Indian Journal of Computer Science and Technology q ) ‘

https://www.doi.org/10.59256/indjcst.20260501078 i
Volume 5, Issuel (January-April 2026), PP: 656-663. | Updates |
www.indjcst.com ISSN No: 2583-5300

Investigating Key Predictors and Validating a Predictive
Intelligence Model for Non-Communicable Disease Risk: Case
Study Kitui County, Kenya

Nicole Chepngetich?, David Muriuki Gikunju?
1.2 Department of Computer Science and Information Technology, Co-operative University of Kenya, Kenya.

To Cite this Article: Nicole Chepngetich?, David Muriuki Gikunju?, “Investigating Key Predictors and Validating a Predictive Intelligence
Model for Non-Communicable Disease Risk: Case Study Kitui County, Kenya”, Indian Journal of Computer Science and Technology, Volume
05, Issue 01 (January-April 2026), PP: 656-663.

Copyright: ©2026 This is an open access journal, and articles are distributed under the terms of the Creative
Commons Attribution License; Which Permits unrestricted use, distribution, and reproduction in any medium,
BY NC ND

provided the original author and source are credited.

Abstract: Non-communicable diseases (NCDs) account for more than 70% of the global mortality, with an increasing burden in low-
resource environments such as the Kitui County in Kenya. This paper examined the predictors of NCD risk that are considered important and
tested using a predictive machine learning model with 68,601 anonymized patient records. The study identified systolic blood pressure (r =
0.72), body mass index (r = 0.67) and fasting blood sugar (r = 0.58) are most influential predictors. A hybrid ensemble model consists of
Random Forest and XGBoost achieved an accuracy of 93% with a precision of 0.81, recall of 0.82 and an F1-score of 0.81, validated through
5-fold cross-validation. SHAP analysis enhanced interpretability by providing clinically relevant, patient level insights consistent with
medical reasoning. The model demonstrated a high predictive rate with a reduced false negative rate, hence assisting in early detection and
intervention. These results demonstrate the potential of interpretable machine learning models in scalable and effective NCD screening in
resource-constrained healthcare.
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I. INTRODUCTION

Non-communicable diseases (NCDs) are among the most global health challenges for they cause about 41 million deaths
per year, 74% of all deaths worldwide (WHO, 2024). Low- and middle-income countries suffer this burden disproportionately,
86% of premature deaths occur, fueled by the rapid urbanization process, poor diets, sedentary lifestyles and a lack of healthcare
focus (GBD 2021 NCD Risk Factors Collaborators, 2024; Atun et al., 2023). NCDs cause approximately 35% of all deaths in
Kenya, where hypertension (24%), diabetes (6%) and over half of those with the disease remain undiagnosed (MOH, 2024;
Mohamed et al., 2023). Poor diagnostic infrastructures, screening capacity and workforce shortages also facilitate delayed
detection in resource-limited environments like Kitui County, which leads to a significant hidden disease burden (Kitui County
Health Department, 2023). In response to these challenges, this study investigated key predictors of NCD risk using large-scale
healthcare data to enable early identification of high-risk individuals.

A predictive intelligence model was evaluated to assess its accuracy, interpretability and clinical relevance in the real-world
healthcare environments. Based on 68,601 records of patients, the most important predictors such as systolic blood pressure (r =
0.72), body mass index (r = 0.67)and fasting blood sugar (r = 0.58) were found as the most significant risk factors, which
aligns with current epidemiological data (Gichuhi et al., 2022). A hybrid ensemble machine learning model, comprising of Random
Forest and XGBoost, was found to be highly predictive (93% accuracy) and possess a high generalization capability achieved by
cross-validation. Notably, SHAP-based interpretability offered patient-level explanations of its work that are transparent and
consistent with clinical reasoning, making it more trustworthy and easier to use across healthcare providers. These results indicate
the existence of validated, interpretable machine learning models that can be used to scalable detect and risk stratify early NCDs
in resource-constrained settings.

Objective of the study
To investigate key predictors of Non-Communicable Diseases risk using healthcare data from Kitui County and to validate
the developed predictive model by assessing its accuracy, interpretability and clinical relevance.

Importance of the study

The study contributes in a number of unique ways. First, it offers evidence-based recommendations on NCD screening
prioritization in Kitui County and other contexts by determining key predictors based on locally sourced healthcare data. Second,
it has confirmed accuracy and interpretability, providing a framework of ethical, clinically useful implementation of Al in limited
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resource healthcare environments. Third, it offers a model that can be emulated by other low- and middle-income countries with
similar challenges by showing that effective predictive analytics can be deployed based on routine clinical data and with simple
computational infrastructure.

I.LLITERATURE REVIEW

Extensive literature has established the multifactorial etiology of NCDs, with demographic, clinical, behavioral and
socioeconomic factors are considered predictors of the disease. Demographic variables, especially gender and age, are always
strongly associated with NCD risk. According to the WHO (2022), the most significant demographic factor is advancing age and
the NCD prevalence increases exponentially after 40. The gender difference is dependent on the type of disease with hypertension
and diabetes exhibiting mixed trends among the populations.

The strongest and manipulable predictors are clinical parameters. Body mass index (BMI) has become a significant
predictor in various studies. In their review of chronic diseases in Kenya, Gichuhi et al. (2021) referred to BMI and blood pressure
as the most powerful predictors of hypertension and diabetes and for every unit increase in BMI, there is a 12% increase in the
risk of NCDs. Strong predictive value is evidenced by blood pressure especially systolic blood pressure (SBP). In a Chinese cohort,
Wang et al. (2023) concluded that SBP alone had an accuracy of 76% in predicting cardiovascular events. Additional predictive
value is the fasting blood glucose and cholesterol levels, especially when it comes to diabetes and cardiovascular disease.

Behavioral aspects, such as physical inactivity, smoking and dietary habits, also play a significant role in NCD risk.
According to the estimates WHO (2022), physical inactivity alone contributes to the burden of breast and colon cancer, 27% of
diabetes burden and 30% of the burden of ischemic heart disease. Smoking is one of the leading preventable causes of NCD-
related death all over the world.

The effect of socioeconomic factors, especially income and education level, on NCD risk is through various mechanisms,
such as access to healthcare, health literacy and exposure to risk factors. As Nkengasong (2020) pointed out, NCD burden in Africa
is disproportionately distributed among the lower socioeconomic strata and the level of education is a more powerful predictor,
than income, in certain contexts.

Predictive Model validation in healthcare

The validation of models plays a vital role in identifying the predictive systems reliability and applicability in clinical
practice. In healthcare, accuracy is not considered the sole form of validation to be applied but also interpretability and clinical
relevance.

Random Forest and gradient boosting models (e.g., XGBoost) are machine learning models that have been shown to be
more effective in processing complex and non-linear healthcare data than conventional statistical tools (Chen & Guestrin, 2016).
These models are also effective especially in establishing latent patterns and interactions between predictors.

Nevertheless, the key weakness of state-of-the-art ML models is that they are not interpretable, which may become an
obstacle to their implementation in clinical practice. To help solve this, explainable Al methods, including SHAP (SHapley
Additive exPlanations), have been proposed to give transparent, patient-level understanding of model predictions.

I1l. METHODOLOGY
Research Design
This paper utilized both the retrospective cohort design and machine learning modeling to support the analysis of available
clinical and demographic data. The methodology suited well to determine major predictors of non-communicable diseases (NCDs)
and develop predictive models based on these outcomes without the necessity to have a prospective follow-up, thus it was cost-
effective and time-efficient, especially in the resource-constrained context (Creswell and Creswell, 2020). The design also allowed
categorizing people according to their risks of developing NCDs.

Study Area and Population

The research used anonymized patient data of 47 health institutions in Kitui County, between January 2020 and December
2023. The participants included adults who had at least one clinical visit and full records of such important variables as blood
pressure, BMI, blood glucose and NCD status. Pregnant patients, acute illness patients and incomplete records were excluded in
order to have data consistency and reliability.

Data Sources and Variables

Electronic medical records (KenyaEMR), community health surveillance reports and routine health information systems
were used to obtain data that were anonymized before analysis. The predictor variables were demographic (age, sex, residence),
clinical (blood pressure, BMI, fasting blood sugar, cholesterol) and behavioral variables (smoking, physical activity, alcohol use).
The outcome measure was NCD status, which was a clinical diagnosis of hypertension or type 2 diabetes using ICD-10 categories,
with those who were not diagnosed to have these conditions grouped as NCD-negative.

Investigation of Key Predictors

Three complementary methods were used to explore crucial predictors of NCD risk. Correlation coeffects (including point
-biserial for categorical variables) were used to assess relationships between predictors and NCD status, which were interpreted as
weak statistically significant at @ = 0.05 with (Bonferonni correction) The feature importance was established with a Random
Forest model on the basis of mean decrease in impurity and normalized importance scores. Further, the Recursive Feature
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Elimination (RFE) and cross-validation of 5-fold was used to determine the most crucial predictors by eliminating less significant
variables sequentially without compromising the best model performance.

Model validation

To prove the accuracy, interpretability and clinical relevance of the model, several complementary methods were used.
Standard measures such as accuracy, precision, recall, F1-score and AUC-ROC and cross-validation stability (the mean across 5
folds with standard deviation), calibration (Brier score and calibration curves) and comparison with single models of Random
Forest and XGBoost were used to measure accuracy. The interpretability was measured with SHAP (TreeExplainer), which offers
global insights with summary plots and local explanations with patient-level force plots; clinical face validity was also evaluated
by three clinicians who rated how well SHAP explanations were consistent with medical reasoning. Precision-recall thresholds
(>0.75), false negative rate and number needed to screen (NNS) were also considered in regard to clinical relevance and a clinician
acceptability survey was conducted on 15 healthcare providers to evaluate usability, trust and integration into clinical workflows.

IV.RESULTS
Descriptive Characteristics of the Study Population
- Total (N = NCD- NCD- p-
Characteristic 68,601) Positive Negative value

Age (years), mean (SD) 47.3 (16.2) 58.4 (12.6) 43.2 (15.1) < 0.001
Sex, n (%) < 0.001

Male 31,556 (46.0) 9,632 (52.0) 21,924 (43.8)

Female 37,045 (54.0) 8,890 (48.0) 28,155 (56.2)

Residence, n (%) 0.023
Urban 12,348 (18.0) 3,519 (19.0) 8,829 (17.6)
15,003

Rural 56,253 (82.0) (81.0) 41,250 (82.4)
BMI (kg/m?), mean (SD) 25.8(5.2) 29.1(5.8) 24.6 (4.3) <0.001
SBP (mmHg), mean (SD) 128.4 (18.6) 148.3 (19.2) 121.4 (14.3) <0.001
DBP (mmHg), mean (SD) 81.6 (11.4) 90.2 (12.8) 78.6 (9.7) <0.001
FBS (mg/dL), mean (SD) 98.7 (24.3) 126.8 (32.5) 89.4 (14.6) <0.001
Cho'e“em'(ggg)’/ dL), mean 182.4 (38.6) 208.3 (42.1) 173.2 (33.8) <0.001
Current smoker, n (%) 9,604 (14.0) 3,519 (19.0) 6,085 (12.2) <0.001

Insufficient physical activity, n 10,555

(%) 31,556 (46.0) (57.0) 21,034 (42.0) <0.001
Heavy alcohol use, n (%0) 8,232 (12.0) 2,963 (16.0) 5,269 (10.5) <0.001

Table 1: Demographic and Clinical Characteristics of Study Population (N = 68,601)
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Key Predictors of Non-Communicable Disease Risk

Correlation Analysis:
Figure 1 presents the correlation heatmap visualizing relationships between all study variables and NCD status.

Correlation Heatmap - Identify Key NCD Predictors
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Figure 1: Correlation Heatmap Identifying Key Predictors of Non-Communicable Diseases (NCDs).

Based on the figure 1, the NCD Flag variable was strongly positively correlated with Systolic Blood Pressure (r = 0.72),
Body Mass Index (BMI) (r = 0.67) and Fasting Blood Sugar (FBS) (r = 0.58). These results suggest that people who had higher
systolic blood pressure, high BMI and high levels of fasting blood sugar were more prone to have NCDs. Also, Diastolic Blood
Pressure (r = 0.49) and Cholesterol (r = 0.47) demonstrated moderate positive correlations with the occurrence of NCD, which
also confirms them as the risk factors. Physical Activity on the other hand was negatively correlated with NCD prevalence (r = -
0.20), which indicating a weak inverse relationship such that the higher the level of physical activity, the less strongly NCD
develops. The correlation between Age and FBS(r = -0.44) and between the other variables like MFL Code and NCD Flag were
indicating weak linear relationship among these variables thus a weak linear relationship in this data. In general, the correlation
analysis reveals Systolic Blood Pressure, BMI and Fasting Blood Sugar as the most important predictors of the risk of NCD. The
findings are important in highlighting the need to monitor and control blood pressure, body mass and blood glucose levels to
reduce the burden of NCDs among the target population.

Predictor Variable Correlation Coefficient (r) 95% Confidence Interval Interpretation
Systolic Blood Pressure 0.72 [0.71, 0.73] Strong positive
Body Mass Index 0.67 [0.66, 0.68] Strong positive
Fasting Blood Sugar 0.58 [0.57, 0.59] Strong positive
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Predictor Variable Correlation Coefficient (r) 95% Confidence Interval Interpretation
Diastolic Blood Pressure 0.49 [0.48, 0.50] Moderate positive
Cholesterol 0.47 [0.46, 0.48] Moderate positive
Age 0.41 [0.40, 0.42] Moderate positive
'”S”fﬁ;i;ri‘\t/if;ysma' 0.20 [0.19,0.21] Weak positive
Smoking Status 0.14 [0.13, 0.15] Weak positive
Heavy Alcohol Use 0.12 [0.11, 0.13] Weak positive
Sex (Male) 0.08 [0.07, 0.09] ngzll’:’\f:k
Rural Residence -0.02 [-0.03, -0.01] Negligible

Table 2: Correlation Coefficients between Predictor Variables and NCD Status

Interpretation of Key Findings:

The overall objective of the research was to explore, design and assess intelligent machine learning predictors of non-
communicable diseases (NCDs) based on big data of patients in Kitui County. The study addressed four objectives and the
outcomes of these objectives are summarized as follows. First, regarding the determination of major predictors of NCDs, the
analysis displayed that age, body mass index (BMI), systolic blood pressure (SBP), fasting blood sugar (FBS), cholesterol levels
and lifestyle-related factors, including smoking, physical inactivity and family history emerged as major predictors. The results
are well aligned with the evidence across the world that cardio metabolic and lifestyle factors play a central role in the etiology of
NCDs, which validates the plausibility of the circumstance along with the scientific integrity of the data. Second, Logistic
Regression was unable to effectively capture complex, non-linear interactions between features to attain an accuracy of 74.0% (as
measured with baseline machine learning algorithms). As a result, the ensemble-based procedures, i.e., Random Forest (93%) and
XGBoost (93%), were shown to be superior in terms of the accuracy, precision, recall and F1-score metrics, which highlights the
advantages of the use of ensemble-based techniques in healthcare prediction. Third, resting on these observations a new hybrid
architecture of an ensemble of Random Forest and XGBoost, with the soft voting, was developed. This model was a little more
predictive (93%) and far lower misclassification rates were achieved. It is significant to mention that the hybrid design also put
into consideration the accuracy and the recall by ensuring that the minority classes were identified well and false negatives were
minimized as much possible, which is critical in decision making. Fourth, the hybrid model had a high degree of generalizability
using five-fold cross-validation and the stable performance of the hybrid remained constant with little variance in performance.
Its superiority of trade-offs of sensitivity and specificity was also determined through its improved trade-offs on Receiver
Operating Characteristic (ROC) analysis with single models. Finally, the model operational capabilities were evaluated beyond
standard statistical measures. The SHAP integration allowed the model to generate patient-level insights, which are also
transparent, facilitating the elimination of the interpretability problems associated with Al in general in the healthcare setting. This
model was also computationally efficient and could therefore be integrated in resource constrained health facilities. Collectively,
these findings point to the fact that the hybrid ensemble model can be considered rigorous and applicable to the actual application
in the real healthcare environment.

Model Validation
Accuracy Validation
Table 3 presents the comprehensive performance metrics for all three models evaluated.

- F1- AUC- Brier
Model Accuracy Precision Recall Score ROC Score
Logistic 0.74 0.61 0.74 0.64 0.836 0.182
Regression
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. F1- AUC- Brier
Model Accuracy Precision Recall Score ROC Score
Random Forest 0.93 0.79 0.80 0.79 0.977 0.067
XGBoost 0.93 0.80 0.81 0.80 0.979 0.064
Hybrid 0.93 0.81 0.82 0.81 0.978 0.063
Ensemble

Table 3: Performance Metrics for Logistic Regression, Random Forest, XGBoost and Hybrid Ensemble Models

Cross-Validation Stability:

Fold Accuracy Precision Recall F1-Score AUC-ROC
0.934 0.812 0.823 0.812 0.979
0.931 0.808 0.818 0.809 0.977
0.933 0.810 0.821 0.811 0.978
0.929 0.806 0.816 0.808 0.977
0.932 0.809 0.820 0.810 0.978

Table 4: Five-Fold Cross-Validation Results for Hybrid Ensemble Model

Accuracy Validation Interpretation:

Overall Performance: The hybrid ensemble model resulted in 93% accuracy with precision of 0.81, recall of 0.82 and F1-
score of 0.81. These measures demonstrate that the model accurately classifies 93 out of every 100 patients and when it makes a
prediction of NCD positivity, clinicians are 81 percent sure that the prediction is accurate (precision)and the model detects 82
percent of actual NCDs (recall).

Comparison to Individual Models: The hybrids-improvements over individual Random Forest (Aprecision=+0.02,
Arecall=+0.02, AF1=+0.02) and XGBoost (Aprecision=+0.01, Arecall=+0.01, AF1=+0.01) are rather slight but clinically On a
population level (Kitui County, which has an estimated population of 1.2 million and NCD prevalence of approximately 27
percent), these gains are equal to around 3,240 fewer false positives and 2,160 fewer false negatives per year than using Random
Forest.

Cross-Validation Stability: Since the standard deviations are low (all are less than 0.003, which is accurate, precision, recall,
F1) it means that the model is very stable- it will behave the same no matter what data set is tested on. This consistency highly
encourages the extrapolation to new patients.

Global SHAP Analysis Interpretation: SHAP summary plot indicates that the ranking of feature importance in previous
analyses hold true, with SBP, BMI and FBS prevailing. The color gradients indicate significant directional associations: in the
case of SBP, BMI and FBS, the higher the feature values (red), the more the predictions are inclined towards increased NCD risk
(positive SHAP values). The relationship between age is also positive but more heterogeneous; some older people may be found
to have low values of SHAP, which means that it is not enough to be old without clinical abnormalities. The physical activity
(lowest in ranking) exhibits a protective effect (negative SHAP values) in its presence (blue points indicating high activity level
shift predictions left).

Risk Factors of NCD in Kitui County.

The study found systolic blood pressure, body mass index and fasting blood sugar to be the three best predictors of NCD
risk in Kitui County with correlation coefficients (r=0.72, 0.67 and 0.58 respectively) much bigger than the values in the literature
on high-income countries. These results have a number of implications.

First, the fact that these clinical measures dominate as predictors and the behavioral variables do not contribute any
predictive value, imply that it is possible to effectively risk stratify NCD in this population with simple clinical tools that are
already present at primary care centers. An operational blood pressure device, scale and stadiometer (to determine the BMI)and
glucometer will supply adequate information to make correct risk forecasts. This discovery resolves a widely held fear of applying
Al to low-resource contexts that complex lab work or costly diagnostics would be needed.

Second, the correlations of behavioral variables (physical activity r=0.20, smoking r=0.14) are also weaker than expected;
661|Page
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therefore, they should be interpreted carefully. These results are probably due to measurement problems, not to actual lack of
behavioral effects. Standardized instruments are not used and no validation is done so that behavioral data are usually gathered in
brief questions during consultations with other complaints in a typical clinical setting in Kitui County. There is a possibility of
under-reporting socially undesirable behaviors (smoking, heavy alcohol use). Moreover, the influence of the physical activity and
smoking on the risk of NCDs is partially mediated by their impact on blood pressure, BMI and glucose, when the clinical variables
are controlled, the independent effect of the behaviors loses their importance. This trend does not undermine the significance of
behavioral interventions but indicates that the risk prediction algorithms may be based on clinical measurements.

Third, the finding that age was a moderate predictor (r=0.41, 12% feature importance) agrees with the world literature but
its ranking below clinical variables indicates that chronological age is not as informative as biological age as indicated by
cardiometabolic measures. This observation confirms the possibility of primary prevention- in case an older person has normal
blood pressure, weight and normal glucose, the risk of developing NCDs is minimal despite progression of age.

Comparison and Existing Literature.

The hybrid ensemble model has a predictive accuracy of 93 percent, which is decent in comparison with the literature in
the same context. Oketch et al. (2022) achieved 88% prediction accuracy of hypertension in rural Uganda with Light GBM, whereas
our model had an 81% accuracy of combined NCD prediction. Mabaso et al. (2024) also found AUC of 0.91 to predict
cardiovascular risk in South Africa, which is lower than our AUC of 0.978. Such comparisons imply that ensemble methods which
are applied to relatively large datasets (68,601 patients in our study versus 5,000-15,000 in most African studies) can perform at
the state of the art.

The observation that the hybrid ensemble models are effective compared to individual algorithms resonates with the
ensemble learning theory. Random Forest bagging strategy minimizes the variance and XGBoost gradient boosting minimizes the
bias. A combination of them with soft voting takes advantage of both of these, leading to a model with reduced generalization
error compared to either of the constituents. The small size of the improvement (1-2 percentage points) is in line with the body of
literature on ensemble techniques in structured data, where gains on top of a good baseline are often small gains, but not dramatic.

Interpretability as an Enabler of Clinical Adoption

The fact that SHAP explanations obtained high clinician ratings (mean 4.4-4.6/5) confirms that the issue of interpretability
is not just an academic issue, but a practical necessity to implement Al in healthcare. Although clinicians in Kitui County had little
prior experience with machine learning, they were in a position to interpret SHAP force plots and considered it beneficial to use it
in clinical decision-making. This finding is consistent with implementation science literature demonstrating that transparency is a
key determinant of technology adoption in clinical settings (Glasziou et al., 2023).

The SHAP framework deals with three barriers to Al adoption in low-resource settings: (a) trust, clinicians can check that
model reasoning makes sense in clinical knowledge; (b) communication, SHAP force plots are a visual explanation of risk, which
clinicians can use to discuss risk with patients, showing how modifiable factors contribute to risk; and (c) learning, through
observing what drives predictions, clinicians may internalize risk factor patterns, potentially reduce the risk of NCDS.

V. STRENGTHS AND LIMITATIONS

Strengths

There are some strengths of this study. To start with, the sample size (N=68,601) used is very large (47 facilities in a whole
county) and there is a good level of statistical power and the study is generalizable in the whole of Kitui County. Second, strong
validation procedure, which consists of cross-validation, calibration evaluation and face-validity test by clinicians offer
comprehensive evidence of the model performance. Third, the emphasis on interpretability using SHAP analysis explicitly
responds to a barrier to the adoption of Al in clinical environments. Fourth, multiple complementary methods (correlation, random
forest importance, RFE) of investigating key predictors are convergent evidence of most informative variables.

Limitations

A number of limitations should be noted. First, the first study utilized retrospective clinical data and this data might be
subject to measurement errors, inter-facilities discrepancies and selection bias (clinical populations are not identical to community
populations). Although we used stringent preprocessing, there might still be residual biases. Second, the outcome definition
(diagnosed NCD based on medical records) can be biased toward underestimation of the prevalence of NCD in reality since not
all the cases are diagnosed. Normal clinical measurements in patients who had undiagnosed NCDs would confound predictor
estimates as NCD-negative. Third, the research was done on Kitui County alone; extrapolation to other counties in Kenya or other
nations in sub-Saharan Africa needs to be validated externally. Fourth, in evaluating views of clinicians regarding SHAP
explanations, we did not evaluate clinical behavior change or patient outcomes in response to model implementation. Fifth, the
model was tested with retrospective data; it should be prospectively tested in actual clinical practice before extensive
implementation.

VI.CONCLUSION
The presence of age, BMI, SBP, FBS, cholesterol and lifestyle factors as predictors proves the significance of clinical and
demographic data taken regularly when it comes to the risk of NCDs. This highlights the fact that health systems do not need to
demand complex and expensive datasets to generate actionable reporting, but rather they can leverage the patient data at hand and
apply advanced analytics to generate convincing results. Second, the proven superiority of the ensemble models over the traditional
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linear models such as the Logistic Regression explains why health analytics must adopt the contemporary machine learning
methods that can capture the non-linear and multifactorial nature of the NCDs. Third, the hybrid ensemble model that was
developed during the course of this study is quite an improvement, since it is not only highly predictive, but also more reliable in
many aspects of performance measures. This would mean that the future development of predictive analytics in healthcare,
particularly in low and middle-income countries, would be a possible direction with hybrid ensemble learning. The predictability
mechanisms (SHAP) also enable further interpretability of predictions, which raises the level of trust in predictions of clinicians,
hence, facilitating the utilization of Al ethically. Collectively, the paper shows that smart machine learning algorithms can be used
in a transformational way to enhance early identification and preclusion of NCDs, which is a major cause of morbidity and
mortality in Kenya and other parts of the world.
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