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Fostering trust and interpretability:
integrating explainable Al (XAl) with machine
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Abstract
Medical healthcare has advanced substantially due to advancements in Artificial Intelligence (Al) techniques for
early disease detection alongside support for clinical decisions. However, a gap exists in widespread adoption of
results of these algorithms by public due to black box nature of models. The undisclosed nature of these systems
creates fundamental obstacles within medical sectors that handle crucial cases because medical practitioners
needs to understand the reasoning behind the outcome of a particular disease. A hybrid Machine Learning
(ML) framework integrating Explainable Al (XAl) strategies that will improve both predictive performance and
interpretability is explored in proposed work. The system leverages Decision Trees, Naive Bayes, Random Forests
and XGBoost algorithms to predict the medical condition risks of Diabetes, Anaemia, Thalassemia, Heart Disease,
Thrombocytopenia within its framework. SHAP (SHapley Additive exPlanations) together with LIME (Local
Interpretable Model-agnostic Explanations) adds functionality to the proposed system by displaying important
features contributing to each prediction. The framework upholds an accuracy of 99.2% besides the ability to
provide understandable explanations for interpretation of model outputs. The performance combined with
interpretability from the framework enables clinical practitioners to make decisions through an understanding of
Al-generated outputs thereby reducing distrust in Al-driven healthcare.
Highlights
- The proposed manuscript suggests the development of a hybrid Model with machine learning Techniques
and includes interpretability behind outcomes: ML-XAI framework for predicting diseases.
- Five Diseases are considered in the proposed work: Diabetes, Anaemia, Thalassemia, Heart Disease, and
Thrombocytopenia.
- Black Box nature of Most Machine Learning models leads to distrust and acceptance about results especially
in medical domain.
- The proposed model solves this issue by diagnosing disease with ML models and providing attributes which
are responsible for disease being diagnosed by models.
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Introduction

In the evolving landscape of modern medicine, Al is
emerging as a transformative force, reshaping the way
healthcare is delivered. These models enable early dis-
ease detection and personalized recommendations,
addressing challenges such as the shortage of medical
practitioners, especially in urban settings [1, 2]. Al pow-
ered diagnostic tools analyze vast datasets from medical
records, imaging, and patient histories, uncovering pat-
terns that may not be readily apparent to human practi-
tioners. This integration of Al into healthcare has paved
the way for more efficient, accurate, and proactive care
[3].

Despite their precision, traditional ML models, espe-
cially deep neural networks and other complicated mod-
els face a critical limitation: their “black box” nature.
This lack of transparency is a major concern in health-
care, where understanding why a diagnosis has been
made is as important as the decision itself. The opac-
ity of predictions of ML models is a major concern in
high-stakes domains like healthcare [4, 5]. While these
models excel at making accurate predictions, they often
fail to explain their decision-making process, hindering
trust and acceptance. This is referred to as the black box
problem, where the internal workings of the model are
not visible or interpretable, making it difficult for clini-
cians to understand or validate the results. Explainability
ensures clinicians can validate the model’s logic and com-
municate findings effectively to patients, fostering trust
and informed decision-making. Existing research has
highlighted significant gaps in the explainability of ML
models used for disease prediction and diagnosis [6, 7].
Many high-performance models prioritize accuracy over
interoperability, leaving clinicians and patients in the
dark about how decisions are made [8, 9]. Scholars have
emphasized the need for models that balance predictive
performance with interoperability [10, 11]. Studies have
also noted the underutilization of XAl techniques, such
as SHAP and LIME, in current diagnostic systems. This
gap underscores the need for frameworks that integrate
explainability into ML models without compromising
accuracy, thereby promoting trust and actionable insights
in clinical contexts. The demand for interpretability
poses a major bottleneck for the wide adoption of AI/ML
in healthcare when decision making for the well-being of
patients requires reliability and accountability.

The manuscript aims to address these challenges by
developing a hybrid ML-XAI framework for predicting
diseases along with providing reasoning for predictions.
This is done by integrating XAI models with outcome

of predictions from ML models. The proposed system
combines the predictive accuracy of advanced ensemble
models like Random Forests and XGBoost besides oth-
ers. It incorporates XAI techniques such as LIME and
SHAP to provide transparent and actionable insights
into the decision-making process. Using health met-
rics derived from blood tests and lifestyle factors, the
system predicts the risk of five diseases: Diabetes, Ane-
mia, Thalassemia, Heart Disease, and Thrombocytope-
nia. The proposed work aims to integrate interpretable
Al into clinical workflows, empowering practitioners to
make informed decisions and enhancing patient under-
standing. This paper outlines the design, implementation,
and evaluation of the system, demonstrating its practi-
cal application in bridging the gap between accuracy and
interpretability in medical Al tools. The structure of this
paper is as follows:

+ Section Literature Review presents a comprehensive
literature review, providing an overview of related
work and identifying research gaps.

+ Section Proposed system methodology outlines
the design of the proposed system, detailing its
data flow using system block diagram. It describes
the methodology employed, encompassing data
collection, pre-processing, analysis, handling of data
imbalance, and the system’s application. Also the
section discusses the integration of the proposed
system with XAI techniques.

+ Section Results showcases the results, including
performance evaluation, the effects of XAl
integration, and the impact of dataset balancing on
model accuracy.

+ Section Conclusion concludes the study,
summarizing key findings and offering directions for
future research.

Table 1 below lists the acronyms used in the paper, show-
ing the common terms referenced throughout the paper.

Literature review

XAI has become a pivotal tool in healthcare, offering
transparency and trust in Al systems used for disease
diagnosis. Biswas et al. [2] emphasized model-agnostic
methods like LIME and SHAP, model-specific techniques
such as CNN visualizations, and rule-based approaches
for enhancing interpretability. Similarly, Band et al. [12]
systematically reviewed XAI methods across healthcare
datasets, highlighting their strengths in transparency but
noting challenges like resource intensity and data biases.
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Table 1 List of acronyms used

Sr.No.  Full Form Acronym
1 Artificial Intelligence Al

2 Electronic Healthcare Records EHR

3 Machine Learning ML

4 Explainable Artificial Intelligence XAl

5 SHapley Additive exPlanations SHAP

6 Local Interpretable Model-agnostic Explanations  LIME

7 eXtreme Gradient Boosting XGBoost
8 Exploratory Data Analysis EDA

9 Synthetic Minority Oversampling Technique SMOTE
10 Convolutional Neural Network CNN

11 Cardiovascular Disease [@Yp)

12 Naive Bayes NB

13 Multilayer Perceptron MLP

14 Random Forest RF

16 Red Blood Cells RBC

17 White Blood Cells WBC

Guleria et al. [13] introduced an XAI frame work for car-
diovascular disease prediction, achieving high accuracy
with ensemble methods but facing limitations due to
small datasets and resource demands. Amann et al. [14]
provided a multidisciplinary perspective on XAI, advo-
cating alignment with ethical principles but identifying
unresolved legal challenges in prediction transparency.
Similarly, Magesh et al. [15] employed LIME with trans-
fer learning for Parkinson’s disease detection, achieving
notable accuracy but facing class imbalance and reliance
on image quality Sheu and Pardeshi [16] stressed human

Table 2 Work done by different researchers
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interaction in XAI and demonstrated the effectiveness of
Grad-CAM and SHAP while calling for consistent scor-
ing systems for broader acceptance.

Several studies demonstrated the application of ML
with XAI in specific diseases. For instance, Gabbay et al.
[17] proposed an XAl-based model for COVID-19 sever-
ity prediction, showcasing real-time applicability despite
dataset constraints. Dehghani and Yazdanparast [6]
explored symptom associations in COVID-19 patients
but lacked causal interpretation and symptom progres-
sion tracking. Efforts in multi-disease prediction have
also been noticeable. Gaurav et al. [18] proposed a frame-
work for disease prediction using real-life parameters,
achieving promising results but with limited dataset
adaptability.

After reviewing the relevant literature, it is evident that
the integration of advanced technologies plays a critical
role in enhancing the performance and interpretabil-
ity of complex systems. LIME, as shown in the works of
different researchers [19, 20] is a model-agnostic tech-
nique that improves the interpretability of ML models.
In the proposed model, LIME will be utilized to provide
local explanations for the model’s predictions, allowing
for a deeper understanding of the decision-making pro-
cess. This will be particularly beneficial in applications
where transparency is crucial, such as disease diagnosis
or energy management, enabling users to comprehend
the factors influencing the model’s output. Table 2 shows
the tabular representation of work done by researchers in

Ref Disease
No. Detected

Dataset Used Technology/Approach

Key Outcomes

Symptom Associations:

Recovery: fever, apnea, cough.

Death: apnea, weakness, CVD, ventilator use.

No causality, limited provider trust, lacks symptom progres-
sion tracking.

[6] COVID19 COVID-19 records from Frequency-based feature selection
2,875 patients in three with set thresholds.
hospitals. 34 symptoms,  Apriori algorithm for symptom-
with key ones as apnea, outcome association.
cough, fever, and CVD.

[12] Cardio- Cleveland Heart Disease  Used SVM, KNN, AdaBoost, Gaussian
vascular dataset (303 instances, 14 Naive Bayes for heart disease predic-
Disease features) tion. Applied XAl for feature selec-

tion and model weight optimization.

[13] Parkinson's 642 DaTSCAN SPECTim-  VGG16 CNN with transfer learning
Disease ages (430 PD, 212 non-PD  for classification. LIME for visual

explanations of image influencing
decisions.

[14]  General General medical datasets  Explain ability approaches like LIME,
Disease including pneumonia, SHAP, Grad-CAM,. Evaluation using

BSI, AKI, and ICU data AUROC and sensitivity analysis

[15] COVID-19 COVID-19 dataset Used MLP and Random Forest for

(50,000 + patients, from severity prediction (high, medium,
May to October 2020). low). Integrated LIME for improved
model interpretability.

[18] Review on 150 Articles in Health- LIME, Transfer Learning
Healthcare  care and interpretability

Models.

Achieved 82.5% accuracy with SVM.

Enhanced interpretability for clinical decision-making. Small
dataset and limited attributes reduce robustness. Reliance on
a single dataset affects generalizability.

Accuracy: 95.2%, Sensitivity: 97.5%, Specificity: 90.9%.

Aids early PD diagnosis and clinical decision-making. Class
imbalance. Limited generalizability and dependence on
image quality.

Resource-intensive, with concerns over legal and ethical
uncertainty. Risk of bias in data, impacting model decisions.

80% accuracy with both MLP and RF.

Real-time assessments available via mobile and web apps. Da-
taset limited to a specific region and time period. Performance
variability in medium severity cases, potential overfitting
Systematic review of 53 articles, categorizing XAl methods like
SHAP, LIME, and Grad-CAM. Discusses applications to diseases
like brain tumors, COVID-19, and chronic kidney disease.




Agrawal et al. Diagnostic Pathology (2025) 20:105

the field of medical disease diagnosis using ML and DL
techniques.

Proposed system methodology

The primary goal of this system is to diagnose blood-
related diseases using various health indicators while
offering clear explanations through XAI techniques. The
steps of proposed methodology as illustrated in Fig. 1
includes data collection, preprocessing, EDA, Balancing,
splitting in train -test, examining ML models for perfor-
mance and system integration with XAI for interpretabil-
ity [21]. These steps are pictorially represented in Fig. 1.

Data collection (Blood test report)

The data analyzed in this research was drawn from Kag-
gle and comprised of blood samples containing 25 health-
related attributes. These attributes included parameters
such as hemoglobin, platelets, glucose, cholesterol, red
blood cells, white blood cells, and other biochemical
indices. Each sample was associated with specific illness
categories, providing a strong foundation for forecasting.
To make sure it satisfied quality requirements for analy-
sis, the dataset was first examined for consistency, dupli-
cation, and completeness [17]. Tabular representation of
attributes considered for disease diagnosis is shown in
Table 3.

Data pre-processing
Data cleaning is an essential first step in the data prepro-
cessing phase, where duplicates are removed and missing
values are addressed to ensure the dataset is accurate and
consistent. Once the dataset is clean, standardization is
applied to all numerical features using the StandardScaler
technique. This process transforms the data to have a
mean of zero and a standard deviation of one, ensuring
that each feature contributes equally to the model and
preventing any potential bias during the training phase.
In the preprocessing phase, the dataset underwent a
comprehensive cleaning process, including the removal
of duplicate entries and handling of missing values to
ensure consistency and reliability [22]. Quantitative
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health indicators such as glucose, hemoglobin, choles-
terol, platelet count, and other blood-related biomark-
ers were standardized using the standardscaler from
sklearn, aligning them to a common scale with zero mean
and unit variance. This step was essential to prevent any
single feature from disproportionately influencing model
performance. Additionally, exploratory data analysis
(later part of the paper) revealed severe class imbalance
among disease categories, which could potentially skew
model predictions towards the dominant class.

Exploratory data analysis (EDA)

EDA is conducted to profile the feature matrix, examine
feature relationships, analyze distributions, and search
for outliers. The insights gained from EDA help in han-
dling class imbalance and feature selection for the mod-
eling process [23]. EDA was conducted to estimate the
dataset’s structure, identify outliers, and examine variable
dependencies.

i. Disease Distribution Analysis: The diagram shown in
Fig. 2 above demonstrates the significant imbalance
in the dataset, underscoring the importance of
using SMOTE to tackle this issue. By applying
SMOTE, one can generate synthetic samples for the
minority class, helping to create a more balanced
distribution. This process is essential for improving
model performance and ensuring it doesn’t favor
the majority class, thereby enhancing the overall
accuracy and fairness of the predictions [24]. This
step enhanced model performance by reducing bias
towards the majority class and improving prediction
quality.

ii. Correlation Matrix: The correlation matrix as shown
in Fig. 3 highlighted significant relationships between
variables:

From correlation matrix one can infer that systolic and
diastolic blood pressures showed high inter-correlation,
while biomarkers like C-reactive protein and choles-
terol exhibited low R-values, indicating independence.

/ Removing R S : LIME-
[ Blood Test | \\\Pupl.icates/‘ Eseas:ﬂlzlxs;x:mtwh R;:li(;m Explainability
‘ Report 3 —— >/ i el | - |
1l p= . . . = Synthetic Data e;nsxon - | ‘
. . . )y o ee J ¥ =
l BN (/Handle missing : / I s 2Ring Jor Minority | - ‘ ‘ J Prediction
. . values 2 (Correlation Matrix) | 2| Class : - Naive 5 > ‘
Dat : ST— ; N o . - Leveraging Bayesly | | Local Modet |
ata 1 e : Testing | SMOTEfor |- | XGBoost i ‘
e Standarize\ i ﬁm—m Disuibuti(h ; |[MBalazcingDataj o
. \; / 3 \ Analysis / .T N— . ¢ Pereranta Importance
Data Collection- . . -Train-Test Split . :
- : : - Data Balancing Outcomes
. Data Preprocessin, . Exploratory Data Analysis . ) . i i
P g P! y Y Evaluating Model Integration with XAl

Fig. 1 Flow of methodology for healthcare prediction system
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S.no Attribute Name Data Type, Description and Normal Range
1 Glucose Numeric This measures Blood Sugar Levels, significant for diagnosing Diabetes. Normal Range 70-140 mg/dL
2 Cholesterol Numeric: Measures total Cholesterol in Blood. High levels increase risk of cardiovascular disease. Desirable Range
125-200-mg/dL
3 Hemoglobin Numeric: Represents protein in RBC that carries oxygen. Low value indicates Anemia, whereas high signifies dehy-
dration. Range 13.5-17.5 g/dI
4 Platelets Numeric: Helps in Clotting of Blood. Low level (thrombocytopenia) causing increase in risk of bleeding, while high
level (thrombocytosis) causes clot formation. Range 150,000-450,000 per pL
5 White Blood Cells Numeric: Vital for immune system Range 4000-11,000 per mm?
6 Red Blood Cells Numeric: Main function is to carry oxygen throughout the body. Abnormal levels indicate anemia. Range
4.2-54 million/ pL.
7 Hematocrit Numeric: This indicates percentage of RBC in blood. Range: 38-52%
8 Mean Corpuscular ~ Numeric: Indicates a measure of average size of RBC. Low value indicates iron deficiency. Range:80-100 fL.
Volume
9 Mean Corpuscular ~ Numeric: This shows average hemoglobin content per RBC. Range 27-33 pg
Hemoglobin
10 Mean Corpuscu- Numeric: Indicates Hemoglobin concentration in RBC. Range 32-36 g/dL.
lar Hemoglobin
Concentration
11 Insulin Numeric: Information about the hormone that regulates blood glucose levels. Range 5-25 pU/mL
12 BMI Numeric: Body Mass Index, analyses weight status of a person. Higher values indicates overweight and vice versa.
Range 18.5-24.9 kg/m?
13 Systolic Blood Numeric: Informs about pressure in arteries during heartbeats, high values indicates hypertension Range 90-120
Pressure mmHg.
14 Diastolic Blood Numeric: Informs about pressure in arteries between heartbeats, low value suggests shock or dehydration Range:
Pressure 60-80 mmHg.
15 Triglycerides Numeric: Indicates whether a person has fat in the blood or not. High level indicates risk of cardio disease. Range
50-150 mg/dL
16 HbA1c Numeric: Measures average blood sugar over 2-3 months, where values > 6.5% indicates diabetes. Range 4-6%
17 LDL Cholesterol Numeric: Indicates amount of ‘Bad’ cholesterol that causes artery blockage. Range 70-130 mg/dL
18 HDL Cholesterol Numeric: Indicates amount of ‘Good'’ cholesterol that removes excess cholesterol from blood. Low level is undesir-
able as it might cause heart disease. Range 40-60 mg/dL
19 ALT Numeric: Alanine Aminotransferase, a liver enzyme level, whose high value indicates liver damage. Range 10-40 U/L
20 AHT Numeric: Aspartate Aminotransferase, another liver enzyme level, whose high value indicates liver disease or muscle
damage. Range 10-40 U/L
21 Heart Rate Numeric: Number of heartbeats per minute. Both extreme low and high are undesirable. Range: 60-100 bpm.
22 Creatinine Numeric: Indicates level of waste product filtered by kidneys, where high level indicates abnormality in kidney
functioning. Range 0.6-1.2 mg/dL
23 Troponin Numeric: Indicates protein in heart muscle, where slight elevations indicate cardiac damage. Range: 0-0.04 ng/mL
24 C-Reactive Protein  Numeric: Marker of inflammation. High level undesirable. Range: 0-3 mg/L

Clusters of similar biomarkers (e.g., glucose, HbAlc, and
triglycerides) reflected their association with metabolic

cholesterol in cardiovascular health. Anemia has a
distinct spread in hemoglobin levels, with slightly

health.

iii. Disease vs. Health Indicators: Boxplots Fig. 4

illustrate variations in health parameters across
diseases. These variations aligned with expected
indicators for each disease. This figure shows the
distribution of key health metrics across different
diseases. Diabetes shows a broader range of glucose
levels, with higher median values compared to
other diseases, suggesting glucose as a critical
factor in diabetes diagnosis [25]. Cholesterol levels
vary, with Heart Disease and Diabetes displaying
higher distributions, as expected, given the role of

elevated medians, which aligns with its clinical
markers. Thrombocytopenia shows significantly
lower platelet levels, a defining feature of this disease.
No extreme deviations are visible across diseases, but
Thalassemia and Heart Disease show a wider spread
in creatinine levels.

Training and testing
The dataset is split into training and testing sets, with the
training set further divided for cross-validation.
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Fig. 2 Disease distribution analysis

+ Training: ML models such as Decision Tree, Naive
Bayes, Random Forest, and XGBoost are used to
train the system on the balanced dataset.

+ Testing: The trained models are evaluated on the test
set to assess performance on unseen data.

Different permutation of train-test split is done before
selecting model and the combination of split which gives
best results [26]. In the later stage, when SMOTE is lever-
aged to balance data, only training samples are balanced
and test data remains unchanged.

Handling class imbalance using SMOTE

In the process of analyzing the first part of the dataset,
it was observed that there is an appreciative class imbal-
ance for most of the diseases in the current dataset. Some
classes, like the Healthy and Thrombocytopenia catego-
ries, had far fewer instances than diseases like Diabe-
tes. This difference could lead to model bias, causing a
decrease in the total prediction rate for less-represented
categories [27]. This issue was resolved with the help of
SMOTE. SMOTE works by augmenting the minority
classes to generate new samples between existing ones
while maintaining the statistical properties of the original
dataset [28, 29]. Initially, there was a significant dispar-
ity in the number of cases per disease category as shown
in Table 4. In the dataset, Diabetes had the highest inci-
dence at 294 cases, whereas Healthy had the least, with

Disease

only 5 cases. This imbalance caused the model to predict
more frequently for diseases such as Diabetes and less
frequently for rare occurrence class as Healthy.

After applying SMOTE, each category was increased to
the same number of instances as the largest category, 294
cases, as shown in Table 5. This up-sampling ensured that
all categories of illnesses were well-represented in the
dataset used to train the model.

This augmentation technique was pivotal in enhancing
model generalization and fairness without compromising
the original data integrity.

Model evaluation and selection

Upon training multiple machine learning models on the
structured healthcare dataset, the selection of the most
suitable model was based on a combination of perfor-
mance metrics—primarily accuracy—and the assess-
ment of potential overfitting. A range of classification
algorithms commonly used for structured data was con-
sidered, including Decision Trees, Naive Bayes, Random
Forests, and XGBoost. Each model was evaluated using
cross-validation and tested on unseen data to ensure
generalizability. Among these, XGBoost (Extreme Gra-
dient Boosting) emerged as the best-performing model.
Its superior accuracy, robustness against overfitting, and
ability to handle complex, nonlinear relationships made it
particularly well-suited for the dataset used in this study.
XGBoost’s regularization techniques, efficient handling



Agrawal et al. Diagnostic Pathology (2025) 20:105 Page 7 of 14
clucose [T 020 0.13 [0:10/ 0104 FXT] 0.19 603 (X% o016 WM@MOM 022 i
Cholesterol - 0.20 0.8 [XFI[XF 014 T RER 015 012 ] @ 013 RCIRBICEIREY 0.16[0/01(0.09] 0.2
Hemoglobin - "ms 0.18 f 0.14 mm 0.18 mm 0.18 0.16 0.
White Blood Cells mm- y . e
Red Blood Cells -fik11 0.14 (0,03 (071 ]
Hematocrit - 0.19 (009 [T BT 0.25
Mean Corpuscular Volume mm 0.14 m F - 0.6
Mean Corpuscular Hemoglobin -m :1 0.18 mmm-
Mean Corpuscular Hemoglobin Concentration m 0.15 mmm@ 9 1:1 mw 3 & 0.15 0.14 m
vsin 80 022 I N YT o 17 5 BN 17022 s 062 (17 G .24 25 B e
BMI - oaamm [0.03]0. ¥13-0.15/0.03[¥%] 0.21 ols@o.nm - 04
Systolic Blood Pressure (7 0.18 m - :
Diastolic Blood Pressure —@m 0.16 022 028 021 _‘
— "
Triglycerides -m 013 ‘o.11 012 011 -
HbAlc —@ .15
0.0
- %P 0.13]/0.12 FX] m Mom
Creatinine -ﬂ 0 01 0 -m 0.12 m 0.. 18 0.22 m_‘} m
Troponin - 0.20 m@m 0.16 0.14 BT .vothuo fo 11 mmw [¥Z40.23]-0.26[-0.14[0.07[-0.06[0101] 1.00 | ~0.2

Crreactive Protein - 0.22 mmmmmmmmmmm~:@m 021 mmmm 0.16 mmm

Glucose -
Cholesterol
Hemoglobin
Platelets
White Blood Cells
Red Blood Cells
Hematocrit

Mean Corpuscular Volume
Mean Corpuscular Hemoglobin

Fig. 3 Correlation matrix

of missing data, and scalability further contributed to its
selection as the optimal model for predictive analysis in
this healthcare application.

System integration with XAl

LIME is used to make the model’s predictions interpre-
table. - LIME generates perturbations (slightly modified
instances of the original data) to analyze the model’s
behavior. A locally accurate, interpretable model (usually
a linear regression) is derived to explain the predictions.
The system outputs:

+ Feature Importance: The most important features
contributing to the prediction.

+ Prediction: The final prediction made by the model
for a given instance.

+ Local Model: A simplified, locally accurate model
around the current data point.

A significant challenge addressed by XAI techniques is
understanding the manner and rationale behind specific
results, which is crucial in critical sectors such as medi-
cal, financial, and legal fields, where decisions must be

Mean Corpuscular Hemoglobin Concentration

Insulin
Systolic Blood Pressure
Diastolic Blood Pressure
Triglycerides
HbAlc -
LDL Cholesterol
HDL Cholesterol
Heart Rate -
Creatinine
Troponin
C-reactive Protein

transparent and well-supported. XAI technique, LIME,
provides local interpretability for ML models, making it
particularly useful in sectors like healthcare for explain-
ing individual predictions and ensuring transparency.
Thus, the subsection explains LIME’s process, applica-
tions, and why it was preferred over SHAP for local inter-
pretability and efficiency in healthcare.

Overview of LIME

LIME is an XAI technique that explains any ML model
by approximating the model’s behavior locally around an
instance using a simpler interpretable model, such as a
linear model [30]. It focuses on the local behavior of the
model in the vicinity of a specific instance and generates
explanations for the features that contributed most to the
prediction.

+ Process: LIME operates by modifying the input data
to create samples similar to the target instance and
using the black-box model to predict outcomes for
these samples. It then builds an interpretable model
around these predictions in the neighborhood of the
instance.
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Glucose Distribution across Diseases
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Table 4 Initial distribution of classes in dataset
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Disease Instances
Diabetes 294
Anemia 58
Thalassemia 43
Heart Disease 27
Thrombocytopenia 16
Healthy 5
Table 5 Disease distribution after applying SMOTE

Disease Instances
Diabetes 294
Anemia 294
Thalassemia 294
Heart Disease 294
Thrombocytopenia 294
Healthy 294

+ Interpretability: LIME provides explanations for a
specific classification or quantity prediction around
the instance, highlighting the importance of features

proximal to the instance.
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Cholesterol Distribution across Diseases
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Applications: LIME is widely applied in domains
where interpretability of local predictions is essential,
such as Loan approval, Medical diagnosis and
Recommendation systems.

Model interpretability: LIME over SHAP

XAI techniques, such as LIME and SHAD, are essential in
healthcare for ensuring transparency;, reliability, and ethi-
cal deployment of ML models. While both methods aim
to enhance model interpretability, the choice of LIME in
this project was motivated by specific considerations rel-
evant to the dataset and healthcare domain.

Transparency & Ethics: XAl tools like LIME and
SHARP ensure trustworthy, ethical use of ML in
healthcare.

Local Interpretability: LIME explains individual
predictions using local surrogate models, ideal for
patient-specific insights. SHAP offers broader but
less personalized interpretations.



Agrawal et al. Diagnostic Pathology (2025) 20:105

Table 6 Accuracy of ML models across splits

Model 80:20 Split 70:30 Split 65:35 Split
XGBoost 95.92% 93.84% 87.72%
Random Forest 86.73% 85.62% 81.87%
Decision Tree 65.31% 52.74% 53.80%
Naive Bayes 74.49% 71.23% 66.08%

Table 7 Performance of ML models across various parameters

Model Accuracy Precision Recall F1 Score
XGBoost 0.9592 0.95 0.90 091
Random Forest 0.8673 0.94 0.81 0.77
Decision Tree 0.6531 0.72 0.68 0.67
Naive Bayes 0.7449 0.81 0.76 0.78

« Efficiency: LIME is computationally efficient, using
sampling and simpler models. SHAP, requiring
Shapley values, is resource-intensive.

+ Handling Imbalanced Data: LIME adapts well to
imbalanced datasets via instance perturbation.
SHAP’s dataset-wide reliance may introduce bias.

+ Human Readability: LIME offers intuitive, clear
explanations, helping healthcare professionals
understand model decisions.

+ Model Flexibility: Being model-agnostic, LIME
works across ML algorithms without major
adjustments.

+ Clinical Alignment: LIME’s focus on key features
in individual cases aligns with clinical reasoning,
supporting actionable insights in diagnoses.

+ Domain-Specific Prioritization: In healthcare,
explanations must align with clinical reasoning to
ensure trust and usability. LIME’s ability to isolate
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and highlight the influence of key features in
individual cases makes it ideal for understanding
individual patient attributes in diagnosis.

Results

The results section discusses ML model performance
across various indices, LIME integration for interpret-
ability, and discussions of key findings.

Performance evaluation

The study evaluated four ML models: Random Forest,
Decision Tree, Naive Bayes, and XGBoost, for predicting
disease risks based on health metrics. The performance
of each model was measured in terms of accuracy across
different train-test splits, as shown in Table 6. XGBoost
model achieved the best accuracy of prediction of
selected disease with the Train: Test split ratio of 80:20.
Further Train: test split of 80:20 was selected for com-
parison of other performance indices across ML models.

Besides Accuracy, other performance indices of the
selected ML models have also been considered. These are
precision, Recall and F1 Score besides accuracy. Tabu-
lar representation of the performance parameters of the
models are shown in Table 7. Again, XGBoost comes
out be outperform other models selected for predicting
disease.

Further 5-fold cross validation and Hyperparameter
tuning was also done to check for ML model perfor-
mance. Error Bar plots of the results were also considered
for analysis as shown in Fig. 5. Following interpretations
can be made for ML models after 5-fold cross Validation
and Hyperparameter tuning the performances obtained.

Model Accuracy with Error Bars (95% CI Approx)

1.0F

0.8

e
o

Accuracy

e
’S

0.2

0.0

Random Forest Decision Tree

Fig. 5 Error bar plots for ML Models

Naive Bayes XGBoost
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Model Accuracy with Error Bars (95% CI Approx) is
shown in from Fig. 5. Confidence Index (CI) quanti-
fies uncertainty in the model’s performance estimate.
A narrow CI means high confidence and less variability
suggesting the model’s accuracy is consistently stable.
A wide CI suggests higher variability in accuracy — the
model’s performance might fluctuate more across differ-
ent samples.

The information that can be inferred from the plot of
accuracy for different models, with error bars indicating
the approximate 95% confidence interval (CI). To cal-
culate the 95% confidence interval for the accuracy of a
classification model, the normal approximation to the
binomial distribution can be used:

Cl =p+ Za/2-v/(P(1 = P))/n) @

Where:

p = observed accuracy (e.g., 0.99).

Z,, = critical value for 95% CI (= 1.96).

n=number of samples.

Example (for 99% accuracy for XGBoost model and say
1000 test samples):

CI=0.99 +1.96 - V((0.99 x (1-0.99))/1000)

=0.99 +1.96 - ¥(0.0099/1000)

=0.99+1.96 - 0.00315

=0.99+£0.0062

Final CI ~ [0.9838, 0.9962]

So with 99% accuracy and 95% CI it can be inferred
that With 95% confidence, the true model accuracy lies
between 98.38% and 99.62%.

+ For Decision Tree: Accuracy increased from 65.3
to 89% post 5-fold cross validation and tuning of
hyperparameters.

Explanation for Input 1 (Predicted Class: Anemia):

Prediction probabilities NOT Anemia

Anemia [N 0.99
Thalasse

Page 10 of 14

+ For RF the accuracy improved to almost 99% and
small error bar indicates low variability across folds
with highly consistent performance.

+ For NB classifier accuracy reached to 87% with larger
error bar indicating more variation in accuracy
across folds and less consistent.

« Finally, for XGBoost model accuracy is highest and
very tight error bar signifying stable and reliable
results.

XAl integration

To ensure model transparency, LIME was used to explain
the predictions. LIME provided insights into the impor-
tance of features for each disease prediction. For instance:

+ Diabetes: High cholesterol and specific insulin levels
were critical contributors.

+ Thrombocytopenia: Low platelet count was
identified as the most significant factor.

+ Anemia and Thalassemia: Hemoglobin levels and
RBC counts were key predictors.

For each disease, LIME visualizations highlighted the rel-
ative importance of features, as shown in Figs. 6, 7, 8, 9
and 10.

The figure shown in Fig. 6 represents LIME interpreta-
tion for an individual who is anemic. As is clear the prob-
ability of the sample being of an anemic case is 99.26%,
whereas those belonging to Diabetes or other disease is
almost negligible. The model is 99% confident that the
input sample belongs to a sample of a person having ane-
mia. LIME also identifies which features pushed the ML
model’s decision towards a particular outcome, here dis-
ease being Anemia. As can be interpreted from Fig. 5, if
the value of WBC count is less than 0.27, the person may

Anemia Value ¢

-2.05
by
-0.21

Heart Di -0.71 < Hematocrit <=...
5 b 4 ematocrit - 0.23
iabetes [0.00 ] -0.11 < Glucose <= 0.68 017
Other lo.03 o
-0.80 < BMI <=-0.01 :
0.03 ) -0.16
l;ggl;-'cerndes 2 Mean Corpuscular Hemoglobin 1.05
-0.89 <ALT <=0.02 Mean Corpuscular Volume 1557

0.02

0.02

0.02
Predicted probabilities: {'Anemia’: ©.9926764, 'Diabetes’:

Comparison: Anemia vs Not Anemia

Mean Corpuscular He...

Mean Corpuscular Vo...
0.02

Insulin

-0.41

-0.86 < Insulin <= 0.08 < (]

0.00042822416, 'Healthy': ©.00018387944, 'Heart Di': 0.00

Fig. 6 LIME explanation for anemia prediction. low hemoglobin and RBC counts contributed most significantly
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Explanation for Input 2 (Predicted Class: Thromboc):

Prediction probabilities NOT Thromboc Thromboc
Platelets <=-0.92
Thromboc [ o.0¢ f—;
Heart Di I-O.84 < Mean Corpuscu...
0.03
Anemia Red Blood Cells <= .
Healthy [0.00 ] ——
Other 0.02
Mean Corpuscular Vo...
0.02
Mean Corpuscular He...

0.01

-0.78 < AST <=-0.00

0.01

Cholesterol <=-0.76

0.01

HbAlc <=-0.77

0.01

HDL Cholesterol > 0.85
0.01

Fig. 7 LIME explanation for thrombocytopenia prediction. low platelet count was the key factor

Explanation for Input 3 (Predicted Class: Thalasse):

Prediction probabilities NOT Thalasse Thalasse
Mean Corpuscular He...
Thalasse [IRN] 0.98 0.20
Heart Di Mean Corpuscular He...
- 017
Anemia Red Blood Cells <= __.
[ 0.00 | -
i _ -0.11 < Mean Corpusc...
Other 008
Cholesterol > 0.69
0.06
Insulin <= -0.86

HDL Cholesterol <= ...

Fig. 8 LIME explanation for thalassemia prediction

Explanation for Input 4 (Predicted Class: Diabetes):
Prediction probabilities NOT Diabetes

Diabetes [ 1]0.95
Anemia
Thromboc
Thalasse
Other

Diabetes

Cholesterol > 0.69
025

Mean Corpuscular He...
0.02

-0.65 < White Blood C...

0.02
Triglycerides > 0.73
0.02!
Predicted probabilities: {'Anemia’: ‘Diabetes’:

Comparison: Diabetes vs Not Diabetes

0.03921996, 09.94718516,

Fig. 9 LIME explanation for diabetes prediction

'Healthy':

Feature
Platelets

Mean Corpuscular Hemoglobin
Concentration
Red Blood Cells

Insulin

Mean Corpuscular Volume
Mean Corpuscular Hemoglobin

HDL Cholesterol

Feature

Mean Corpuscular Hemoglobin
Concentration

Mean Corpuscular Hemoglobin
Red Blood Cells

Mean Corpuscular Volume
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Value

Value

‘White Blood Cells
HDL Cholesterol
BMI
4 b
Feature Value
1.68
-1.67
0.10
-0.11
Mean Corpuscular Volume 1.26
ALT -1.10
HbAlc -0.32
Mean Corpuscular Hemoglobin 1.48
'White Blood Cells -0.64
Triglycerides 1.27
4
0.0005870587, 'Heart Di': 0.000
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Explanation for Input 5 (Predicted Class: Heart Di):

NOT Heart Di

Heart Di

-0.71 < Hematocrit <=...
0.06

Triglycerides > 0.73
0.06

White Blood Cells >...
0.06

Mean Corpuscular Vo...
0.05

0.08 < Insulin <= 0.72

Mean Corpuscular Volume
Insulin

Red Blood Cells

Mean Corpuscular Hemoglobin

Mean Corpuscular Hemoglobin
Concentration
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Value

Fig. 10 LIME explanation for heart disease prediction

be suffering from Anemia. The WBC count of sample
provided for validation is -2.05 which clearly is less than
desired. Low WBC count suggests bone marrow sup-
pression and immunity being low, this is a feature which
clinically supports anemia. Clinically, WBC may might
not be primary indicator, but low count signal underlying
conditions that may co-exist with Anemia. For the par-
ticular sample this count has become the primary feature
responsible for disease. Still another feature responsible
for detection of Anemia by LIME model is RBC which
in healthy case should be greater than 0.82. The RBC
count of sample is 1.17, just slightly higher than needed,
is another feature which lead ML model to draw the con-
clusion of the sample being that of an anemic person.
Low RBC count indicates fewer number of cells to carry
oxygen in blood thus making a person anemic.

Samples fed to LIME for other person can be inter-
preted similarly. Upon testing, the ML model predicts
Thrombosis, with LIME providing the interpretability.
As shown in Fig. 7, the low platelet count emerges as
the key contributing factor. For the disease Thalassemia,
a validated sample with an elevated Mean Corpuscular
Hemoglobin Concentration leads to a Thalassemia pre-
diction, as illustrated in Fig. 8. In the case of Diabetes,
Fig. 9 highlights abnormal cholesterol levels as the pri-
mary indicator influencing the model’s decision. Finally,
for predicting cardiovascular or heart-related ailments,
Fig. 10 shows that Hemocrit levels play a significant role
in the model’s interpretation for the specific sample, as
revealed by LIME. Thus, post prediction from Ml model,
LIME will interpret the reason for the disease, so that
appropriate precautions can be taken by individuals to
maintain the normal range.

Discussions and limitations
Practical considerations include infrastructural limita-
tions such as the availability of electronic health record

(EHR) systems, reliable internet connectivity, and ade-
quate computational resources, which are often lacking
in under-resourced healthcare environments. Further-
more, challenges such as data interoperability, model
retraining with localized data, and the need for clini-
cian training and acceptance are critical for successful
deployment.

Regarding real-time feasibility, while the current model
demonstrates strong predictive performance in a con-
trolled experimental setting, its integration into Clinical
Decision Support Systems (CDSS) requires further opti-
mization. This includes streamlining data input pipelines,
ensuring model inference efficiency, and embedding
explainability features (through XAI) that align with cli-
nicians’ cognitive workflows to foster transparency and
trust.

However, the study’s reliance on a single Kaggle data-
set and potential limitations in real-time clinical settings
should be considered. Further research is needed to eval-
uate the scalability of this approach for broader health-
care applications and to test its feasibility across diverse
clinical environments.

Conclusion

In this research, a novel approach that integrates ML
and XAI techniques to enhance transparency and trust
in healthcare applications is proposed. By leveraging the
predictive power of XGBoost models alongside interpret-
ability tools as LIME, the system achieves not only high
accuracy but also clear and actionable insights into its
decision-making process. This interpretability is crucial
in healthcare, where trust and accountability are para-
mount. Table 8 presents a comparative analysis of the
proposed work against existing state-of-the-art meth-
ods. While some studies show good performance, they
often rely on smaller datasets or focus on a single dis-
ease. In contrast, our model achieves high accuracy while
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Table 8 Comparative analysis of proposed work with current state of Art

Ref.  Multiple ML  Ensemble Data Predicted Single/ In- Model Limitation
models were model Balancing  Multiple Diseases clud- Accuracy
tested selected ed
XAl
[311 CNN Yes No No, chest related radio-  No 88.1 With explanations behind outcome was not
graphs for detecting included. fully assess what factors might be
Pneumonia contributing to the hospital system-specific
biasing of the models.
[32]  Yes:SVM, NB NO- No Multiple: Diabetes Re- No 90% Diabetes Related Heart Disease a single disease
and DT lated Heart Disease is predicted with 90% accuracy
[33]  Yes:7 ML NA NA Yes: Multiple Disease, a NO NA Basically, a research review article, that includes
models comparative analysis review of 48 articles done for disease prediction
[34]  Yes DT, XGB, Yes-XG NO No, single disease for No 99.2% Small dataset (400 instances), generalizabil-
RF, SVM, KNN,  Boost Chronic Kidney Disease ity concerns lacking expandability behind
NB, GB, SG, (CKD) prediction predictions
LGBM, ET,
ANN, HML
[35]  Yes:DT,KNN,  Yes Yes (Used Single : Cardiac disease  No 96.6% Small dataset (303 instances), overfitting risk
NB, LR, RF, AB, SMOTE) and interpretability missing. Only predictions of
SVM 0 Heart disease
Pro- Yes: DT, RF, NB  Yes: Yes, using 5 Disease Predicted: Yes 99% Predicted Anemia, Diabetes, Heart Disease,
posed and XGBoost ~ XGBoost SMOTE Heart Disease, Diabetes, Thalassemia, Thrombocytopenia with 99.1%
work Thalassemia, Thrombo- accuracy with interpretability of diagnosis

cytopenia and Anemia

including features responsible for the cause.

predicting multiple diseases and enhances trust through
integrated explainability.

A look in the table reflects that not only model predic-
tions across multiple disease has been improved but also
interpretations for occurrence of disease can be made to
understand with the integration of XAI. This is required
specifically in healthcare sector where patient’s trust is
much needed for faster recovery and also to gain accep-
tance. The study highlights that the XGBoost model
out- performed others in terms of accuracy and robust-
ness, while LIME effectively identified the contributions
of individual features, ensuring transparency and foster-
ing trust. Additionally, the application of SMOTE suc-
cessfully addressed data imbalance, improving fairness
and generalization across different disease categories.
These findings demonstrate that XAl can bridge the gap
between complex ML models and real-world clinical
applications, empowering early disease risk assessment
and supporting informed decision-making. The health-
care dataset utilized in the study was sourced from a
publicly available repository, which, while widely used
and benchmarked in research, may still carry inherent
biases due to factors such as regional demographic rep-
resentation, imbalance in class distribution, and vari-
ability in data acquisition protocols across collection
sites. To mitigate these concerns, several preprocess-
ing techniques including class balancing using SMOTE,
normalization of feature values, and rigorous cross-vali-
dation to minimize overfitting to specific data segments
are included. Additionally, XAI techniques were lever-
aged to further inspect and interpret model predictions,

helping to uncover any potential model reliance on spuri-
ous or biased features. In future work, validation of mod-
els across multiple datasets from diverse populations is
required.

This study shows that using XAI with machine learn-
ing can help make disease predictions more accurate and
easier to understand. However, there are still many ways
this work can be improved in the future. First, the model
should be tested on more real-world medical data from
different hospitals and regions to make sure it works
well everywhere. Second, the system can be expanded
to detect more types of diseases, including rare ones. It’s
also important to make the system easier to use in hos-
pitals, so that doctors can get fast and helpful predic-
tions during their work. Working closely with doctors
and medical experts can help improve how the system
explains its results, so it makes more sense to them. In
the future, the model should also be able to update itself
when new data is available and use privacy-friendly
methods to keep patient information safe. Lastly, more
research is needed to develop standards for how explain-
able AI should work in the field of pathology.
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