Fusion: Practice and Applications (FPA) Vol. 20, No. 02. PP. 171-199, 2025

Demystifying Disease Prediction with
Explainable Supervised Learning

Neel Modi! , Astha Soni' , Gokul Yenduri®>*, Rutvij H. Jhaveri>%, Stella Bvuma*"

IDepartment of Information and Communication Technology, School of Technology,
Pandit Deendayal Energy University, Gandhinagar, India

2School of Computer Science and Engineering, VIT-AP University, Amaravati, 522237,
Andhra Pradesh, India

3Department of Computer Science and Engineering, School of Technology, Pandit
Deendayal Energy University, Gandhinagar, India
4Department of Applied Information Systems School of Consumer Intelligence and
Information Systems, College of Business & Economics, University of Johannesburg,
Johannesburg, South Africa

Emails: Modi.Neel@gamil.com; ASoni.stha@gamil.com;

Yenduri.Gokul@gamil.com; Rutvij.Jhaveri@sot.pdpu.ac.in; stellab@uj.ac.za

Abstract

The ever-worsening mortality rates due to various diseases such as heart
disease, breast cancer, and kidney disease are of great concern. Early diagnosis
of the disease can be of great help. This process can be automated with the
help of Artificial intelligence (AI). But, the main worry of using AI in
healthcare is its black-box behaviour. The majority of the models characterized by
high accuracy are often black-box in nature. This can be overcome by the
use of eXplainable Artificial Intelligence (XAI), which is capable of explaining the
predictions made by these black box models. We have exploited 3 different XAI
frameworks: SHAP, LIME, and DALEX, to understand the working and the
facilities provided by the three frameworks and compare them. We have used 5
disease datasets (3 heart disease, 1 cancer and 1 kidney disease) to carry out our
work. Each dataset was trained with 3 machine learning models, namely Support
Vector Machine (SVM), Logistic regression (LR), and K-Nearest neighbours (KNN),
and the best model was used to feed to the XAI framework. LR performed best for
one of the heart disease datasets with 72.31%accuracy, while SVM outperformed in
all the other datasets, thus proving the efficacy of such approaches for early disease
prediction.
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1 Introduction

The current state of healthcare involves a combination of challenges and advance-
ments [1]. In recent years, a growing emphasis has been on preventive measures, early
detection, and personalized treatment approaches. Medical researchers and experts
are progressively directing their attention towards the management of risk factors,
modifications in lifestyle, and public health initiatives aimed at enlightening individ-
uals about the value of preserving a healthy heart and blood vessels. With almost 18
million deaths per year due to cardiovascular diseases (CVD), it is one of the leading
causes of death globally. According to data from the Global Burden of Disease (GBD)
study and the World Health Organization (WHO), cardiovascular disease is the leading
cause of death worldwide each year. [1, 2]. A person’s risk of developing cardiovascular
disease (CVD) is typically estimated using a combination of clinical and non-clinical
factors, including age, gender, blood pressure, cholesterol levels, diabetes, smoking,
body mass index (BMI), physical activity, and socioeconomic status. Similarly, cancer
is a complex and deadly disease affecting millions of people worldwide. Breast can-
cer prediction entails determining a person’s risk based on factors such as personal
and family medical history, genetic predisposition, lifestyle choices, and demographics.
Kidney disorders pertain to a collection of ailments that impact the operation of the
renal organs, which are crucial bodily components accountable for eliminating waste
substances from the bloodstream and upholding the body’s equilibrium of fluid and
electrolytes. These illnesses demonstrate a range of severity, varying from moderate to
intense, and can arise from a variety of sources, including genetic factors, infections,
autoimmune diseases, specific medications, and underlying medical conditions such as
diabetes or hypertension. A progressive deterioration in renal function is the hallmark
of chronic renal disease (CKD). It is critical that diagnostic techniques for these con-
ditions advance as quickly as possible. Healthcare and individualized therapy support
are greatly impacted by emerging technologies like artificial intelligence (AI), deep
learning (DL), and machine learning (ML). AI has the power to revolutionize health-
care by lowering costs, boosting efficiency, and improving patient outcomes. Artificial
Intelligence can be applied to electronic health records, personalised medicine, med-
ical imaging, diagnosis, and treatment, as well as predictive analytics and virtual
health assistants. [3]. In order to predict the future, the analytical model will use the
training data. When fresh data is presented to the model, it extracts valuable infor-
mation based on prior learning. Through the analysis of vast amounts of patient data,
including genetic data, clinical records, and medical images, Al algorithms are able to
identify patterns and indicators of breast cancer. These algorithms can become more
accurate and efficient over time by continuously learning from large amounts of data,
which can help detect breast cancer early and lower the likelihood of late-stage diag-
noses. Furthermore, they are capable of identifying risk factors that could accelerate
the onset or worsening of kidney disease as well as subtle changes in kidney function.
This tailored strategy improves treatment results, minimizes side effects, and maxi-
mizes the use of available resources. The diagnosis of kidney and heart conditions can
also be aided by computer vision. Data scientists can use images from medical scans,
such as computed tomography (CT) or magnetic resonance imaging (MRI) equipment,
to train a convolutional neural network (CNN) to identify coronary artery disease.
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Nevertheless, there exist possible disadvantages as well such as bias and lack of
transparency, that should be considered. Perhaps there are a lot of advantages to using
AT responsibly in healthcare, but it’s important to make sure that patient privacy and
ethical issues are taken into account. Artificial intelligence (AI) models that can be
explained are essential in the healthcare industry due to the ethical dilemma surround-
ing the degree of transparency associated with AI and the lack of trust in the opaque
operation of Al systems[4]. Explainable AT (XAI) methods are Al techniques that are
used to explain AT models and their predictions[5]. The main objectives of XAI are
to make AI more understandable and trustworthy, to create tactics and methodolo-
gies that assist humans in understanding how AI models arrive at their conclusions or
predictions, and to make AI models interpretable by nature.

This need for explainability to establish trust in the black-box AI models has
motivated us to use different XAl techniques on different datasets to determine which
XAI technique is robust and to understand the drawbacks that we may face while
working with these techniques. Black-box models are very powerful and can predict
with very high accuracy, so it’s important to use them in healthcare to predict diseases.

Even if we employ existing XAI frameworks and traditional ML algorithms, the
novelty of our contribution lies in the comprehensive evaluation and comparison of
these methods across multiple disease datasets. Our primary aim is to assess the
utility of XAT frameworks in explaining the predictions of ML models for early disease
detection across multiple diseases. The key contributions of our work are:

o We implemented three XAl frameworks: SHAP, LIME, and DALEX, on five different
disease datasets.

® We provided insight into the manner in which the three different frameworks are
distinct from one another.

e Five distinct datasets, each having unique properties, have been used. Asserting
explainability and interpretability through the use of three distinct frameworks
allows us to understand how XAI interacts with different datasets thanks to these
differences in characteristics like size, number of features, and completeness.

The rest of the paper is structured as follows: The second section of the study discusses
the literature review, while the third section introduces the methods we employed
in our analysis. Results and discussion are illustrated in section V, just before the
conclusion of our work, which is depicted in section 6, highlighting potential threats
and future directions of this study.

2 Literature review

Artificial intelligence has shown enormous potential in the healthcare arena for the
diagnosis of diseases, treatment planning, and patient monitoring. However, healthcare
professionals find it challenging to accept Al models due to their black-box nature.
Caruana et al. [6] underlined the relevance of explainability in healthcare Al systems,
stating that interpretable models are more likely to be trusted and accepted by physi-
cians. Explainable AI can increase transparency and empower medical professionals
to make wise decisions by offering insights into the decision-making process. Holzinger
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Table 1: Previous works of Al in healthcare.

Reference Used ML model Contributions Limitations
Examines federated learning strategies to
increase hospitalized patients’ mortality
" Limited model ralizability due to limited
[9] Multilayer perceptron (MLP) models prediction accuracy using 111(111 ec model seneralizablily ue to fmitec
ata
electronic health record (EHR) information from | ¢
various organizations.
. Developed a letely automated system t .
[10] COVNet (neural network) eveoped a com'p © e'} automated system to Lack of transparency and interpretability
use chest CT to identify COVID-19. )
A classification system based
Gradient boosting, Extreme gradient classiica 1<?n system basec on -
[11] boosting. Bagging. Extra t > Jassifi feature selection was developed to Limited dataset
bosting, Bagging, Extra tree classifier . L
poosting, Bagsing €0 classie help detect Parkinson’s disease early.
feature selection model for detection of
[12] Ensemble technique erythemato-squamous disease with Limited dataset, Lack of transparency
improved speed and accuracy.
feature selection model for detection of
[12] Ensemble technique erythemato-squamous disease with Limited dataset, Lack of transparency
improved speed and accuracy.
Table 2: Previous works of XAl in healthcare.
Reference | Used ML model Contributions Limitations
Utilized three deep learning models to
LIME as XAT and Resnet50, VGG16 and o . - L
[13] I t'% 3 lm( 1 Cs".p ane predict the onset of Alzheimer’s disease, Higher loss on prediction and limited data
nception v3 deep learnin,
s G & and LIME was used to interpret the results.
SHAP and LIME as XAI, XGBOOST, . e s
. .:m( o S . P Evaluated the predictability of the model’s - . . .
Logistic Regression, Stochastic Gradient . L . Limited dataset, XAI was not implemented
[14] > ; N heart disease prediction by comparing
Descent, Support Vector Classifier, . hine 1 . thod on the best model.
various machine learning methods.
Kneighbors classifier, and Naive Bayes ©
Provided an analysis of explainability and
Survival Gradient Boosting model, random rovided .:m analysis of expramabiity an Substantial imbalance in target features that
[15] 3§ a comparison of two models X N
forest, SHAP o N X biases the model’s performance
for predicting HF survival.
Developed an explainable CKD prediction
del that can be used t lain b
[16] | Ensemble Trees Classifier, SHAP podel That catl be used 1o explain how Limitations on dataset
various patient clinical characteristics affect
CKD early diagnosis.
Logistic Regression, RF, GBM, SVM Developed an (XAI) archetype to offer a
o oo alitative understanding of th
[17] Multilayer Perceptron Classifier, q“l"t', “ ';? “l“ :“ ‘“‘;mg © . l° - Limited dataset
relationship between the model and the
SHAP, LIME, DALEX. R .
model’s parameters for renal failure.

et al. [7] discussed the importance of usability and explainability in AI, particularly
in the context of medicine. They emphasize that transparency is essential for users
to trust and use Al technologies, including healthcare professionals and patients. XAl
approaches enable users to understand how and why AI models make specific pre-
dictions or judgments by offering interpretable explanations. Table 1 summarises the
characteristics of previous works about the use of Al in healthcare.

Explainability is crucial not only for increasing user trust but also for address-
ing regulatory and ethical concerns. The European Union’s General Data Protection
Regulation (GDPR) demands that people have the right to know why decisions made
by AI systems that impact them are made. Mittelstadt et al. [8] explored the ethical
concerns of black-box Al systems, arguing that explainability is critical for maintain-
ing fairness, avoiding discrimination, and facilitating accountability. This means that
explainable artificial intelligence (XAI) is needed to replace the extremely complicated
black box models. A list of prior XAI projects in the healthcare industry can be found
in Table 2.

Three distinct post-hoc explainable techniques—SHAP, LIME, and DALEX—are
compared in the proposed study. A unified framework called SHAP can be used to
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Table 3: Previous works on same datasets

Ref | Disease Dataset Accuracy Best
model

[18] | Heart disease UCI (270, 22) 87.69% ]SDVTN?nd

19] | Heart disease UCI (303, 14) 87% LOGREG

20] | Heart disease UCI (303, 13) 88.7% HRFLM

21] | Heart disease UCI (303,13) 85.60% RF

22] | Kidney disease | UCI (400, 26) 92% RF

23] | Kidney disease | UCI (400, 26) 98.46% | LSVM

24] | Cancer disease | WDBC (569,30) | 98% KNN

explain any ML model’s output. It offers a global and local explanation of model pre-
dictions and is based on the idea of Shapley values from cooperative game theory. By
quantifying each feature’s contribution to the prediction outcome, SHAP values help
to clarify the model’s decision-making process [25]. One popular approach to decipher-
ing individual predictions from black-box machine learning models is LIME. It creates
interpretable ”surrogate” models that approximately resemble the complex model’s
behavior in the immediate area of the instance being described. LIME assists users
in understanding why a given prediction was produced by generating locally faithful
explanations and providing insights into the key features and their contributions [26].
DALEX has the ability to generate a wide range of explanations for model behavior.
It offers methods for p artial d ependence p lots, a ccumulated 1 ocal e ffects, computing
variable importance, and more. These explanations offer valuable i nsights i nto how
individual input features contribute to model predictions, allowing users to under-
stand the factors driving the model’s decisions [27]. Table 3 displays studies that used
the same datasets as ours and the accuracies they achieved.

One of the leading causes of death worldwide is cardiovascular disease. To develop
disease prediction models, researchers used supervised learning approaches combined
with XAI technologies. Pedro et al. [28] undertook an explainability evaluation of the
suggested heart failure survival prediction model in their work. Mehrdad et al. [29]
stated a completely novel Genetic Algorithm (GA)-Adaptive Neural Fuzzy Inference
System (ANFIS) algorithm for heart attack prediction. One important area where
XATI methods have been used to improve the interpretability of AI models is cancer
diagnosis. Philipp et al. [30] underlined in their work the great potential of XAT in
cancer research, and the prediction of sample-wise networks was applied to proteomic
data. In [31], Amoroso et al. used XAI frameworks to implement treatments for breast
cancer. One important area of healthcare where Al advancements have shown promise
is the diagnosis of Alzheimer’s disease (AD). Shaker et al.[32] used Shapley values in
their research to develop an interpretable model for AD diagnostic and progression
detection as well as a two-layer model with random forest (RF) as a classifier algorithm.

Medical professionals’ confidence in today’s black box models may be increased by
using XAl to make them easier to understand and interpret. The first step in under-
standing XAI is to distinguish between explainability and interpretability. Waddah
et al.[33], in their work, the authors attempted to differentiate b etween the following
two terms: interpretability refers to the extent to which the insights provided can be
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understood in light of the targeted audience’s domain knowledge, whereas explain-
ability offers insights to a targeted audience to meet a need. In order to gain some
important insights, we will compare several post hoc explainability methods (SHAP,
LIME, and DALEX) in this work and analyze the results.

3 Methodology

By leveraging the capabilities of supervised machine learning algorithms, the suggested
methodology seeks to address the explainability, interpretability, and transparency of
predictions of three important health conditions: cancer, kidney disease, and cardiovas-
cular disease. Models are trained on labeled data in supervised machine learning, where
input features are matched with corresponding labels or targets. This approach allows
the algorithms to learn patterns and make predictions based on the provided inputs.
Three distinct supervised machine learning algorithms have been selected as viable
candidates in order to achieve this: logistic regression, K-Nearest Neighbors (KNN),
and Support Vector Machines (SVM). These three algorithms have shown promising
results in the prediction of cardiovascular disease, kidney diseases, and cancer [34-39].

A binary classification algorithm called logistic regression models the relationship
between the input features (X) and the probability that the target variable (y) will fall
into a particular class. To estimate the probabilities, it makes use of the logistic func-
tion, commonly referred to as the sigmoid function. The logistic regression equation
can be represented as follows: Probability of y belonging to class 1:

Py =1|X) = 1/(1 + exp(—(w * X +b))) (1)

In which b is the bias term, X is the input feature vector, and w is the weight vec-
tor. Using optimization strategies like gradient descent, the logistic regression model
is trained by minimizing the logistic loss function, such as the binary cross-entropy
loss. The objective is to determine the ideal values for w and b in order to minimize
the discrepancy between the actual labels and the predicted probabilities. The fol-
lowing represents the mathematical formula that gradient descent uses to update its
parameters:

0_new = 0_old — learning_rate * V(loss_function) (2)
Here, the step size is denoted by learning_rate, the updated parameter values are
represented by 6_new, the current parameter values are represented by 6_old , and
the gradient of the loss function with respect to the parameters is represented by
V (loss_function). Gradient descent seeks to identify the set of parameter values that
minimizes the loss function through iteratively updating the parameters using this
formula, enabling the model to produce predictions that are more accurate.

SVM is a potent classification algorithm that divides the various classes in a high-
dimensional space by locating the ideal hyperplane. The goal of SVM is to maximize
the difference between the closest data points of various classes and the hyperplane.
The classification decision function in the case of linear SVM can be stated as follows:

f(X) = sign(w+ X +b) (3)
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The input feature vector is represented by X, the bias term is b, the weight vector is
w, and the sign function is sign(). The SVM model solves the following optimization
problem in order to determine the ideal values for w and b:

Minimize : (1/2) * ||w]||? (4)

Subject to: y_i * (w* X_i 4+ b) >= 1, for all training samples (X_i, y_i) Here, for
every training sample (X_i), the target label is y_i. The goal is to maximize the margin
while identifying the hyperplane that appropriately divides the training samples.

KNN is a non-parametric algorithm that uses the k-nearest neighbors’ major-
ity vote to classify new data points. Instead of learning explicit models, it uses the
similarity between instances in the feature space. This is a summary of the KNN
algorithm:

1. Determine the distance using either the Manhattan distance or the Euclidean
distance between the new data point (z) and all training data points (z_7).

e Euclidean distance: dist(z, x-i) =
sqrt((z_j — x_i,5)?)

e Manhattan distance:
dist(z,x_i) = |rv_j — xi, ]|

2. Using the calculated distances as a guide, choose the & closest neighbors. Let N_k(z)
represent the set of k£ nearest neighbors.

3. Locate at which of the k closest neighbors has the majority class label. Assume
that for every neighbor z_i in N_k(z), the class labels are y_i.

4. Assign the majority class label to the new data point (z). When it comes to binary
classification, the majority class label among the neighbors would be the predicted
class label.

Mathematically, the prediction step can be represented as follows:

y-pred = argmaz((1ly-i = c])) (5)

for each class label ¢ in the set of k& nearest neighbours N_k(z). In this case, the
indicator function 1 [condition] returns 1 in the event that the condition is true and
0 in the absence of it. The argmax function returns the class label that maximizes
the sum of indicators, indicating the majority class label among the neighbors. It is
necessary to set the hyperparameter k, which stands for the number of closest neighbors
before the model can be trained. It affects t he balance b etween bias and variance in
the model’s predictions. A smaller value of & tends to capture local patterns, while a
larger value of k considers a broader context but may introduce more noise.

These algorithms have shown effectiveness in various c lassification tasks and are
widely used in the field of medical research. These algorithms were applied to the five
different d atasets ( 3 h eart d iseases, 1 c ancer,and 1 kidney d isease). T he proposed
methodology is as shown in Fig. 1
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Fig. 1: Block diagram for methodology including each steps

Before training the models, the datasets undergo preprocessing steps to ensure data
quality and suitability for analysis. This involves handling missing values by employing
appropriate techniques such as dropping samples with missing values, replacing miss-
ing values with zero, mean, median, or mode, interpolation, or extrapolation of the
missing values depending on the different datasets. Categorical variables are encoded
into numerical representations to enable compatibility with the algorithms, and numer-
ical features are scaled to comparable ranges by a min-max scaler to avoid dominance
by any particular feature. Each value is substituted using the following formula after
the minimum and maximum values from the data are obtained:

z_Normalized = xj; — x_min/x_max — x_min (6)

where j in 1,....n and n is the number of features.

After that, the datasets are divided into training and testing sets using the widely
accepted 70:30 ratio. The training set is used to train the models, adjusting their
parameters and hyperparameters to optimize their performance. This iterative pro-
cess involves finding t he b est c ombination o f s ettings t hat y ields t he m ost accurate
predictions. The trained models are subsequently evaluated using the testing set to
assess their predictive performance. Various evaluation metrics, such as accuracy, pre-
cision, recall, and F1-score, are computed to measure the models’ ability to correctly
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predict the presence or absence of each health condition. To ensure the robustness of
the results, additional techniques like cross-validation will be employed. The available
data is divided into k non-overlapping folds (subsets) denoted as D1, Da, ..., Dj. For
each iteration ¢ (1 < ¢ < k), the model is trained on the union of all folds except
the i-th fold and evaluated on the i-th fold. The model’s performance is measured
using a chosen evaluation metric, such as accuracy, precision, recall, or F1 score. The
performance measure for each iteration is denoted as P;. The average performance,
denoted as P_avg, is calculated by taking the mean of the performance measures from
all iterations:

Pavg= (P, + P+ ..+ Py)/k (7)

The final model for predicting the corresponding health condition is chosen from
among the models that show the best predictive performance across the various
datasets and algorithms. Throughout the entire research process, strict adherence to
ethical guidelines and regulations is paramount. Measures are taken to ensure the
privacy and confidentiality of patient information.

Finally, the selected models are integrated into a framework that facilitates explain-
able AI (XAI) techniques. Three distinct XAI approaches, namely SHAP, DALEX,
and LIME, are employed to provide interpretation at both the global and local lev-
els. The contribution of the feature to the prediction is indicated by the SHAP value.
Assigning a SHAP value (¢) to every feature () in the input vector is the aim of SHAP,
signifying its input into the prediction. The local accuracy, missingness, and consis-
tency properties are used to calculate the SHAP values. Conversely, LIME seeks to
identify a sparse linear model that approximates the behavior of the complex model.
Given a complex model f and an instance z, LIME defines a local linear model g(z'),
where 2’ is a perturbed version of z, that approximates f near x:

g@)y=w- 2" +0b (8)

Here, w represents the weights assigned to each feature,z’ is a perturbed version
of z, and b is the bias term. DALEX measures the significance of each feature over the
whole dataset to provide global explanations. Evaluating each feature’s effect on the
model’s predictions is the aim. Computing the Shapley values is a popular method for
estimating the significance of a feature. By breaking down the model’s prediction for a
particular instance into the contributions of individual features, DALEX additionally
offers local explanations. This aids in comprehending the variables influencing the
forecast in that specific case. One way to depict the local explanation is as follows:

N
fl@)=co+ > ¢ ai 9)

=1

Here, the value of feature 7 in instance = is denoted by x_i, the contribution of
feature 7 is represented by ¢;, the model’s base value or intercept term is denoted by
@0, and the model’s prediction is represented by f(z), for instance, .

The objective of this study is to increase the predictability and understandabil-
ity of ML models by utilizing LIME for local interpretations and SHAP and DALEX
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for global interpretations. XAI techniques have been employed to enhance trust,
decision-making, and health condition insights by improving the transparency and
understandability of machine learning models’ predictions.

4 Results and discussion

This work focuses more on improving the interpretability, justification, and explain-
ability of black-box machine learning models because the study compares various
XAI frameworks. The study uses supervised learning techniques like SVM, logistic
regression, and KNN for prediction purposes. Weight optimization improves prediction
accuracy. A confusion matrix is used to visualize classification algorithm performance,
measuring recall, precision, specificity, accuracy, and AUC-ROC curves. True positive,
false positive, true negative, and false negative values are used to evaluate performance,
identifying whether patients are correctly classified as having a disease or not. While
we acknowledge the value of measurements such as precision and recall, we want to
underline that prioritizing accuracy enables clarity and comparability across models
and datasets. Since accuracy gives a simple measure of prediction correctness, which
is consistent with our goal of disease prediction, we believe that it is the necessary and
sufficient metric in determining the effectiveness of our supervised approaches. The
SVM model outperformed the logistic regression model with an accuracy of 90.16%,
98.05%, 99.12% and 98.33% on heart disease 1, heart disease 3, Breast cancer, and
kidney disease datasets. Logistic regression proved to be a better model for the heart
disease 2 datasets and gave us an accuracy of 72.13%. SVM uses a linear kernel because
the data may be linearly segregated, or divided along a single line. Along with accu-
racy the four models of SVM also gave high Fl-score, 0.86 (CVD-1), 0.98 (CVD-3),
0.97 (breast cancer), 0.99 (kidney disease). The F1 score for logistic regression that
gave better accuracy for the heart disease-2 dataset was found to be 0.7. Table 4
summarises the results of our work.

Table 4: Comparison of different models on different datasets.

Disease Datasets Best performing model | Accuracy | Best global interpretation | Best local interpretation | Dataset source
Heart disease 1(303,14) SVM 90.16% SHAP LIME UCI
Heart disease 2(70000, 12) Logistic regression 72.31% SHAP LIME Kaggle
Heart disease 3(1025,14) SVM 98.05% SHAP LIME Kaggle
Breast Cancer disease (569, 31) SVM 99.12% SHAP LIME WDBC
Kidney disease (400, 25) Logistic Regression 98.75% SHAP LIME UCI

There are three phases of an XAl framework they are pre-modelling, explainable
modeling, and post-modeling. The proposed work follows all three phases so as to
generate accurate explanations. Since SVM outperformed logistic regression, the pre-
modelled SVM model was fed to the three XAI models: SHAP, LIME, and DALEX.
Although SHAP and DALEX provide both global and local interpretations, LIME
focuses on interpreting locally instead of providing a global model interpretation.
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4.1 Global interpretation

By taking into account the full dataset or a sizable portion of it, global interpretation
enables us to comprehend the behavior and decision-making process of ML models
holistically. The goal of global interpretation is to shed light on how the model func-
tions generally throughout all cases. We have used SHAP and DALEX to understand
global interpretations of the models.

4.1.1 Heart disease

We have used 3 different datasets of cardiovascular disease with 303, 70000, and 1025
instances and 14, 12, and 14 features in the respective datasets.

Variable Importance
svC

. pww
Ca N --0.0+2
SEX R - 0.0
thal o 0.023

oldpeak R -0.023
exang S 001

thalach I -0.009
trestbps S 0 008
slope GGG -0.c07
restecg S 0.003

0.09 0.1 0.11 0.12 0.13

drop-out loss

Fig. 2: DALEX CVD-1 summary plot.

A weak heart muscle is typically brought on by coronary artery disease or a heart
attack, but other factors like malfunctioning heart valves, chronic high blood pressure,
a high maximum heart rate, and chest pain may also be to blame. A weakened heart
may occasionally be caused by a combination of conditions. The analysis of datasets
revealed that features such as age, cholesterol level, thalach (maximum heart rate
achieved), and chest pain played a significant r ole in d etermining t he 1 ikelihood of
heart disease.

Higher levels of cholesterol, maximum heart rate achieved (thalach), and systolic
blood pressure were found to be associated with an increased risk of heart disease.
Increasing thalach values increases the likelihood of heart disease, reflecting the heart
rate-cardiovascular risk relationship. High blood pressure also increases the risk of
developing heart disease, [40]. Hence, SHAP values revealed important information
about the relationships between these factors and heart disease. (as shown in the
SHAP summary plots in Fig. 3, Fig. 5, and Fig. 7).

The DALEX plots did provide us with the same SHAP features that are influenc-
ing the results for each individual dataset. DALEX explainer revealed that the most
important feature for predicting heart disease was chest pain (CP) for dataset 1. Sim-
ilarly, for dataset 2, the most important feature is systolic blood pressure (ap-hi), and
for dataset 3, it is thalach (according to Fig. 2, Fig. 4, and Fig. 6).
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Fig. 3: SHAP CVD-1 summary plot
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Fig. 4: DALEX CVD-2 summary plot
The SHAP explanations provided vital details about the specific relationships
between these risk factors and heart disease. They could, for example, reveal that high
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Fig. 5: SHAP CVD-2 summary plot
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Fig. 6: DALEX CVD-3 summary plot

cholesterol levels combined with advanced age have a synergistic effect on the model’s
predictions, increasing the likelihood of heart disease even further. Such insights can
be extremely useful in clinical practice, allowing doctors to more accurately identify
high-risk patients and tailor their interventions accordingly.
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Fig. 7. SHAP CVD-3 summary plot

4.1.2 Breast Cancer disease

When applying XATI using SHAP and DALEX to the breast cancer dataset, the SHAP
and DALEX summary plot’s analysis identified several influential factors in predicting
the likelihood of breast cancer. Features such as tumor size, tumor grade, and lymph
node status were found to be particularly significant in determining the predictions,
providing valuable insights for understanding and decision-making in breast cancer
diagnosis.
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Fig. 8: Breast cancer DALEX summary plot.
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Fig. 9: Breast Cancer SHAP summary plot

Tumor size was identified as a crucial predictor, with larger tumor sizes exhibiting
positive SHAP values, indicating a higher probability of breast cancer (as shown in Fig.
9). The DALEX (as depicted in Fig. 8), on the other hand, provides only the extent
of influence o f t umor size on t he p redictions o f b reast ¢ ancer and d oes n ot provide
the relationship of the size of the tumor to breast cancer, unlike SHAP. The SHAP
explanations emphasized the direct relationship between tumor size and the model’s
predictions, underscoring the importance of considering tumor size as a primary factor
in diagnosing breast cancer. This aligns with the findings of Shah, A amera, et al. [41]
that most cases of breast cancer present in advanced stages are associated with a
larger size of the tumor.

4.1.3 Kidney Disease

When applying XAI using SHAP and DALEX to the kidney disease dataset, the
analysis of Fig. 11 and Fig. 10 unveiled the significant i nfluence of variables such as
diabetes mellitus, hypertension, and specific gravity on the predictions. Positive SHAP
values indicate an increased likelihood of kidney disease for each of these factors.
Diabetes mellitus emerged as a crucial factor, indicating that individuals with this
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condition have a higher risk of kidney problems due to potential damage to the kidneys’
blood vessels and nerves.
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Fig. 10: Kidney disease DALEX summary plot.
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Fig. 11: Kidney disease SHAP summary plot.
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Hypertension, or high blood pressure, was also identified as a significant predictor
of kidney disease, as it can lead to damage in the kidney’s blood vessels, impairing
their ability to filter waste and maintain fluid balance. Abnormal levels of specific
gravity, a measure of urine concentration, were found to be associated with impaired
kidney function, suggesting that this variable plays a crucial role in predicting kidney
disease.

The SHAP explanations provide valuable insights for clinicians in diagnosing
kidney disease and identifying potential underlying causes, particularly in patients
with kidney injury. Individuals with a history of diabetes mellitus, hypertension,
and abnormal specific gravity levels should be particularly vigilant about their
kidney health. Regular monitoring, consultation with healthcare professionals, and
appropriate preventive measures are essential to prevent or manage kidney disease
effectively.

4.2 Local Interpretation

SHAP, LIME, and DALEX are techniques that provide local interpretation of data,
explaining why a data instance was classified into its target class. LIME builds sur-
rogate models to mimic the behavior of the original model, Dalex uses statistical
importance, and SHAP uses cooperative game theory to capture feature importance.
However, they are model-agnostic and do not significantly differ in interpretation and
every technique is model-agnostic.

4.2.1 Heart diesease

®
=
-
oldpeak
thal . +0.04
thalach ' +0.03
exang ' +0.03
slope ' +0.03

restecg  —0.02 ‘

4 other features -0.01 ‘

06 07 08 0.9 1.0
=0.607

Fig. 12: CVD-1 SHAP instance explanation
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Based on the interpretations provided by LIME, SHAP, and DALEX for a specific
instance of the heart disease-1 dataset (illustrated in Fig. 12, Fig. 14 , Fig. 13), It
is evident that the primary characteristics influencing the predictions in all three
approaches are sex, thalassemia, and the number of major vessels (0-3) colored by
fluoroscopy.

Break Down
svC

intercept—o.sa>
sex = 0.0:1 +0.11
cp =0.6667— +0.008
ca=0.0- +0.072
oldpeak = 0.0—
thal = 0.6667 —
slope = 1.0=
thalach = 0.771—
exang = :

restecg = 0.0 -0.004

age = 0.7083— -0.002
+all other factors—

prediction—

0.5 0.6 0.7 0.8 0.8

contribution

Fig. 13: CVD-1 DALEX instance explanation
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Fig. 14: CVD-1 LIME instance explanation

For the particular instance, thethal value, thalassemia, indicated “no blood flow
in some part of the heart,” and the ca value—the number of major vessels colored by
fluoroscopy—was found to be two, indicating that two out of three major vessels were
found by the fluoroscopy technique, further indicating blockage in one of t he vessels.
Both of these are obvious indications that the patient has heart disease.
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Fig. 15: CVD-2 SHAP instance explanation
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Fig. 16: CVD-2 LIME instance explanation

The XAT techniques, when applied to a single instance of the heart disease dataset
2 (as shown in Fig. 15, Fig. 16, Fig. 17), resulted in ap-hi (systolic blood pressure),
cholesterol, and age as major factors in the prediction of the diagnosis. The systolic
blood pressure for the patient was found to be 140 mm HG, which is higher than
it should be (normally it should be less than 120 mm HG). Moreover, the age is
20,388 days (a little less than 56 years), which further indicates that age is one more
influential factor in t he prediction. T he cholesterol of t he p atient was above normal,
which strengthens our predictions.
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Fig. 17: CVD-2 DALEX instance explanation
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Fig. 18: CVD-3 SHAP instance explanation
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Fig. 19: CVD-3 DALEX instance explanation

For the heart disease-3 dataset again, the three models provide us with ca, sex,
and slope as the top features that contribute towards predicting that the given patient
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Fig. 20: CVD-3 LIME instance explanation

is diagnosed with cardiovascular disease (as seen in Fig. 18, Fig. 20, Fig. 19). For this
particular patient, the ca value of 0 indicated that no vessels were found during the
process of fluoroscopy, which indicates that there is a blockage of major blood vessels.
Furthermore, the peak exercise ST segment’s slope is negative, whereas a healthy
patient’s slope should be positive, according to the slope value of 1. Therefore, the
models came to the conclusion of classifying the patient as having been diagnosed with
cardiovascular disease.

4.2.2 Breast Cancer disease

When SHAP, LIME, and DALEX were applied to the breast cancer dataset for a local
interpretation, concave points worst, concave points mean, and texture worst were the
top 3 features that helped in determining that the cancer is malignant (as can be seen
in Fig. 22, Fig. 23, and Fig. 21).
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Fig. 21: Breast cancer DALEX instance explanation
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Fig. 22: Breast cancer SHAP instance explanation
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Fig. 23: Breast cancer LIME instance explanation
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Concave points indicate how many concave areas there are in the contour, and the
worst concave points represent the highest mean value. The worst texture is indicated
by the highest mean value of the standard deviation for greyscale values. The standard
deviation is necessary to determine the variation of the data and to explain how to
spread out the numbers. The greyscale is frequently used to locate tumors. The value
of concave points worst is 0.2163, the concave points mean is 0.0852, and the texture
worst is 36.33, all three of which are far too large for the cancer to be benign. Hence,
the XAI techniques classified the patient’s cancer as malignant, providing these 3
features as the most important factors in determining so.

4.2.3 Kidney disease

In the local interpretation of the SHAP, LIME, and DALEX frameworks for a kidney
disease dataset (as depicted Fig. 24, Fig. 26, and Fig. 25), The top three characteristics
in SHAP that substantially influence the prediction are different from those in LIME
and DALEX.
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Fig. 24: Kidney disease SHAP instance explanation

It can be seen that while SHAP provided only the features that contributed towards
diagnosing the patient as positive, LIME and DALEX also provided a few features
that also worked against the predictions. Hypertension (value = 1) in all 3 frameworks
was the most decisive factor in the prediction. The discrepancy for the other features
can be due to a few factors, like the composition of the dataset and the quality of
the data. From the plots, it can be seen that LIME and DALEX also provide the
probability of predicting a class.
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Fig. 25: Kidney disease DALEX instance explanation
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Fig. 26: Kidney disease LIME instance explanation

5 Threats to validity

Our work is still subject to various limitations, and there are threats to its validity.
Upon properly assessing, we got to know that:

1. SHAP is one of the most reliable XAI techniques, but it was observed that, with
an increase in the number of features and instances, the computation time for
SHAP values also increased. SHAP is computationally very expensive. SHAP is
computationally very expensive. For instance, while calculating SHAP values for
second dataset of cardiovascular disease which constituted 14000 test instances it
took SHAP 23 minutes and 18 seconds.
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2. The results we got on our particular models may not be the same for other models.
As every ML technique has its own approach to predicting, the results may vary
with changing models.

3. Neural networks, one of the most complex models, were not part of our study.

6 Conclusion and future works

AT is very helpful in the healthcare sector because it not only cuts costs but also
lessens the time taken to complete a task, be it the analysis of patient data or drug
development. However, the question of its predictions’ reliability remains a problem.
Reliability cannot be achieved without establishing explainability in these black-box
models. Before XAI can develop to a powerful enough level to handle interpretability,
AT predictions will inevitably involve some risks and failures, just like any new tech-
nology, treatment, or medication we intend to offer in the h ealthcare i ndustry [42].
XAIT helps us achieve this through different interpretations of the predictions made by
our models. While there are various XAI frameworks to use, we used three of the more
commonly used frameworks: SHAP, LIME, and DALEX. To understand the interpre-
tations produced by these frameworks, we used five different da tasets with different
qualities in each of them.

SHAP offers a very good visualization of both the global and local interpretations.
It provides both trend and feature ranking in a single plot for the purpose of global
interpretation, and it does so for all of the features. On the other hand, LIME provided
great local interpretation. It provides the feature importance plot of all the features
for a single instance, unlike SHAP and DALEX, who provide the feature importance
plot of the top 10 features only. For the local interpretation of a model, LIME may be
the most appropriate if the dataset contains a lot of features. Another advantage of
using LIME is that users have the choice of determining how many of their features
will be ranked. While considering DALEX, it gives a number of visualization tools
that enable you to look into how the model responds to changes in the values of its
input features. Although DALEX offers a greater number o f visualization t ools, the
majority of these tools are not user-friendly. This means that it may be difficult for
a non-specialist to interpret the plots that are provided because they are dependent
on statistical information. Moreover, the computation time required by DALEX is an
issue. This is due to the fact that DALEX might have to analyze the whole dataset in
order to provide a local explanation. One important limitation of our work is that all
five d atasets contain linearly separable data.

AT is a dire need in the healthcare sector. Our work was limited only to tabular
data, but there are other types of medical data that can be evaluated using XAI.
Although the focus of our work has been on post-hoc explainability, establishability can
also benefit greatly from ante-hoc explainability. While aiming for optimal accuracy or
minimal error, ante-hoc techniques usually focus on examining a model’s explainability
from the beginning and during training to make it naturally explainable [43]. Trust
in AT cannot be entrenched without integrating explainability into current black-box
models. When it comes to time constraints, the current healthcare system still has a
lot of issues. The majority of these issues can be resolved by using AI, but the first
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and most important step in doing so is determining whether or not Al is explainable.
Only then can reliability and trust be ensured in these black-box models.
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