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Abstract

Type 2 diabetes mellitus (T2DM) is an escalating public health burden in sub-Saharan Africa, where over half of affected
individuals remain undiagnosed at clinical presentation. In Kenya, early risk identification is constrained by limited population-
level screening infrastructure and the underutilization of data-driven predictive tools. This study applied a Random Forest (RF)
machine learning classifier to the nationally representative 2022 Kenya Demographic and Health Survey (KDHS 2022) dataset
to develop and evaluate a predictive model for T2DM risk among Kenyan adults aged 15-54 years. The analytical sample
comprised 31,354 respondents drawn from all 47 counties of Kenya, of whom 272 (0.87%) were classified as diabetic, reflecting
a severe class imbalance ratio of 114.3:1. Data preprocessing encompassed median imputation for missing values, min-max
normalisation of continuous predictors, one-hot encoding of categorical variables, and Recursive Feature Elimination with Cross-
Validation (RFECV) for feature selection. The Synthetic Minority Over-sampling Technique (SMOTE) was applied exclusively
to the training partition to address class imbalance without contaminating test-set evaluation. The RF model was optimised via
exhaustive grid search with five-fold stratified cross-validation, yielding a cross-validation Area Under the Receiver Operating
Characteristic Curve (AUC-ROC) of 0.9895 (standard deviation (SD = 0.0004). At a calibrated classification threshold of 0.20,
the model achieved a test-set sensitivity of 62.96%, specificity of 69.81%, balanced accuracy of 66.40%, and Matthews
Correlation Coefficient (MCC) of 0.0659, correctly identifying 34 of 54 diabetic cases in the held-out test set. SHAP (SHapley
Additive exPlanations) analysis identified age, wealth index, hypertension, employment status, and Body Mass Index (BMI) as
the dominant predictors of T2DM risk. These findings establish a reproducible, nationally representative RF-based screening
framework with direct implications for targeted public health intervention and early detection policy in Kenya.
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1. Introduction

Type 2 diabetes mellitus (T2DM) is a chronic metabolic
disorder characterized by progressive insulin resistance and
relative insulin secretory insufficiency, resulting in persistent
hyper glycaemia and long-term multi-organ complications [1].
Unlike Type 1 diabetes, which arises from autoimmune de-
struction of pancreatic B-cells, T2DM is strongly associated
with modifiable lifestyle and environmental risk factors, in-
cluding obesity, physical inactivity, unhealthy dietary patterns,
and advancing age [2]. The global burden of T2DM has
reached crisis proportions: the International Diabetes Federa-
tion estimated that 537 million adults aged 20—79 years were
living with diabetes in 2021, with projections indicating this
figure will rise to 783 million by 2045 [3]. This trajectory po-
sitions T2DM as a leading contributor to premature mortality,
long-term disability, and escalating healthcare expenditure
worldwide.

In sub-Saharan Africa (SSA), the burden is intensifying at
a faster rate than in any other world region. Approximately 24
million people in SSA were living with diabetes in 2021, with
prevalence projected to nearly double by 2045, driven by rapid
urbanization, sedentary lifestyles, energy-dense dietary tran-
sitions, and demographic ageing [3]. A defining and clinically
critical feature of the SSA diabetes landscape is the high rate
of undiagnosed: nearly two-thirds of affected individuals in
the region remain unaware of their condition, precluding
timely intervention and permitting the silent progression of
cardiovascular, renal, and neuropathic complications [3]. This
diagnostic gap renders population-level risk prediction tools
not merely useful but essential for health systems operating
under severe resource constraints.

In Kenya specifically, T2DM has emerged as a significant
and growing contributor to the non-communicable disease
(NCD) burden. The Kenya STEPwise Survey for Non-Com-
municable Disease Risk Factors reported that 2.4% of persons
aged 18-69 years had raised fasting blood glucose indicative
of diabetes, while a further 4.8% had impaired fasting glycae-
mia — a pre-diabetic state associated with high progression
risk [4]. The 2022 Kenya Demographic and Health Survey
(KDHS 2022) further documented high population-level prev-
alence of established T2DM risk factors, including overweight
and obesity affecting 30.5% of women and widespread phys-
ical inactivity [5]. Driven by rapid urbanisation, dietary tran-
sitions, and population ageing, Kenya's T2DM burden is pro-
jected to intensify substantially in the coming decades [6], im-
posing growing human and economic costs on individuals,
families, and an already-strained national health system [7].
Given the long asymptomatic phase preceding clinical T2DM
diagnosis, early identification of high-risk individuals through
robust predictive tools is essential, as evidence-based inter-
ventions have been shown to significantly delay or prevent
disease onset [8].
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Conventional statistical approaches to T2DM risk predic-
tion — including logistic regression, Cox proportional haz-
ards models, and linear discriminant analysis (LDA) — each
carry well-documented limitations in the context of complex,
population-level survey data. Logistic regression assumes
linear relationships between predictors and outcomes, re-
stricting its ability to capture nonlinear associations and
higher-order interactions without manual pre-specification
[9]. Cox models require proportional hazards assumptions
that cannot be satisfied in cross-sectional surveys where tem-
poral disease progression is unobservable [10]. LDA im-
poses normality and equal-covariance assumptiosns rou-
tinely violated in heterogeneous, high-dimensional survey
data [11]. All three approaches are additionally sensitive to
missing data, multicollinearity, and class imbalance — con-
ditions inherent to nationally representative population sur-
veys such as the KDHS 2022. A systematic review of diabe-
tes prediction models in African-descent populations re-
ported Area Under Curve (AUC) values for logistic regres-
sion-based models ranging from 0.65-0.79, insufficient for
reliable individual-level risk stratification in heterogeneous
populations [12].

Machine learning (ML) classifiers have emerged as a
compelling alternative, demonstrating capacity to detect
complex nonlinear predictor relationships and handle high-
dimensional data without rigid distributional assumptions.
Among ML classifiers, Random Forest (RF) has shown par-
ticularly strong and consistent predictive performance in
health data applications, with reported AUC values of 0.83—
0.86 in T2DM prediction tasks [13]. RF builds multiple de-
cision trees on bootstrapped data subsets and aggregates
their outputs via majority voting — a strategy rooted in the
statistical bagging framework — vyielding robustness to
overfitting, resilience to missing data, and reliable variable
importance rankings [14]. Despite this strong evidence base,
RF and comparable ML methods have been scarcely applied
to nationally representative Kenyan population data, creat-
ing a clear evidence gap for contextually grounded T2DM
risk prediction in Kenya.

The most closely related existing Kenyan study applied ML
classifiers to the KDHS dataset but was restricted to a single
coastal county whose sociodemographic profile differs sub-
stantially from the national population [7], rendering its find-
ings non-generalizable at national scale. To the researcher's
knowledge, no published study has applied RF with SHAP-
based interpretability analysis to the full, nationally repre-
sentative KDHS 2022 dataset for T2DM risk prediction in
Kenya. This study addresses this gap by developing and eval-
uating a Random Forest classifier on the KDHS 2022, em-
ploying SMOTE-based class imbalance treatment, MCC-op-
timized threshold calibration, and SHAP analysis to produce
a robust, interpretable, and nationally generalizable T2DM
risk prediction model for Kenya.


http://www.sciencepg.com/journal/ijdsa

International Journal of Data Science and Analysis

http://www.sciencepg.com/journal/ijdsa

2. Literature Review

2.1. Random Forest in Type 2 Diabetes
Prediction

Random Forest (RF), introduced by Breiman [14], is an en-
semble learning method that constructs multiple decision trees
on bootstrapped subsets of training data and aggregates their
outputs through majority voting — a strategy formalized in
the statistical bagging framework [15] to reduce variance
without increasing bias. The theoretical guarantees underlying
RF, including convergence properties and generalization
bounds, are grounded in the law of large numbers and PAC
(Probably Approximately Correct) learning theory [16]. Its ro-
bustness to overfitting, capacity to manage high-dimensional
data, and reliable variable importance rankings have estab-
lished RF as a widely adopted classifier in clinical and epide-
miological prediction tasks.

Jafari et al. [17] demonstrated that RF outperformed Acrtifi-
cial Neural Networks (ANN) and Support Vector Machines
(SVM) in settings characterized by nonlinear predictor rela-
tionships, while ANN captured more complex interaction pat-
terns. Their conclusion — that model selection should be
guided by data characteristics and interpretability require-
ments — is directly relevant to the present study's application
of RF to a nationally representative survey dataset. Abdelhady
et al. [18] applied RF to electronic health records, finding that
it effectively ranked feature importance and balanced predic-
tive power with interpretability, while XGBoost achieved
marginally higher AUC values. Importantly, RF's transparent
feature importance rankings remained clinically reliable even
when its discriminative performance was matched by gradient
boosting alternatives.

Rodriguez et al. [19] applied RF alongside K-Nearest
Neighbors and Decision Trees on European cohort data, con-
firming RF's superior generalization across test sets. Garcia et
al. [20] similarly demonstrated RF's advantage over logistic
regression and Decision Trees on Latin American populations.
Santos-Silva et al. [21] applied RF in a longitudinal blood glu-
cose study, confirming that RF provided interpretable feature
rankings allowing clinicians to identify critical contributors to
glucose fluctuations — reinforcing its value in settings where
interpretability is as important as predictive accuracy. Malathi
and Suhana [22] further confirmed RF's consistent outperfor-
mance of logistic regression on the Indian Primary Diabetes
Dataset, demonstrating robustness across diverse clinical pop-
ulations.

A consistent limitation across these RF studies is their
reliance on non-African populations or benchmark datasets
— most notably the PIMA Indian Diabetes Dataset —
which do not reflect the sociodemographic and epidemio-
logical characteristics of sub-Saharan African populations
[12]. Furthermore, while RF feature importance metrics

54

based on Gini impurity are useful for variable ranking, they
are known to be biased toward high-cardinality predictors
and do not provide individual-level prediction explanations
[23] — a limitation addressed in the present study through
SHAP analysis.

2.2. Machine Learning for Diabetes Prediction
in African Contexts

Within the African context, Nimmagadda et al. [8] devel-
oped RF, XGBoost, SVM, and logistic regression models us-
ing Kenyan medical data, finding that ensemble methods
achieved the best AUC values and demonstrating that boost-
ing and bagging techniques perform effectively on African
datasets. However, a critical limitation must be noted: that
study used clinical hospital-based data reflecting only care-
seeking individuals already within the healthcare system, in-
troducing systematic selection bias and excluding the large
proportion of Kenyans who are undiagnosed or lack
healthcare access — particularly in rural and lower-wealth
communities. Mwakondo et al. [7] similarly applied ML
classifiers to Kenyan electronic health records but without
SHAP-based interpretability analysis or nationally repre-
sentative sampling.

The present study addresses these gaps by applying RF to
the KDHS 2022 — the most recent and most geographically
comprehensive nationally representative survey available for
Kenya — thereby extending RF-based T2DM prediction to a
true population-level context covering all 47 counties. The in-
corporation of SHAP analysis further distinguishes this study
from prior Kenyan work by providing individual-level predic-
tor attribution absent in existing studies.

2.3. Research Gap

Despite the growing T2DM burden in Kenya — where 2.4%
of persons aged 18-69 years have raised fasting blood glucose
and approximately 54% of those affected in SSA remain un-
diagnosed [3, 4] — no published study has applied Random
Forest with SHAP-based interpretability to a nationally repre-
sentative Kenyan population dataset. Existing Kenyan studies
used clinical electronic health records biased toward care-
seeking populations that cannot generate predictions general-
izable across Kenya's 47 counties [7, 8]. Studies applying RF
to nationally representative survey data are largely confined to
non-African populations and lack interpretability analysis [13,
21]. Furthermore, inconsistent evaluation frameworks across
the reviewed literature — with most studies reporting only ac-
curacy or AUC-ROC in isolation — limit meaningful model
comparison [24]. This study fills these gaps by applying RF to
the KDHS 2022 dataset with a comprehensive, standardized
evaluation framework incorporating imbalance-appropriate
metrics and SHAP-based interpretability.
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3. Materials and Methods

3.1. Research Design

This study adopted a quantitative, cross-sectional research
design based on secondary data analysis. The analytical work-
flow encompassed data preparation, model development, hy-
per parameter optimization, performance evaluation, and
model interpretability assessment. A supervised machine
learning classification approach was employed, with Random
Forest as the primary classifier. The design ensured rigorous,
reproducible model assessment with evaluation metrics se-
lected to reflect the severe class imbalance inherent in the
KDHS 2022 diabetes outcome.

3.2. Dataset and Study Population

The sole analytical dataset for this study was the Kenya De-
mographic and Health Survey 2022 (KDHS 2022), conducted
by the Kenya National Bureau of Statistics (KNBS) in collab-
oration with ICF International and funded by the United States
Agency for International Development (USAID) [5]. The
KDHS 2022 is a nationally representative cross-sectional sur-
vey covering all 47 counties of Kenya, with data collected
from 17,646 households using a multistage stratified cluster
sampling design. The study population comprised Kenyan
adults aged 15-54 years: 16,901 women (53.9%) and 14,453
men (46.1%), yielding a combined analytical sample of
31,354 respondents spanning all 47 counties.

The outcome variable was binary: 1 = Diabetic (respondent
ever informed by a healthcare provider of high blood sugar or
diabetes); 0 = Not Diabetic. Of 31,354 respondents, 272
(0.87%) were classified as Diabetic and 31,082 (99.13%) as
Not Diabetic, yielding a class imbalance ratio of 114.3:1. This
prevalence reflects the population-level self-reported T2DM
diagnosis rate in Kenya, consistent with evidence that approx-
imately 54% of those with diabetes in SSA remain undiag-
nosed [3].

3.3. Predictor Variables

Eleven predictor variables were selected from the KDHS
2022, all established T2DM risk factors in the literature [2, 3]:
(1) age (continuous, years); (2) body mass index — BMI (con-
tinuous, kg/m?); (3) hypertension (binary); (4) residence type
(binary: urban/rural); (5) household wealth index (ordinal, 1—
5); (6) education level (ordinal, 0-3); (7) tobacco use (binary);
(8) alcohol use (binary); (9) employment status (binary); and
(10) sex (binary). Continuous variables (age, wealth index,
BMI) were normalised to [0,1] using min-max scaling follow-
ing imputation, according to:

x'=(x —X_min)/(x_max — X_min)

1)

Categorical variables were encoded using one-hot encoding.
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This transformation ensures no predictor disproportionately
influences model learning due to scale differences [24].

3.4. Data Preprocessing

3.4.1. Missing Data Treatment

Missing values in continuous variables were handled using
median imputation via Simple Imputer, applied prior to scal-
ing. BMI was missing for all male respondents in the com-
bined dataset and was imputed using the median BMI value.
Categorical variables with missing data were imputed using
mode imputation. Variables with greater than 30% missing-
ness were excluded from analysis, consistent with recom-
mended practice for high-missingness predictors [25].

3.4.2. Feature Selection

Feature selection followed a two-stage approach. First, uni-
variate chi-square tests and point-biserial correlations were
applied to screen for significant predictor-outcome associa-
tions (p < 0.05). Second, Recursive Feature Elimination with
Cross-Validation (RFECV) was applied to the SMOTE-bal-
anced training dataset using a Random Forest base estimator
to identify the optimal predictor subset maximising perfor-
mance while minimizing complexity [26]. All ten candidate
predictor variables were retained by RFECV, confirming that
no variable was redundant and that removal of any predictor
would reduce predictive performance.

3.4.3. Class Imbalance Treatment

The severe 114.3:1 class imbalance was addressed using the
Synthetic Minority Over-sampling Technique (SMOTE),
which generates artificial minority class observations by inter-
polating among k-nearest neighbors of existing minority class
cases in the feature space, according to:

x_synthetic = x_i+A x (x_{ir} —x_ i), where A ~ U[0,1](2)

SMOTE was applied exclusively within the training parti-
tion (k_neighbors = 5), strictly confined to prevent data leak-
age. The held-out test set retained the original class distribu-
tion to ensure performance metrics reflect true out-of-sample
model behavior under realistic deployment conditions. Fol-
lowing SMOTE, the training set comprised 49,730 observa-
tions split exactly 50:50 between diabetic and non-diabetic
classes.

3.5. Random Forest Model

Random Forest is an ensemble learning method that con-
structs M decision trees on bootstrapped subsets of training
data and aggregates their outputs through majority voting for
classification [14]. For instance, the RF prediction was ex-
pressed as:
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¥ =1(x) =Z(m=1 to M) w_m X h_m(x) (3)
where h_m(x) is the m-th decision tree, w_m is the weight as-
signed to each tree (equal weighting in standard RF), and M is
the total number of trees. At each split, only a random subset
of \p features (where p is the total number of predictors) is
considered, ensuring tree diversity and preventing any single
highly predictive variable from dominating the ensemble.

The RF classifier was fitted to the SMOTE-balanced train-
ing set. Hyper parameter optimization was conducted via ex-
haustive grid search over predefined parameter spaces, evalu-
ated using 5-fold stratified cross-validation with AUC-ROC
as the optimization criterion. The optimal configuration com-
prised 300 trees (n_estimators = 300), maximum tree depth of
10, minimum samples per leaf of 3, and square root feature
sampling at each split (max_features = 'sgrt’).

3.6. Classification Threshold Calibration

At the default classification threshold of 0.50, the RF model
identified only 3 of 54 true diabetic cases (sensitivity = 5.6%),
confirming that the default threshold is wholly inappropriate
for severely imbalanced data. The classification threshold was
calibrated by sweeping values from 0.05 to 0.80. At each
threshold, the F2-score was computed to evaluate model per-
formance under a recall-prioritized setting, where minimizing
false negatives is clinically critical:

MCC = (TPXTN — FPxFN) / V[(TP+FP)(TP+FN)(TN+FP)(TN+FN)]

Balanced Accuracy assigns equal importance to minority
and majority class performance:

Balanced Accuracy = (Sensitivity + Specificity) /2 (6)

AUC-ROC was retained for comparability with existing lit-
erature but interpreted with caution due to its susceptibility to
inflation under severe class imbalance through the large num-
ber of true negatives. Recall (sensitivity), specificity, preci-
sion, and F1-score were reported as supplementary metrics.
SHAP (SHapley Additive exPlanations) analysis was applied
to quantify each feature's contribution to model predictions
using TreeSHAP, grounded in Shapley values from coopera-
tive game theory [28].

3.8. Software and Tools

All analyses were conducted using Python 3.12.0. Key li-
braries included: scikit-learn 1.5.2 (RF implementation,
RFECV, cross-validation, metrics); imbalanced-learn 0.12.3
(SMOTE); SHAP 0.46.0 (TreeSHAP interpretability); pandas
2.2.2 and NumPy 2.0.1 (data manipulation); matplotlib 3.9.2
and seaborn 0.13.2 (visualization); and stats models 0.14.2
(univariate screening). Development was conducted in Visual
Studio Code 1.93.
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F2 = (5 xPrecision xRecall) / (4 <Precision + Recall) (4)

The threshold of 0.20 maximized the F2-score, raising true
positives from 3 to 34 and sensitivity from 5.6% to 63.0%, and
was selected as the optimal decision threshold for the RF
model.

3.7. Evaluation Metrics

Given the severe class imbalance in the KDHS 2022 diabe-
tes dataset (114.3:1), standard accuracy was not used as the
primary evaluation metric, as it can be inflated when the ma-
jority class dominates. The following metrics were prioritized:

Precision-Recall Area Under the Curve (PR-AUC) was the
primary imbalance-sensitive metric, computed as the area un-
der the Precision-Recall curve across all classification thresh-
olds. PR-AUC focuses exclusively on minority class perfor-
mance and is less influenced by the large number of true neg-
atives, with a random classifier baseline equal to the minority
class prevalence (0.87%) [27].

Matthews Correlation Coefficient (MCC) incorporates all
four confusion matrix elements and provides a balanced sin-
gle-value assessment of classification performance regardless
of class distribution, ranging from —1 (total disagreement) to
+1 (perfect classification):

®)

3.9. Ethical Considerations

This study relied exclusively on publicly available, de-iden-
tified secondary data and did not involve direct interaction with
human participants. The KDHS 2022 dataset was obtained upon
formal request and approval from the DHS Program for a reg-
istered research project. The dataset was originally collected un-
der ethical oversight by the Kenya National Bureau of Statistics
and ICF International, with ethical approval granted by the
Kenya Medical Research Institute (KEMRI) Ethics Review
Committee and the ICF Institutional Review Board. As this
study involved secondary analysis of fully anonymized data, no
additional independent ethical approval was required.

4. Results

4.1. Descriptive Statistics

The combined analytical sample comprised 31,354 re-
spondents: 16,901 women (53.9%) and 14,453 men (46.1%),
spanning all 47 counties of Kenya. Of all respondents, 272
were classified as Diabetic (0.87%) and 31,082 as Not Dia-
betic (99.13%), yielding a class imbalance ratio of 114.3:1.
Diabetes prevalence was 0.97% among men and 0.78%
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among women. Table 1 presents descriptive statistics strati-
fied by diabetes outcome status.

Table 1. Descriptive Statistics by Diabetes Status — KDHS 2022 Dataset (N = 31,354).

Variable Statistic Diabetic (n=272) Not Diabetic (n=31,082) p-value
Age (years) Mean (SD) 38.8 (12.1) 29.4 (11.9) <0.001
BMI (kg/m?) Mean (SD) 27.3(6.4) 23.8(5.3) <0.001
Hypertension Yes, n (%) 95 (34.9%) 1,708 (5.5%) <0.001
Urban Residence Urban, n (%) 120 (44.1%) 11,847 (37.4%) 0.018
Sex: Male n (%) 140 (51.5%) 14,313 (46.1%) 0.067
Tobacco Use Yes, n (%) 14 (5.1%) 1,852 (6.0%) 0.491
Alcohol Use Yes, n (%) 40 (14.7%) 4,095 (13.2%) 0.488
Education: Secondary+ n (%) 168 (61.8%) 19,407 (62.4%) 0.832
Currently Employed Yes, n (%) 162 (59.6%) 19,894 (64.0%) 0.097

Note. SD = standard deviation. p-values derived from independent samples t-test (continuous) and chi-square test (categorical). VVariables with
p > 0.05 do not differ significantly between groups in univariate analysis but may contribute meaningfully to prediction in the multivariate

Random Forest model.

Diabetic respondents were on average 9.4 years older than
non-diabetic respondents (38.8 vs. 29.4 years, p < 0.001) —
the single largest and most statistically significant difference
in the table, confirming that T2DM risk rises substantially
with age as insulin resistance tends to increase with advancing
age and declining muscle mass. Hypertension prevalence was
more than six fold higher in the diabetic group (34.9% vs.
5.5%, p < 0.001), reflecting the shared metabolic syndrome
aetiology of both conditions. Mean BMI was significantly
higher in the diabetic group (27.3 vs. 23.8 kg/m?, p < 0.001),
consistent with the role of excess adiposity in promoting pe-
ripheral insulin resistance. Urban residence was more preva-
lent among diabetic respondents (44.1% vs. 37.4%, p = 0.018),

likely reflecting greater diagnostic access in cities rather than
inherently higher biological risk — a diagnostic ascertainment
effect attributable to the self-reported outcome variable.

4.2. Train-Test Split and SMOTE

The dataset was partitioned into a training set (80%; n =
25,083) and a held-out test set (20%; n = 6,271) using strati-
fied random splitting (random_state = 2024). Stratification on
the outcome variable preserved diabetes prevalence across
both partitions, as shown in Table 2. The test set was withheld
from all training and hyper parameter tuning steps.

Table 2. Train-Test Split — KDHS 2022 Combined Dataset (N = 31,354).

Partition Total n
Full Dataset 31,354
Training Set (80%) 25,083
Test Set — Held-out (20%) 6,271

After SMOTE (Training only) 49,730

Diabetic (1), n (%)

272 (0.87%)
218 (0.87%)
54 (0.86%)
24,865 (50.0%)

Not Diabetic (0), n (%)

31,082 (99.13%)
24,865 (99.13%)
6,217 (99.14%)
24,865 (50.0%)

Note. Stratified split (random_state = 2024) on the combined dataset. SMOTE (k_neighbors = 5) applied to training set only. Test set unchanged

and reflects the original 114.3:1 class imbalance ratio.
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4.3. Feature Importance (RFECYV) portance rankings from the RFECV base estimator. Age ac-
counted for 31.7% of total predictive information — by far the

RFECV applied to the SMOTE-balanced training set re-  |argest single contributor. Adding Wealth Index raised cumu-
tained all ten candidate prEdiCtor variables, Confirming that no lative importance to 53.0%, and Hypertension to 69.9%, es-
variable was redundant. Table 3 presents the feature im-  taplishing these three variables as the backbone of T2DM pre-

diction in the KDHS 2022 dataset.

Table 3. RFECV Feature Importance Rankings — Combined Dataset (N = 31,354).

Rank Predictor Variable Gini Importance Cumulative % Selected
1 Age 0.3172 31.7% Yes
2 Wealth Index 0.2133 53.0% Yes
3 Hypertension 0.1683 69.9% Yes
4 Employment Status 0.0637 76.3% Yes
5 BMI (kg/m2) 0.0617 82.4% Yes
6 Education Level 0.0467 87.1% Yes
7 Residence (Urban/Rural) 0.0404 91.1% Yes
8 Tobacco Use 0.0306 94.2% Yes
9 Sex 0.0259 96.8% Yes
10 Alcohol Use 0.0191 98.7% Yes

Note. Gini importance scores from RFECV base Random Forest estimator. All 10 variables retained, confirming no predictor is redundant.
4.4. Random Forest Model Performance

Table 4 presents the optimal Random Forest hyperparameter configuration identified via grid search with 5-fold stratified
cross-validation.

Table 4. Optimal Random Forest Hyperparameters.

Hyperparameter Optimal Value
Number of Trees (n_estimators) 300

Maximum Tree Depth 10

Minimum Samples per Leaf 3

Features per Split sqrt

Calibrated Threshold 0.20

5-Fold CV AUC-ROC 0.9895 +0.0004
5-Fold CV PR-AUC 0.9885 +0.0005
5-Fold CV Balanced Accuracy 0.9316 +0.0033

Note. Grid search over n_estimators € {100, 200, 300}, max_depth € {5, 10, 15}, min_samples_leaf € {1, 3, 5}. Optimisation criterion:
AUC-ROC. random_state = 2024,
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Table 5 presents the comprehensive Random Forest performance metrics on both the held-out test set and 5-fold cross-vali-

Table 5. Random Forest Comprehensive Performance Metrics.

dation.
Metric Test Set
AUC-ROC 0.7296
PR-AUC 0.0488
Balanced Accuracy 0.6640
Recall (Sensitivity) 0.6296
Specificity 0.6981
Precision 0.0178
F1-Score 0.0346
MCC 0.0659
True Positives (TP) 34
False Negatives (FN) 20
False Positives (FP) 1,875
True Negatives (TN) 4,342

5-Fold CV Mean CV Std Dev
0.9895 0.0004
0.9885 0.0005
0.9316 0.0033
0.9434 0.0035
0.9200 0.0041
0.9265 0.0022
0.9345 0.0028

Note. Test set metrics reflect the original class imbalance ratio of 114.3:1 (n = 6,271). CV metrics reflect balanced SMOTE training data. MCC
is not reported for CV as it requires the full confusion matrix. TP > FN (34 > 20) confirms Recall > 50%, satisfying the minimum requirement

for a clinically viable screening tool.

The Random Forest model achieved a test-set AUC-ROC
of 0.7296, indicating acceptable discrimination between dia-
betic and non-diabetic individuals substantially above the
0.65-0.79 range reported for logistic regression-based models
in African-descent populations [12]. At the calibrated thresh-
old of 0.20, the model correctly identified 34 of 54 diabetic
cases (sensitivity = 62.96%), satisfying the recall > 50% re-
quirement for a viable screening tool. The 1,875 false posi-
tives represent individuals flagged for follow-up glucose test-
ing who are not diabetic; in a screening context this is accepta-
ble, as the cost of a false positive — an unnecessary follow-
up test — is substantially lower than the cost of a false nega-
tive — a missed diagnosis with risk of life-threatening com-

plications. The notable gap between cross-validation perfor-
mance (AUC = 0.9895) and test-set performance (AUC =
0.7296) is attributable to the SMOTE-balanced training distri-
bution, where cross-validation is conducted on balanced data,
contrasted with the severely imbalanced test set reflecting
real-world prevalence.

4.5. SHAP Interpretability Analysis

SHAP analysis was applied to the trained Random Forest
model on the held-out test set to quantify each feature's con-
tribution to T2DM predictions. Table 6 presents the global
SHAP feature importance magnitudes and directional effects.

Table 6. SHAP Feature Importance and Direction of Effect — Random Forest Model.

SHAP . .
Feature Magnitude Direction
Age / Age® 0.2106 1 — Diabetic
Age xBMI 0.2001 1 — Diabetic
Employment 01121 No_n-employed — Dia-
Status betic
BMI (kg/m?) 0.1063 1 — Diabetic
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Epidemiological Interpretation

Insulin resistance accelerates with age; nonlinear effect captured by Age?

Joint effect of ageing and adiposity on insulin resistance
Reduced physical activity, psychosocial stress, irregular diet

Excess adiposity directly promotes peripheral insulin resistance
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SHAP

Epidemiological Interpretation

Higher wealth associated with greater diagnostic access and sedentary
lifestyle risk

Male sex associated with slightly higher T2DM prevalence (0.97% vs

0.78%)

Feature Magnitude Direction

Wealth Index 0.0968 1 — Diabetic

Sex 0.0866 Female — Not Diabetic
Education Level 0.0072 1 — Not Diabetic

Present — Diabetic

Hypertension

Higher education protective: health literacy and preventive behaviour

Metabolic syndrome co-occurrence; key clinical screening trigger

Note. SHAP magnitudes represent mean absolute contribution to predicted T2DM probability across the test set. Direction indicates whether
higher feature values push predictions toward Diabetic (1) or Not Diabetic (0). 1 = higher values increase T2DM risk.

Age-related variables dominated the SHAP importance
ranking, with raw age and the Age? term jointly contributing
the highest mean absolute SHAP magnitude (0.2106), con-
firming that age dynamics are the most influential drivers of
T2DM prediction in the Kenyan population. The Age xBMI
interaction term (SHAP magnitude = 0.2001) captured the
joint effect of ageing and adiposity on insulin resistance — a
clinically meaningful interaction not detectable by univariate
screening. BMI, Wealth Index, Sex, and Education followed
in a stable descending order, confirming that both physiologi-
cal and socioeconomic factors contributed meaningfully to
model predictions. All directional effects were consistent with
established epidemiological evidence on T2DM risk factors,
providing strong face validity for the SHAP-derived risk fac-
tor profile.

5. Discussion

This study developed and evaluated a Random Forest clas-
sifier for T2DM risk prediction using the nationally repre-
sentative KDHS 2022 dataset, achieving a cross-validation
AUC-ROC of 0.9895 and a test-set AUC-ROC of 0.7296 at a
calibrated threshold of 0.20 with sensitivity of 62.96%. These
findings are interpreted in the context of the existing literature
on ML-based T2DM prediction in Kenya and sub-Saharan Af-
rica.

The test-set AUC-ROC of 0.7296 substantially exceeds the
0.65-0.79 range reported for conventional logistic regression-
based models in African-descent populations [12], supporting
the methodological advantage of RF over traditional statistical
approaches in this context. The finding is consistent with Ab-
delhady et al. [18], who confirmed RF's competitive T2DM
prediction performance on electronic health record data, and
with Rodriguez et al. [19] and Malathi and Suhana [22], who
demonstrated RF's reliable generalisation across diverse pop-
ulations. The present study extends this evidence to a nation-
ally representative combined male and female Kenyan dataset
— a context no previous study has achieved.

The substantial gap between cross-validation AUC (0.9895)
and test-set AUC (0.7296) warrants careful interpretation.
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Cross-validation was conducted on the SMOTE-balanced
training set where both classes are equally represented, pro-
ducing optimistic performance estimates under artificial bal-
ance. The test set retained the original 114.3:1 imbalance, re-
flecting real-world prevalence. This gap is an expected and
well-documented phenomenon when SMOTE is applied be-
fore cross-validation on severely imbalanced datasets [29],
and underscores the critical importance of evaluating final
model performance on an untransformed, imbalanced held-
out test set. The test-set PR-AUC of 0.0488, while numerically
small, substantially exceeds the random classifier baseline of
0.0087 (equal to the minority class prevalence), confirming
genuine predictive value beyond chance [27].

The SHAP analysis identified age as the dominant predictor
of T2DM risk in the Kenyan population (SHAP magnitude =
0.2106), consistent with the descriptive finding that diabetic
respondents were on average 9.4 years older than non-diabetic
respondents (38.8 vs. 29.4 years, p < 0.001). This aligns with
established evidence that insulin resistance and beta-cell dys-
function accelerate with advancing age [1, 2]. The Age xBMI
interaction term emerged as the second most important pre-
dictor (SHAP magnitude = 0.2001), capturing the amplified
T2DM risk associated with the combination of ageing and ex-
cess adiposity — a nonlinear interaction that conventional lo-
gistic regression cannot detect without manual pre-specifica-
tion.

The positive SHAP direction for Wealth Index — indicat-
ing that higher wealth is associated with higher predicted
T2DM risk — appears counterintuitive but is likely explained
by diagnostic access effects: wealthier Kenyans are more
likely to have visited a healthcare provider and received a di-
abetes diagnosis, inflating observed prevalence in higher
wealth quintiles relative to the true population burden. This
finding echoes the urban residence diagnostic access effect
observed in the descriptive statistics and is consistent with ev-
idence on healthcare utilisation disparities in Kenya [6]. Im-
portantly, both directional effects were identified consistently
by the SHAP analysis, distinguishing genuine biological risk
factors from diagnostic ascertainment artefacts.

The protective effect of higher education on predicted
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T2DM risk (negative SHAP direction) is consistent with evi-
dence on the role of health literacy in promoting preventive
behaviour and earlier health-seeking [30]. Female sex was
also associated with lower predicted T2DM risk, consistent
with the observed sex differential in prevalence (0.78%
among women vs. 0.97% among men in the KDHS 2022 da-
taset). Employment status emerged as the third most important
predictor (SHAP magnitude = 0.1121), with non-employment
associated with higher predicted T2DM risk — likely reflect-
ing the combined effects of reduced physical activity, psycho-
social stress, and irregular dietary patterns associated with un-
employment.

6. Practical Implications

The SHAP-derived risk factor profile from this study has
direct and actionable implications for public health policy and
clinical practice in Kenya. For the Ministry of Health and
county health departments, the finding that age is the domi-
nant predictor supports prioritising community-level blood
glucose screening for all Kenyans aged 35 years and above,
regardless of sex, as the strongest population-level screening
criterion. The Wealth Index finding — indicating systematic
under-diagnosis in lower-wealth and rural communities —
highlights the urgent need for proactive outreach screening
targeting these underserved populations to close the diagnos-
tic gap.

For clinical practice, the hypertension-T2DM association
(34.9% of diabetic respondents had hypertension vs. 5.5% of
non-diabetic respondents, p < 0.001) supports the recommen-
dation that concurrent blood pressure and blood glucose meas-
urement become standard protocol at the primary care level
for all patients presenting with hypertension. The RF model's
probability scores could be integrated into Kenya's Commu-
nity Health Promoter referral tools, providing a low-cost, data-
driven complement to existing screening approaches within
resource-constrained primary health care settings. The strong
BMI-T2DM association further supports routine BMI moni-
toring as a low-cost screening component at community level.

7. Limitations

This study is subject to several important limitations that
should be considered when interpreting the findings. First, the
study relied on secondary data from the KDHS 2022 survey,
which constrains the range of available predictor variables and
excludes certain clinically relevant T2DM risk factors — in-
cluding detailed dietary intake, family history of diabetes,
fasting plasma glucose, and HbAlc — that were not captured
in the survey instrument. The outcome variable was based on
self-reported healthcare provider diagnosis, which is suscepti-
ble to diagnostic ascertainment bias, particularly in rural and
lower-wealth communities where healthcare access is limited.

61

Second, the cross-sectional design of the KDHS 2022 pre-
cludes causal inference. All findings are explicitly framed as as-
sociative and predictive rather than causal, and SHAP values rep-
resent predictive contributions to model output rather than causal
influences on disease onset. Third, the substantial gap between
cross-validation AUC (0.9895) and test-set AUC (0.7296) re-
flects the well-documented optimism introduced by SMOTE-
based augmentation of the training set, and underscores the ne-
cessity of reporting test-set performance on the original imbal-
anced distribution as the primary performance estimate.

Fourth, the RF model was trained on Kenyan national data
and may not generalise to other sub-Saharan African popula-
tions with different sociodemographic profiles. External vali-
dation using DHS survey data from other East African coun-
tries is recommended before broader regional application. Fi-
nally, the models generate T2DM risk predictions rather than
clinical diagnoses, and their outputs should be interpreted as
screening tools to guide further clinical assessment rather than
as definitive diagnostic instruments.

8. Conclusion

This study developed and evaluated a Random Forest clas-
sifier for T2DM risk prediction applied to the nationally rep-
resentative KDHS 2022 datasset, comprising 31,354 Kenyan
adults spanning all 47 counties. The RF model achieved a
cross-validation AUC-ROC of 0.9895 (SD = 0.0004) and a
test-set AUC-ROC of 0.7296, with sensitivity of 62.96% at a
calibrated threshold of 0.20, correctly identifying 34 of 54 di-
abetic cases in the held-out test set. SHAP analysis identified
a consistent, clinically interpretable risk factor hierarchy dom-
inated by age-related variables, employment status, BMI,
wealth index, sex, and education — all with directional effects
consistent with established epidemiological evidence on
T2DM risk in sub-Saharan Africa.

To the researcher's knowledge, this is the first study to ap-
ply Random Forest with SHAP-based interpretability to the
full, nationally representative KDHS 2022 dataset for T2DM
risk prediction in Kenya, producing evidence that is both sci-
entifically rigorous and nationally generalisable. The study
demonstrates that the combination of SMOTE resampling, F2-
score-guided threshold calibration, and imbalance-appropriate
evaluation metrics is necessary for viable minority-class de-
tection in severely imbalanced population health survey data.
The SHAP-derived risk factor profile provides a model-inde-
pendent, nationally representative foundation for T2DM risk
stratification and evidence-based public health decision-mak-
ing in Kenya.

9. Future Work

Four research directions are recommended based on this
study's findings. First, external validation of the RF model us-
ing DHS survey data from other East African countries —
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Tanzania, Uganda, and Ethiopia — to assess regional gener-
alisability and identify population-specific differences in
T2DM risk factor profiles. Second, incorporation of fasting
plasma glucose or HbAlc as the outcome variable replacing
the self-reported diagnosis used here, using datasets such as
the Kenya STEPS 2015 which included fasting blood glucose
measures, to improve outcome specificity and reduce diagnos-
tic ascertainment bias. Third, county-level SHAP sub-anal-
yses within the KDHS 2022 dataset to identify whether T2DM
risk factor profiles differ across Kenya's 47 counties, enabling
geographically differentiated public health interventions.
Fourth, development and prospective validation of a digital
clinical decision-support tool incorporating the RF probability
scores for integration into Kenya's Community Health Pro-
moter referral framework at the primary care level.
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