sets using the ratio 
of 80% and 20%, respectively. The study further applied K-Nearest Neighbors (KNN), Decision Trees (DT) and Random 
Forest (RF) to predict anaemia among women of reproductive age. The K-Nearest Neighbors classifier is a supervised 
machine-learning algorithm that can used to solve classification problems. It is a non-parametric algorithm that classi-
fies new data points based on their similarity to the training data [53]. A decision tree classifier is a popular supervised 

Fig. 1   Class imbalance

Fig. 2   Pearson correlation 
heatmap

Fig. 3   Feature importance 
score
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machine learning algorithm that creates a tree-like model of decisions and their possible consequences based on the 
features of the input data [46]. It builds a decision tree based on the provided training data, where each internal node 
represents a feature or attribute, each branch represents a possible value of that feature, and each leaf node represents a 
decision [54]. A random forest classifier is an ML algorithm that combines multiple decision trees to make predictions. It 
uses decision trees, where each tree is trained on a random subset of the training data and features [46]. Random Forest 
uses bootstrap aggregating (or bagging) to construct trees during the training process. This ensures that each tree has 
a slightly different perspective on the data [55].

3 � Results

3.1 � Description of the participants

The descriptive analysis in Table 1 shows that slightly above half (50.8%) of women were aged 25–34. The majority of 
women reported that they were currently married (85.4%), had a first birth aged 18 or older (73.9%), had completed 
secondary education (62.6%), and resided in rural areas (68.6%). Nearly a quarter (24.1%) of the women were anaemic 
(Table 1). Table 2 results reveal that marital status, modern contraceptive use, body mass index, pregnant status, and 
the province/region of residence were independently associated with anaemia. The prevalence of maternal anaemia 
was highest among women who smoke (46%). Notably, anaemia was high in the province of Matabeleland South (41%), 
among pregnant women (33.4%), among not-in-union/non-married women (33.7%), women not using modern contra-
ceptives (32.3%), among underweight women (31.3%) and among Catholics (30.6%). Anaemia was lowest in the province 
of Manicaland (16.2%) (Table 1).

3.2 � Exploratory results using chi‑square

See Table 2.

3.3 � Multivariate analyses with logistic regression

The results with adjusted odds ratios (aOR) and their associated 95% confidence intervals (95% CI) indicate that age, 
marital status, education, household wealth, occupation, modern contraceptive use, body mass index, and province/
region were associated with anaemia. Although pregnant status was statistically significant in the bivariate analysis 
(Table 2), it was not so after accounting for the influence of other variables. The rest of the selected independent vari-
ables were not associated with anaemia (see Tables 1 and 2). After controlling for all other factors, age was positively 
associated with anaemia. Compared with women aged 15–24, older women aged 35–49 were 1.31 times more likely to 
be anaemic (aOR = 1.31; 95% CI 1.01–1.70). The results suggest that women who are currently married are 0.72 times as 
likely to have anaemia than those who are not in union (aOR = 0.72; 95% CI 0.28–0.78). Anaemia varies significantly with 
education. The results suggest that women’s odds of having anaemia decrease with an increased level of completed 
education. Women with more than secondary education are associated with 0.47 times the odds of anaemia compared 
to those with primary or less education (aOR = 0.47; 95% CI 0.28–0.78). Household wealth is positively associated with 
anaemia. Compared to poor women, women of average or middle-class household wealth had 1.32 times higher odds 
of being anaemic (aOR = 1.32; 95% CI 1.03–1.69). Concerning occupational status, women in professional, technical, or 
clerical positions are 60% more likely to have anaemia compared to their unemployed counterparts (aOR = 1.60; 95% CI 
1.04–2.47). Women who are currently using modern contraceptives are less likely to have anaemia than those who are 
not using them (aOR = 0.59; 95% CI 0.49–0.72). The results suggest that body mass index is negatively associated with 
anaemia. Women’s likelihood of having anaemia decreased with an increase in body mass index. Overweight and obese 
women had 0.56 times the odds of having anaemia compared to underweight women (aOR = 0.56; 95% CI 0.37–0.86). 
Anaemia varies significantly with women’s province of residence. The Province (or region) of residence is an important 
factor associated with anaemia in Zimbabwe. Relative to Manicaland province, Matabeleland South had the highest 
burden of anaemia. Midlands and Harare also had a fair share of high anaemia (Table 3).
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3.4 � Performance evaluation of anaemia predictive models

The K-Nearest Neighbors, Decision Trees and random forest classifiers were used to predict anaemia among women 
of reproductive age. After applying anaemia predictive models (KNN, DT and RF), their performance was evaluated 
using accuracy, recall, F1-score, precision, area under the precision-recall curve(AUC-PR), Cohen’s Kappa, Matthews 

Table 1   Percentage 
distribution of respondents by 
selected characteristics, ZDHS 
2015 (N = 5412)

Variable Frequency (%) Variable Frequency (%)

Age Type of toilet facility
 15–24 1681 (29.6)     Improved 3448 (60.1)
 25–34 2681 (50.8)     Unimproved 1964 (39.9)
 35–49 1050 (19.7) Type of cooking fuel

Age at first birth     Low-polluting 1759 (27.4)
 < 18 1394 (26.1)     High-polluting 3653 (72.6)
 18+ 4018 (73.9) Body Mass Index

Marital status     < 18.5 235 (4.2)
 Not in union 846 (14.6)     18.5–24.99 3215 (60.7)
 Married 4566 (85.4)     ≥ 25 1962 (35.1)

Parity Smoking
 1–2 2563 (44.6)     No 5393 (99.7)
 3–5 2419 (46.8)     Yes 19 (0.3)
 6+ 430 (8.6) Pregnant

Religion     No 5124 (94.6)
 None/other 694 (12.1)     Yes 288 (5.4)
 Catholic 261 (4.7) Breastfeeding
 Protestant 716 (13.2)     No 3238 (59.3)
 Pentecostal 1273 (21.7)     Yes 2174 (40.7)
 Apostolic 2468 (48.3) Slept under a mosquito net

Education     No 4533 (85.4)
 Primary/less 1626 (32.3)     Yes 879 (14.6)
 Secondary 3486 (62.6) Ever terminated pregnancy
 Higher 300 (5.1)     No 4746 (87.2)

Household wealth     Yes 666 (12.8)
 Poor 2058 (42.6) Area
 Middle 859 (17.3)     Urban 2026 (31.4)
 Rich 2495 (40.1)     Rural 3386 (68.6)

Occupation Province/region
 Unemployed 2635 (47.4)     Manicaland 603 (13.9)
 Agricultural/manual labour 670 (14.7)     Mashonaland Central 614 (10)
 Sales/services 1551 (28.4)     Mashonaland East 484 (9.6)
 Professional/technical/clerical 308 (5.3)     Mashonaland West 629 (13.2)
 Other 248 (4.2)     Matabeleland North 466 (4.8)

Modern contraceptive use     Matabeleland South 432 (3.9)
 No 1409 (26.3)     Midlands 609 (13.3)
 Yes 4003 (73.7)     Masvingo 564 (12.1)

Access to media     Harare 619 (14.9)
 No 1394 (27.1)     Bulawayo 392 (4.2)
 Yes 4018 (72.9) Anaemia

Source of drinking water     No 4075 (75.9)
 Improved 4279 (74.7)     Yes 1337 (24.1)
 Unimproved 1133 (25.3)
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Table 2   Prevalence of 
anaemia among women by 
selected characteristics, ZDHS 
2015

Variable Anaemia (N = 5412) P-value

No (N = 4075) Yes (N = 1337)

Age 0.603
 15–24 76.2 23.8
 25–34 76.4 23.6
 35–49 74.4 25.6

Age at first birth 0.935
 < 18 76.1 24.0
 18+ 75.9 24.1

Marital status < 0.001***
 Not in union 66.3 33.7
 Married 77.6 22.4

Parity 0.165
 1–2 75.4 24.7
 3–5 77.3 22.7
 6+ 71.8 28.2

Religion 0.237
 None/other 73.2 26.8
 Catholic 69.4 30.6
 Protestant 76.0 24.1
 Pentecostal 76.1 23.9
 Apostolic 77.2 22.8

Education 0.331
 Primary/less 75.0 25.0
 Secondary 76.1 23.9
 Higher 80.3 19.7

Household wealth 0.134
 Poor 77.9 22.1
 Middle 74.0 26.0
 Rich 74.8 25.3

Occupation 0.266
 Unemployed 76.1 24.0
 Agricultural/manual labor 78.1 21.9
 Sales/services 76.3 23.7
 Professional/technical/clerical 71.3 28.7
 Other 70.8 29.2

Modern contraceptive use < 0.001***
 No 67.7 32.3
 Yes 78.9 21.1

Access to media 0.989
 No 75.9 24.1
 Yes 76.0 24.1

Source of drinking water 0.532
 Improved 75.6 24.4
 Unimproved 76.9 23.1

Type of toilet facility 0.859
 Improved 75.8 24.2
 Unimproved 76.1 23.9

Type of cooking fuel 0.103
 Low-polluting 73.8 26.2
 High-polluting 76.7 23.3
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correlation coefficient (MCC) and balanced accuracy, as shown in Table 4. Random forest classifier performed better 
than other models, with 74% accuracy, 78% recall, 75% F1-score, and a precision of 72%. However, the decision trees 
classifier also performed better than KNN, with 73% accuracy, 75% recall, 73% F1-score, and 71% precision.

Furthermore, the KNN model has the same low both Cohen’s Kappa (36%) and MCC (36%) which suggests that the 
agreement between predicted and actual labels is weaker than the other models. Notably, Decision Trees’ Cohen’s Kappa 
and MCC are also higher (46%), indicating better reliability and agreement between predictions and actual values. This 
model appears more balanced in terms of both identifying anaemic and non-anaemic women correctly. Among these 
models, the Random Forest model recorded the highest F1-score (75%) and its Cohen’s Kappa and MCC values (48%) 
show improved agreement between predictions and reality, indicating better overall performance and robustness. The 
balanced accuracy is the same as the overall accuracy, further confirming the model’s effectiveness at handling imbal-
anced datasets and predicting anaemia among women of reproductive age (Fig. 4).

Furthermore, the performance of KNN, random forest, and decision tree was validated using StratifiedKFold validation 
to ensure that the class distribution in the dataset is preserved in each fold. Since the dataset had imbalanced classes, 
the StratifiedKFold validation technique became very useful in reducing the risk of biased evaluation. The performance 

* P < 0.05, **P < 0.01, ***P < 0.001

Table 2   (continued) Variable Anaemia (N = 5412) P-value

No (N = 4075) Yes (N = 1337)

Body Mass Index 0.042*
 < 18.5 68.7 31.3
 18.5–24.99 75.3 24.7
 ≥ 25 78.0 22.0

Smoking 0.131
 No 76.0 24.0
 Yes 54.0 46.0

Pregnant 0.006**
 No 76.5 23.5
 Yes 66.6 33.4

Breastfeeding 0.058
 No 74.6 25.4
 Yes 77.9 22.1

Slept under a mosquito net 0.121
 No 75.4 24.6
 Yes 79.0 21.0

Ever terminated pregnancy 0.787
 No 76.0 24.0
 Yes 75.4 24.6

Area 0.121
 Urban 73.9 26.1
 Rural 76.9 23.1

Province/region < 0.001***
 Manicaland 83.8 16.2
 Mashonaland Central 75.4 24.7
 Mashonaland East 81.1 18.9
 Mashonaland West 77.1 23.0
 Matabeleland North 76.3 23.8
 Matabeleland South 59.0 41.0
 Midlands 71.8 28.2
 Masvingo 77.4 22.6
 Harare 71.7 28.3
 Bulawayo 75.4 24.6
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Table 3   Results from 
multivariate logistic 
regression analysis examining 
the association of having 
anaemia among the 
respondents

* P < 0.05, **P < 0.01, ***P < 0.001

Variable aOR (95% CI)

Age
 15–24 1
 25–34 1.15 (0.93–1.43)
 35–49 1.31 (1.01–1.70)*

Marital status
 Not in union 1
 Married 0.72 (0.57–0.91)**

Education
 Primary/less 1
 Secondary 0.86 (0.70–1.05)
 Higher 0.47 (0.28–0.78)**

Household wealth
 Poor 1
 Middle 1.32 (1.03–1.69)*
 Rich 1.23 (0.91–1.67)

Occupation
 Unemployed 1
 Agricultural/manual labour 0.94 (0.72–1.23)
 Sales/services 0.97 (0.79–1.20)
 Professional/technical/clerical 1.60 (1.04–2.47)*
 Other 0.96 (0.64–1.45)

Modern contraceptive use
 No 1
 Yes 0.59 (0.49–0.72)***

Body Mass Index
 < 18.5 1
 18.5–24.99 0.72 (0.48–1.06)
 ≥ 25 0.56 (0.37–0.86)**

Province/region
 Manicaland 1
 Mashonaland Central 1.82 (1.27–2.61)***
 Mashonaland East 1.29 (0.86–1.96)
 Mashonaland West 1.73 (1.13–2.65)*
 Matabeleland North 1.67 (1.07–2.61)*
 Matabeleland South 3.44 (2.32–5.09)***
 Midlands 2.18 (1.50–3.17)***
 Masvingo 1.55 (1.01–2.38)*
 Harare 2.14 (1.43–3.20)***
 Bulawayo 1.71 (1.08–2.71)*

Table 4   Summary of performance across models

Predictive 
models

Accuracy (%) Recall (%) F1-score (%) Precision (%) AUC-PR (%) Cohen’s 
Kappa (%)

MCC (%) Balanced 
accuracy 
(%)

KNN 68 74 70 66 68 36 36 68
DT 73 75 73 71 73 46 46 73
RF 74 78 75 72 74 48 48 74



Vol.:(0123456789)

Discover Public Health          (2025) 22:142  | https://doi.org/10.1186/s12982-025-00524-7 
	 Research

of KNN and Decision Tree did not change using StratifiedKFold validation, as shown in Figs. 5 and 6, respectively. How-
ever, the performance of the random forest slightly improved with StratifiedKFold validation, as shown in Fig. 7. Again, 
the results show that the random forest is a better anaemia predictive model as compared to KNN and decision trees.

4 � Discussion

This study examined the factors associated with anaemia in Zimbabwean women of reproductive age. The anaemia 
prevalence was 24.1% among women of reproductive age. This prevalence is classified as moderate public health signifi-
cance and is similar to other studies within Africa and Zimbabwe [2, 7, 25]. This could be a result of nutritional deficiencies 
and various non-nutritional factors which we examined in this study. Our findings from the multivariate logistic analysis 
suggest that age, marital status, education, household wealth, occupation, modern contraceptive use, body mass index, 
and province/region were significantly associated with anaemia.

Previous studies have shown age is associated with anaemia [1, 12, 56]. This study revealed that women’s age was 
positively associated with anaemia. Being older age (35–49) was associated with a higher likelihood of anaemia com-
pared with those women of younger age (15–24). Similar findings have been found in many resource-poor countries [57], 
Eastern Africa [7, 19], and Myanmar [58]. Other studies have shown a not conclusive or unclear pattern in the relationship 
between age and being anaemic among women of reproductive age [3, 7]. Consistent with prior studies [18, 58] being 

Fig. 4   Anaemia predictive 
models ROC AUC​

Fig. 5   KNN StratifiedKFold 
validation
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currently married was associated with a lower likelihood of anaemia as compared with those women who were unmar-
ried (never-married or previously married). Previously married women tend to be predisposed to economic hardships 
of malnutrition and poor health care increasing their likelihood of being anaemic [19]. Contrary, some studies reveal 
that being married significantly raised the likelihood of having anaemia among women of reproductive age [18, 20]. 
Education was negatively associated with anaemia. The likelihood of anaemia was lower among women who had higher 
education than those women who had primary or less education. This finding is quite consistent with previous research 
in sub-Saharan Africa [1, 7, 28, 32], South Asian countries [3], and among adolescent girls [21]. Being more educated may 
enable women to adopt health-seeking behaviours that can reduce their risk of anaemia by increasing their knowledge 
of health services, healthy eating, and hygiene practices [7, 19].

As with education, it is expected that women having a better economic status would tend to have improved diet, 
access to better health services, and living conditions tend to have a reduced risk of iron deficiency [19]. In contrast 

Fig. 6   Decision tree Strati-
fiedKFold validation

Fig. 7   Random forest Strati-
fiedKFold Validation
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to earlier research that suggested there was a negative relationship being anaemia and wealth [10, 12, 26], our 
study found that household wealth was positively associated with anaemia. Women from households with middle 
or average wealth status are more likely to be anaemic compared to those from poor households. Similarly, women’s 
occupation in professional, technical, or clerical occupations was more likely associated with having anaemia com-
pared to women unemployed. In another study in Ethiopia, housewives and private workers were found to have a 
lower risk of anaemia [24]. Our study is in line with previous studies’ expectations [26], women employed (except 
for women’s professional job status) were less likely to have anaemia compared to those unemployed though the 
association in other occupations was not significant. In the study, women currently using modern contraceptives had 
a lower likelihood of anaemia than their counterparts not using contraceptives in line with previous studies [6, 26, 
59, 60]. Studies have shown that modern contraceptives such as hormonal contraceptives lower the risk of anaemia 
by reducing bleeding or blood loss during menstruation although this evidence is contrary in some instances [19, 
57]. From this study, an increase in the body mass index was found associated with lower odds of anaemia. Being 
overweight and obese was associated with a lower likelihood of anaemia as compared to those women who were 
underweight. This is in line with studies conducted in Nigeria [26], Ethiopia [12], Rwanda [19, 22], and Asian coun-
tries [3, 58]. Lack of important micronutrients such as iron, vitamins, and folate is the notable cause of anaemia in 
malnourished women [2, 4].

Our study findings showing a significant association between anaemia and region or province of residence are 
similar to past studies [19, 21, 25]. Overall, relative to Manicaland province, women residing in other specific provinces 
increased the likelihood of being anaemic. Women from Matabeleland South had the highest odds of having anaemia 
in line with a previous study in Zimbabwe [25]. Matabeleland province is an arid region most prone to droughts. The 
higher likelihood of developing anaemia may be linked to various issues including discrepancies in health care provi-
sion, health services access, and utilisation, disease risk, and healthy eating habits among the different population 
groups in Zimbabwe. Contrary to the literature we reviewed, the findings show that anaemia is not associated with 
factors such as age at first birth, parity, religion, access to the media, type of toilet facility, source of drinking water, 
type of cooking fuel, smoking, being pregnant, breastfeeding, sleeping under a mosquito net, pregnancy termina-
tion, and area or place of residence in women of reproductive age.

Furthermore, the Elastic Net indicates that contraceptive use, region, BMI and age are the most important features 
in predicting anaemia among women of reproductive age in Zimbabwe. This corroborates with a study by Teshome 
et al. [60] which highlighted that contraceptive use and BMI have a positive association with anaemia among women 
of reproductive age. Despite the dearth of literature, our study shows that there is an opportunity to apply machine 
learning models such as Random Forest, Decision Trees and KNN to predict anaemia among women of reproduc-
tive age with better accuracy. As evidenced in our findings, random forest predicted anaemia among women of 
reproductive age with better accuracy of 74%, recall of 78%, F1-Score of 75%, Precision of 72% and ROC AUC of 82% 
after applying StratifiedKFold validation. The random forest model outperformed the others, likely due to its ability 
to handle non-linear relationships, robust feature selection through ensemble methods and its inherent bootstrap 
aggregating (bagging) process. Random forest captures complex interactions between demographic and socioeco-
nomic factors such as wealth, region, contraceptive use, and body mass index.

4.1 � Implications of the study on policy and practice

The study findings present tremendous opportunities for healthcare professionals, public health experts and poli-
cymakers to develop effective interventions for early pre-anaemia screening that can be deployed in healthcare 
settings. Such machine learning models can be utilised together with existing interventions such as anaemia sup-
plements to reduce the catastrophic impact of anaemia among women of reproductive age [43]. However, before 
drawing key policy recommendations, there is a need to deploy the random forest model in real health facilities by 
enrolling and collecting recent data (significant features) from women of reproductive age and further validating the 
performance of the model. This could be part of the future work. Once the desired performance threshold has been 
reached and the model validated, the early anaemia screening model can be presented to the relevant policymakers 
for consideration as a pre-anaemia screening tool for women of reproductive age. Once validated and accepted, it 
is important to incorporate machine learning predictive models in the country’s health policies and guidelines and 
possibly integrate them into the existing electronic health records and health information systems.
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4.2 � Limitations of the study and future work

Despite our study based on nationally representative data of the Zimbabwe DHS, it has not been without its limitations. 
Responses to the questionnaire may be subjected to biases of respondents or interviewers. The cross-sectional nature of 
the study allows temporal but not causative relationships to be inferred from the findings. Excluding non-responses and 
missing cases in the exposure or outcome might introduce bias in our study results. Clinical infections and dietary intake 
known to impact anaemia prevalence were not investigated because such data was not collected by the Zimbabwe DHS 
and therefore did not form part of this study objective. The study used the 2015 ZDHS, therefore, there is a need to use 
more recent Zimbabwe DHS data when the data becomes available and accessible.

5 � Conclusion

Overall, our findings indicate that anaemia among women of reproductive age is an important public health problem 
in Zimbabwe. Adjusted multivariate logistic regression results suggest that anaemia is significantly higher among older 
women (35–49 years), women with primary or less education, women not using modern contraceptives, underweight 
women, and women residing in all provinces except Mashonaland East. Provincial disparities in maternal anaemia were 
notable with the prevalence of anaemia lowest in Manicaland and highest in Matabeleland South. The Zimbabwe Ministry 
of Health and Child Care should actively consider scaling up anaemia screening and parasitic infection treatments for 
those women at the highest risk of being anaemic. Intervention strategies to ameliorate the impact of anaemia risk factors 
among women of reproductive age in Zimbabwe are iron and folic acid supplementation. Such low-cost interventions 
will need to be enhanced and prioritised in line with the SDGs of empowering women (goal 5), promoting health (goal 
3), and improving dietary intake of iron-rich foods and other micronutrients (goal 2). Moreover, random forest machine 
learning model performed better than other anaemia predictive models in terms of accuracy, recall, F1-score, precision 
and AUC. Apply such model in developing data-driven early anaemia prediction tools that can assist in identifying risk 
factors associated with anaemia and predict anaemia. This can assist healthcare professionals, public health experts and 
policymakers to make informed decisions and design proactive measures and health interventions including optimizing 
the distribution and allocation of anaemia supplements to improve overall health outcomes.
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