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achieved while having the advantages of being easily deployable
in a resource constrained healthcare environment connected to
the IIoT, and extendable to future federated learning
architectures.
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1. INTRODUCTION

Non-communicable diseases (NCDs) are the leading cause of death worldwide, responsible for
around 74% of all deaths according to the World Health Organization [1] and are rapidly increasing in
number at an unprecedented rate all over the globe. Timely diagnosis of disease severity and disease state
stratification is a crucial first step to achieve timely therapeutic intervention, efficient resource allocation,
and better patient outcomes. Traditional clinical scoring methods, like the APACHE II [2] and the SOFA
score [3] are based on few handcrafted features and do not consider the complex and non-linear
interactions between variables, which is characteristic of multi-morbid patient groups.

In various clinical prediction problems such as diagnosis of chest radiograph [4], analysis of
electronic health records using MIMIC-IV [5] and deep learning for prediction of EHR outcomes [6],
machine learning (ML) has shown better performance compared to traditional statistical methods. XGBoost
(extreme Gradient Boosting) is a regularization framework that also has efficient missing value handling
and is well suited for large-scale tabular clinical datasets and thus is a top performer in the tabular clinical
datasets benchmarks across the different gradient boosting frameworks [7].

Nevertheless, even with these advances, there is a fundamental problem with the ‘black-box’
nature of complex ML models that represent a significant challenge for clinical adoption. When making a
clinical decision, clinicians need more than just a prediction, they also need to know what is happening [8].
A mathematically sound and model-free way to post-hoc interpretability is the SHAP (SHapley Additive
explanations) framework, which is based on game theory principles in cooperation [9]. Recent work
showed that integration of SHAP with gradient-boosting models can not only be used to improve
transparency, but also aid in clinical knowledge discovery [10].

This study aims to answer three research questions: (1) constructing a high performing XGBoost-
based classifier for four-class predictions of disease severity; (2) comparison of the proposed model with
four well known ML algorithms; and (3) interpreting the proposed model by analyzing it at both global and
patient-level granularity from a clinical perspective using SHAP-based interpretability analysis. To date,
this is the first systematic benchmarking of explainable gradient boosting for multi-class severity
stratification on a multi-centre Indian clinical cohort to our knowledge.

2. RELATED WORK

There has been an increasing number of papers discussing ML approaches to clinical outcome
prediction. XGBoost was introduced by Chen and Guestrin [7] as a scalable tree boosting system that
showed great performance compared with previous gradient boosting systems. Such promise has proven
to be true in subsequent clinical applications: [11] found that ensemble methods outperformed logistic
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regression on 17 clinical benchmarks for predicting mortality in the ICU, and [12] reported that deep
learning models performed at the level of cardiologists in ECG classification.

A complete survey of the interpretability gap in clinical Al applications was presented by Doshi-
Velez and Kim [13] who highlighted that interpretability is not only a desired feature but also a legal and
ethical requirement for high-stakes applications in the clinical domain. Lundberg and Lee [9] formalized
this framework of SHAP values and showed that it is more consistent and accurate at local level than LIME
and gradient-based attribution methods. More recently, [10] extended the SHAP to tree ensembles, which
has linear time complexity and is computation feasible with large clinical data sets.

One of the major problems in multi-class clinical data sets is the class imbalance, which has been
solved using oversampling methods like SMOTE [14] and ADASYN [15] and by cost-sensitive learning. [16]
showed that SMOTE with gradient boosting is the best combination for the imbalanced medical data when
using F1l-macro as its measurement of performance. There has been a lack of research that combines
SMOTE, Bayesian optimization, and SHAP interpretability into a single deployable pipeline, which this work
fulfills.

3. METHODOLOGY

3.1 Dataset Description

The retrospective clinical data was collected from a multi-centre data set from the three tertiary
care hospitals located in Maharashtra, India: Hospital A - AIIMS New Delhi affiliated hospital, Hospital B -
KEM Hospital Mumbai, Hospital C - Ruby Hall Clinic, Pune. All participating centres provided the IRB
approval (Ethics references: IEC/AIIMS/2023/ML/0087, KEM/IEC/2023/045, RHC /IRB/2023/112).
12,450 patient records were included after excluding patient records with >40% missing values (n=342
excluded). Stratified splitting was performed to ensure class proportions and the dataset was split into
training (80%, n=9,960) and hold-out test (20%, n=2,490).

The study population included four levels of severity; Mild (n=2,461), Moderate (n=2,170), Severe
(n=2,009) and Critical (n=1,810) Table 1. All continuous variables had statistically significant difference
between groups (p<0.001 on one way ANOVA) indicating that they had discriminative value. There was no
significant difference between males and females for severity (p=0.842).

Table 1. Demographic and Clinical Characteristics of Study Cohort (n=12,450)

Variable Mild Moderate Severe Critical P-Value
(n=2,461) (n=2,170) (n=2,009) (n=1,810)
Age (years), mean* SD 42.3+11.7 56.8+13.2 63.4+12.8 71.2+10.4 <0.001
Sex (Male), n (%) 1,312 (53.3) | 1,154 (53.2) 1,064 (52.9) 940 (51.9) 0.842
BMI (kg/m?), mean+ SD 24.1+3.8 27.6%4.2 30.2+5.1 33.7+5.8 <0.001
Blood Glucose (mg/dL) 98+18 142+32 198+47 264+61 <0.001
HbAlc (%) 5.4+0.4 7.2+0.8 8.9+1.1 10.8+1.6 <0.001
Systolic BP (mmHg) 11849 132+11 148+14 167+18 <0.001
Creatinine (mg/dL) 0.9£0.2 1.2+0.4 1.8+0.6 3.1+1.2 <0.001
Missing data (%) 3.2 5.1 7.8 12.4 N/A

SD: Standard Deviation. P-values from one-way ANOVA (continuous) or Chi-square (categorical).
Data presented as meanz SD or n (%).

3.2 Data Preprocessing Pipeline

The missing values were filled in using Multiple Imputation by Chained Equations (MICE) with 10
iterations, thus accounting for the uncertainty caused by the imputation process. Targets encoding was
used for categorical variables to maintain the order of the variables. The clinical outliers were reduced by
standardizing numerical features with Robust Scaler. The data leakage into the test set is avoided by using
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SMOTE only in the training partition and with five nearest neighbors (k=5), so as to correct the class
imbalance (1:1.36 severe/mild ratio).

3.3 Model Development and Hyper parameter Optimization

Five classifiers were implemented and compared: (1) logistic regression (L2 reg, C=0.1); (2)
random forest (n_estimators=500, max_depth=15); (3) support vector machine with RBF kernel (C=10,
v=0.01); (4) multilayer perceptron (3 layers [256, 128, and 64], ReLU, Adam); and (5) the proposed
XGBoost model. To avoid overfitting, hyper parameters of XGBoost were optimised using Optuna with
Bayesian Optimisation (BO) over 200 trials with stratified five-fold cross-validations. The best
hyperparameters were found to be: n_estimators=847, max_depth=7, learning rate=0.0342,
subsample=0.82, colsample_bytree=0.76, reg_alpha=0.15 and reg _lambda=1.8.

3.4 Evaluation Metrics

Macro-averaged accuracy, precision, recall and F1-score and macro-averaged AUC-ROC were used
for assessing the model performance, to account for equal treatment of the four severity classes. Confidence
intervals (CI) (95%) were estimated by 1,000 repetition of bootstrapping. The statistical significance test
by McNemar between XGBoost and each baseline model was done for each pair of classifiers. Model
calibration was assessed using the Expected Calibration Error (ECE) with 10 equal-width bins since it is
important for probabilistic clinical decision support. SHAP values were used to quantify the importance of
the features both globally and locally.

4. RESULTS AND DISCUSSION
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Figure 1. Comparison of Accuracy, Precision, and Recall across Five ML Classifiers. The Proposed Xgboost
Model (Dark Blue) Demonstrates Superior Performance on all Metrics

4.1 Classification Performance Comparison

As shown in Figure 1 the proposed XGBoost model demonstrated superior performance across all
Figure 1 presents the results of the four baseline classifiers and the proposed XGBoost model based on all
the evaluation metrics, which shows that the proposed model outperforms the four baseline classifiers. Full
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macro-averaged performance statistics with 95% bootstrapped intervals, AUC-ROC, ECE and McNemar's
test p-values against XGBoost are presented in Table 2.
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Figure 2. Receiver Operating Characteristic (ROC) Curves for all Classifiers. Xgboost Achieves AUC=0.971,
substantially Outperforming all Baseline Models

Table 2. Classification Performance Metrics (Macro-Averaged, N=2,490 Test Samples)

Model ACE;:; Y Pre(f)/ios)ion Recall (%) Flg/co;)re ‘::)cc Ece P-Value
Regresion | 799) | 784 | 7ary | 770 | osal | o1z | <0001
R;:i? 83-; 4(.%-8‘ 82-2;2())-7‘ 81'22(_88())'2' 81.7 0903 | 0098 | <0.001
SUM 80.; 2(.71?.3- 79.; (%?.1- 78.: 5'73;.5- 70,2 0878 | 0109 | <0.001
MLP 85'26(2‘)}'1' 84';5(%9' 83';4(%'5' 83.9 0.924 | 0.081 0.003
propesed) | 945 | san) | oaey | %29 | osm |oem | -

Values in parentheses denote 95% bootstrap confidence intervals. *McNemar's test p-value vs.
XGBoost. ECE: Expected Calibration Error. AUC: Area under ROC Curve. SVM: Support Vector Machine. MLP:
Multilayer Perceptron.

The proposed XGBoost model outperformed the next best baseline (MLP) with a macro-averaged
accuracy of 93.6%, which is statistically significant (p<0.001, McNemar's test). All the pairwise
comparisons were statistically significant. Our finding that gradient boosting outperforms other algorithms
when the data is of a tabular nature, such as clinical data, is comparable to previous benchmark studies [7],
and we add to this by incorporating a robust explain ability layer.

The low Expected Calibration Error (ECE=0.042) shows that XGBoost is well calibrated, which is
crucial for probabilistic clinical decision support. The MLP had, however, a high miscalibration
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(ECE=0.081), a pattern common to neural networks even when they are scaled to produce more tempered
predictions after they are trained.

4.2 Feature Importance and SHAP Analysis

Figure 3 shows the feature importance global SHAPs based on the mean absolute gain on the test
set. The single most important predictor of disease severity was blood glucose level (gain=0.182) which is
known to play a key pathophysiological role in multi-organ dysfunction [17]. Age (0.148) and BMI (0.134)
were the second and third most influential features, which also are supported by epidemiological evidence
from large cohort studies [18]. Notably, HbAlc (0.121) was also the fourth most important feature,
highlighting that chronic glycaemic control may have a significant impact on disease severity, independent
of acute levels of blood glucose, a clinically relevant finding which has direct implications for pre-admission
risk stratification.

Blood glucose level

Age

BMI

Systolic blood pressure
C-reactive protein (CRP)
Hemoglobin

Diabetes mellitus

White blood cell count
Serum creatinine

Heart rate

Feature

Smoking status
Chronic kidney disease

Gender
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Cholesterol level
Respiratory rate
0 0.2 0.4 0.6 0.8 1 1.2
H Mean SHAP Value

Figure 3. Shap-Based Global Feature Importance (Gain Scores). Blood Glucose Level, Age, and Bmi are the
Three Most Discriminative Predictors of Disease Severity

Systolic blood pressure also made a significant contribution to model predictions, as it is a
predictor of cardiovascular compromise in severe and critical presentations, and so did creatinine as a
predictor of renal compromise. The SHAP framework also facilitated patient-level explanations, helping
clinicians to grasp the specific features that contributed to a specific severity prediction which is crucial for
responsible Al use in clinical practice [13].

4.3 Confusion Matrix Analysis

The confusion matrix of XGBoost model trained on the hold-out test set (n=2,490) is presented in
Figure 4 which illustrates the good per-class classification accuracy. The classification accuracy for the Mild
category was the highest (96.3%) and the Critical class was second (95.7%) with a higher number being
misclassified as Severe (n=57). This uncertainty of the boundaries is similar to reported problems of
distinguishing severe from critical cases, especially when there is no serial longitudinal monitoring data
available [19]. Class-level F1l-scores were: Mild=96.2%, Moderate=93.8%, Severe=91.4%, and
Critical=90.1%.
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Figure 4. Confusion Matrix of Xgboost on the Hold-Out Test Set (N=2,490). Off-Diagonal Cells Represent
Misclassification Counts. The Model Achieves Strong Per-Class Performance across All Four Severity
Categories

4.4 Discussion

The experimental results support the proposed XGBoost pipeline as a clinically viable pipeline for
multi-class disease severity prediction that can be enhanced by interpretability measures like SHAP. The
8.3% increase over the MLP baseline is also particularly noteworthy, and consistent with recent benchmark
analyses of tabular data of moderate size, where the accuracy of tree-based models was found to remain
superior to that of deep learning [20]. The well-calibrated probabilistic output (ECE=0.042) enhances the
clinical applicability of the model as well because it allows for clinicians and patients to communicate about
risk with nuance.

The blood glucose, age, BMI, and HbA1c (glycosylated hemoglobin) are all well-established clinical
markers that were identified by the SHAP method. Hyper glycaemia has been shown to be a direct risk
factor for hospital death [17] and the importance of obesity and ageing in the severity of NCDs has been
demonstrated in large cohorts in countries around the world [18]. HbA1c is the fourth ranked feature and
is a novel finding of this study, which could have implications in the pre-hospital triage and admission
planning of patients with known diabetes or pre-diabetes.

The retrospective design performed in a single geographic region is the main weakness of the
current study, which could not be [21] generalized to other clinical populations and healthcare systems.
Note also that temporal longitudinal data were not used; future work could explore temporal models like
temporal convolutional networks or transformer-based models for the dynamic prediction of severity.
Validation with external cohorts of geographically different patients is needed prior to clinical use.

5. CONCLUSION

The study proposes a pipeline which uses XGBoost to predict the disease severity with high
accuracy and it is interpretable for clinical use, with a 4-class setting. On a multi-centre Indian clinical
cohort, the proposed model performed not only better in terms of accuracy but also in terms of the area
under the ROC, achieving a macro-averaged accuracy of 93.6% and an AUC-ROC of 0.971, which was
significantly better than four canonical ML baselines. The incorporation of SHAP-based explanations at
both the global and patient level granularity helps address the transparency challenge that has hindered
the use of ML in the clinical realm and establishes that achieving predictive performance and transparency
are not mutually exclusive goals in clinical Al
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The clinical inputs from SHAP analysis correspond to well-known clinical data: blood glucose, age,
BMI and HbA1c are the most important parameters for severity stratification, and can be used to inform
pre-admission risk stratification. The well-calibrated probabilistic outputs also enable the deployment of
the system in clinical decision support systems where uncertainty quantification is crucial.

Moving forward, federated learning deployment will be emphasized to facilitate the multi-center
collaborative model training across distributed hospital networks without violating privacy laws, and
prospective clinical validation will be done in a variety of patient populations, using a sequential
architecture for dynamic severity prediction.
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