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ABSTRACT
Medical imaging analysis using artificial intelligence has become a powerful system

for assisting the doctor in diagnosing some diseases. Most of CAD performed excellent per-
formance with average accuracy of more than 80%. Regardless of the excellent performance
of artificial intelligence in the CAD, implementation of artificial intelligence inmedical cases
is still causing controversy. It happened due to the black-box principle of AI. Actually, both
machine learning and deep learning worked in the black-box direction in which it was diffi-
cult to recognize how the model performed and how it analyzed the data. Hence, it became
controversial since there remained some big questions about “how can the doctor trust the
AI result?” Regarding this problem, a continued solution was needed. In this study we pro-
posed a modified SHAP for explaining the artificial intelligence result. The modification
itself is conducted by performing correlation in the perturbation process of SHAP. Our pro-
posed solution was performed into two different datasets to evaluate the significance and the
reliability of the proposed solution. According to both the visual analysis and statistical test,
we conclude that the proposed solution gave a more rational explanation compared to the
original SHAP.

Keywords: Artificial intelligence; Explainable method; SHAP method; Statistical evalua-
tion; Thyroid cancer
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1. Introduction
The maturity of research work in

the implementation of artificial intelligence
has been extending tremendous opportuni-
ties for innovation in numerous applica-
tions and in several disciplines. One of
the prominent applications was the employ-
ment of artificial intelligence for medical
sector [1]. The development of contempo-
rary assistant technologies based artificial
intelligence has inspired the development
of new innovation in the medical clinical
process [2], such as a well-understanding
of genome principle [3], smart coaching for
medical cases [4], intelligent scan reader
[5], intelligent cancer detection and diagno-
sis [6, 7][8], intelligent mutations identifi-
cation [9], and predicting the mortality [10].
Implementation of AI in medical cases ush-
ered in an intelligent era by re-engineering
and re-imagining the clinical and study abil-
ities [11]. Hence, it has recently earned
popularity across various medical domains
for aiding in the recognizing the abnormal-
ity based on pathology samples or find-
ings medical examination [12]. It also of-
fered some promising methods for assess-
ing subtle diseases in neuroimaging data.
Machine learning and deep learning, as the
most popular approach, had ability to de-
tect and recognize the pattern automatically
that may otherwise be challenging to distin-
guish through conventional procedures. AI
has earned influential popularity in medical
cases due to its ability in producing accurate
detection, which similar to or sometimes
more acceptable than, the medical person-
nels for determining several abnormalities
(12), such as breast cancer [13–15], lung
cancer [16], skin cancer [17], thyroid cancer
[18–22], malaria [7, 23] and retinal diseases
[24–26].

In radiological imaging cases, artifi-
cial intelligence has been perpetually evolv-

ing and used in plenteous applications. One
of the most implementations was on thy-
roid cancer cases. Thyroid is an essential
organ placed in the lower front of the hu-
man neck [27]. It is shaped like a butter-
fly and has function for managing human
body’s metabolism by secreting hormone
regularly [27, 28]. It also helps to man-
age all components in human blood like cal-
cium. Other functions are that it controls
the blood pressure, helps to manage tem-
perature of human body, and regulates the
heart rate [27]. Thyroid cancer is like an ab-
normal condition occurred when the thyroid
gland is disrupted so that it produces unsta-
ble amount of the hormones [27]. The epi-
demiological report has been analyzed that
the abnormality in human thyroid gland is
estimated occurred in 19%-68% of popu-
lation in which 5%-15% of them define as
malignant cases [29]. Some countries also
have been reported that the grown up of
thyroid cancer has reached up to 4.5% per
year in which it increased faster than other
cancers [30].,Nowadays, the medical imag-
ing analysis using artificial intelligence be-
comes powerful system for assisting the
doctor in diagnosing some diseases includ-
ing thyroid cancer [31]. One of well-known
intelligent medical imaging analysis system
-called computer aided diagnosis (CAD)-
has been widely developed including in the
thyroid cases [22, 32–35]. Almost CAD
performed excellent performance with av-
erage accuracy of more than 80%. Accord-
ing to those results, we can conclude that
artificial intelligence has great impact for
helping the medical problems.

Achieving high performance in solv-
ing the medical cases using artificial intel-
ligence may not be enough to be used in
daily tasks. Regardless of the aforemen-
tioned research obtained excellent perfor-
mance, implementation of artificial intelli-
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gence in medical cases is still causing con-
troversy. It happened due to the black-box
principle of AI. Actually, we know that both
machine learning and deep learning worked
in the black-box direction in which we did
not recognize how themodel performed and
how it analyzed our data. Hence, it be-
came controversy since it remained a big
question about “how can the doctor trust to
the AI result?” [36]. Regarding the afore-
mentioned issue, a continued solution was
needed. An explainable method came by
offering some abilities including explaining
what happens inside the AI model. It was
extremely useful for the doctor since it can
assist the doctor in believing the AI result.
Several research communities have been
done in employing explainable artificial in-
telligence for medical cases. Seethi et.al
(37) proposed an explainable artificial in-
telligence for diagnosing Covid-19 by em-
ploying MALDI-ToF mass spectrometry.
In this research work, random forest clas-
sifier followed by shapely additive expla-
nations was performed for interpreting 152
human gargle samples. This method suc-
cessfully achieved accuracy of more than
90% and they also successfully provided
trusty interpretation about the classification
result. Deepanshi et. al [38] proposed ex-
plainable artificial intelligence for Covid-
19 using NG-IoT models. This research
work was done by employing several deep
learning architectures such as ResNet-50,
Inception V3, Densenet-121 and DCNN
followed by explained method using Grad
CAM++. According to their experimen-
tal results and medical professional evalu-
ation, deep learning architecture followed
with Grad CAM++ provided acceptable in-
terpretation. Caroprese et. al [39] pro-
posed an explainable artificial intelligence
using argumentation approach. This study
successfully obtained acceptable justifica-

tion of artificial intelligence result. Martino
et. al [40] proposed an explainable artifi-
cial intelligence method for predicting mal-
nutrition risk. The explanation was created
by employing shapely additive explanation.
This research concluded that by applying
shapely additive explanation method, they
can produce clinically relevant prediction.
Niranjan et. al [41] proposed fused classifi-
cation and segmentation based XAI for di-
agnosing Covid-19. This proposed solution
was performed in chest CT scans dataset.
According to the experimental result, they
concluded that anXAImethod can visualize
the region of interest localization perfectly
in which it can assist the next process easily.
Cao et. al [42] proposed an interpretable
artificial intelligence for assisting the med-
ical personnels in creating the decision in
radiosurgery of brain metastases. This pro-
posed method was employed in CT scan
dataset collected from 152 patients. Af-
ter conducting evaluations with the physi-
cian, they concluded that the proposed so-
lution successfully obtained acceptable pre-
diction.

Among the various explainable arti-
ficial intelligence (XAI) techniques, SHAP
(SHapley Additive exPlanations) is widely
regarded as one of the most robust methods.
Theoretically, SHAP provides a framework
for interpreting model predictions by com-
puting the marginal contribution of each
feature to the output. Thus, SHAP enables
both global and local interpretability, of-
fering insights into overall model behavior
as well as individual prediction rationales.
This dual capability makes SHAP partic-
ularly advantageous for uncovering com-
plex feature–class relationships in high-
dimensional datasets. Several recent stud-
ies successfully employed SHAP for ex-
plaining the AI results [43–48].

The aforementioned solution suc-

256



A.R. Prananda and E.L. Frannita | Science & Technology Asia | Vol.30 No.4 October - December 2025

cessfully obtained significant methods,
however in certain cases SHAP still
remained the issues. Since SHAP only
focus on the relationship between feature
contribution with classes, it not considers
the relationship between features. For
example, in the classification process,
the major problem in explainable method
was that this method worked by only
considering the relationship between each
feature to the class. However, the relation-
ship between feature to feature was not
considered. Consequently, in some cases
the explanation resulted from the SHAP
method was not rational and logic. To
solve that problem, we proposed modified
explainable method by considering the
relationship between feature to feature
for generating more rational explanation.
In this study, we focused on modifying
shapely additive explanation (SHAP)
method by adding correlation between
features in the perturbation process. To
address the major problem, we introduced
the contribution including:

(a) (a) Modifying SHAP by considering
correlation between features in devel-
oping the explainable model.

(b) Conducting experiments in different
datasets to prove the significancy and
the reliability of the proposed solu-
tion.

2. Materials and Methods
2.1 Brief description about dataset

This study used two datasets which
are thyroid cancer dataset and breast can-
cer dataset. Both are tabular datasets. Al-
though our research focuses on the thyroid
nodule, we considered using breast cancer
dataset since both thyroid and breast cancer
had similar characteristics, hence the sec-
ond dataset can be used to evaluate the sig-

nificancy and the reliability of the proposed
solution. Summary of both datasets can be
seen in Table 1.

Table 1. Summary of datasets.
Component Dataset 1 Dataset 2

Case and
resource

Thyroid cases
resulted from
previous study
[18]

Breast cancer
Wisconsin
Diagnostic
dataset from
UCI machine
learning
repository
[49]

Type of
data Tabular data Tabular data

Number
of data 165 instances 569 instances

Number
of features

8 features: convexity,
circularity, tortuosity,
rectangularity, width
and height ratio,
compactness,
dispersy, and chain
code difference

5 features:
perimeter,
radius, area,
smoothness,
and texture

Classes
2 classes: irregular/
malignant and
smooth/benign

2 classes: benign
and malignant

The first was thyroid instance dataset
resulted from our previous study [18]. The
dataset consisted of 165 instances compris-
ing of 8 attributes and 2 classes (smooth and
irregular). Smooth class indicated benign
cancer, while irregular class indicated ma-
lignant cancer. Example of the dataset is
depicted in Table 2.

Table 2. Example of thyroid dataset.
ID Convexity Circularity … Class
1. 0.6010 0.6989 · · · Smooth
2. 0.4813 0.6417 · · · Smooth
3. 0.7673 0.6329 · · · Smooth
4. 0.6833 0.6949 · · · Smooth
5. 0.6010 0.6989 · · · Smooth
.
.
.

.

.

.
.
.
. $

.

.

.
.
.
.

165. 2.2955 0.7293 · · · Irregular

The second dataset was public breast
cancer dataset called Breast Cancer Wis-
consin Diagnostic [49] provided by UCI
machine learning repository. The second
dataset consisted of 569 instances having 5
features and 2 classes (benign and malig-
nant). Example of this dataset can be seen
in Table 3.

257



A.R. Prananda and E.L. Frannita | Science & Technology Asia | Vol.30 No.4 October - December 2025

Table 3. Example of breast cancer dataset.
ID Perimeter Radius … Class
1. 17.99 10.38 · · · Benign
2. 20.57 17.77 · · · Benign
3. 19.69 21.25 · · · Benign
4. 11.42 20.38 · · · Benign
5. 20.29 14.34 · · · Benign
.
.
.

.

.

.
.
.
.

.

.

.
.
.
.

569 7.76 24.54 · · · Malignant

2.2 Experimental design
Development of the proposed solu-

tion began by collecting the data. In this
study, we used tabular datasets of thyroid
cancer and breast cancer cases. The datasets
were then divided into two parts (training
data and testing data) with proportion of
80:20 and were performed into two scenar-
ios. In the first scenario, we trained and
tested both datasets using SVM for classi-
fying the data. After getting high classifi-
cation accuracy, we took the testing data to
be used in the next stage. The next stage
was machine learning explanation process.
This process was very important to sup-
port the classification result and to validate
the prediction, hence the prediction became
more transparent. The transparent result
can be used to overcome the black box prob-
lem of artificial intelligence including ma-
chine learning approach. In this step, we
performed original SHAP [11] for explain-
ing the prediction result of applying SVM
in classification process. After performing
SHAP, we saved the visual result and SHAP
value to be compared with our proposed so-
lution in the second scenario of experiment.

In the second scenario, we also per-
formed SVM to classify. After obtaining
high accuracy, we explained the classifi-
cation result using modified SHAP. The
modification itself was conducted by per-
forming correlation into perturbation pro-
cess of SHAP. Results of conducting modi-
fied SHAP were then saved to be compared

with the result of first scenario. In the next
stage, we performed two types of analy-
sis which are visual analysis and statistical
analysis. The visual analysis was used to
explain visually how the comparison results
between scenario 1 and the proposed solu-
tion in scenario 2. While the statistical test
was used to evaluate how the proposed so-
lution give more impact to the prediction re-
sult and to show the significancy of the pro-
posed solution. The detail of experimental
design can be seen in Table 4 and Fig. 1.

Table 4. Components of the experiment.
Component Scenario 1 Scenario 2

Dataset

Dataset 1 and
dataset 2
(performing in
parallel process)

Dataset 1 and
dataset 2
(performing in
parallel process)

Proportion of
data

80:20 for training
and testing

80:20 for training
and testing

Classifier SVM SVM
Explainable
method Original SHAP Modified SHAP

Result Visual explanation
and SHAP value

Visual explanation
and SHAP value

2.3 Modified SHAP
SHAP (SHapley Additive exPlana-

tions) is one of the famous explainable
methods. This method explained the ma-
chine learning result by calculating the con-
tribution of each feature to the prediction re-
sult. Contribution was calculated by mea-
suring the important level of each feature
to the prediction. After calculating impor-
tant levels and determining contributions of
each feature, the process was then contin-
ued by creating the coalition of each feature
and calculating the marginal contribution of
each feature in each coalition. Coalition
was the combination between some features
that may have contribution to the prediction
result [50]. The result of this process was
a SHAP value that indicated the important
level of each feature to the prediction re-
sult. This process was mathematically for-
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Fig. 1. Flowchart of the proposed solution.

mulated by Eq. (2.1) [51].

𝑔(𝑧′) = ∅) +
𝑀∑
𝑗=1

∅ 𝑗 𝑧
′
𝑗 , (2.1)

with 𝑔 is explainable model, 𝑧′ is coalition
vector, 𝑀 is maximum number of coali-
tions, ∅0 is the first coalition that was ap-
peared, ∅ 𝑗 is coalition of data 𝑗 [51]. In
this research work, the SHAP method itself
wasmodified by considering correlation be-
tween features in permutation process of the
measurement of SHAP value. The origi-
nal permutation process of SHAP value is
formulated in Eq. (2.2) [52]. Then, non-
interventional conditional expectation was
performed to simplify the equation as for-
mulated in Eq. (2.3) [(2].

∅𝑖 =
1
𝑀!

∑
𝑅

𝐸 [ 𝑓 (𝑋) |do(𝑋𝑠𝑅𝐼 ∪𝑖 = 𝑥𝑠𝑅𝐼 ∪𝑖)

− 𝐸 [ 𝑓 (𝑋) |do(𝑋𝑠𝑅𝐼
= 𝑥𝑠𝑅𝐼

)],
(2.2)

∅𝑖 =
1
𝑀!

∑
𝑅

𝐸 [ 𝑓 (𝑋𝑥) |𝑥𝑠𝑅𝐼 ∪𝑖] − 𝐸 [ 𝑓 (𝑥) | (𝑋𝑠𝑅𝐼
)],

(2.3)

with 𝑓 (𝑥) = 𝛽𝑥 + 𝑏.𝛽 is row of vector and
𝑏 is a scalar. Then, assumed that the input

data 𝑥 considered normal distribution with
mean 𝜇 and covariance

∑
. Then, we got

expected value as follow:

𝐸 [𝑥 |𝑥𝑆] = [𝑄𝑆 − 𝑅𝑆]𝜇 + [𝑄𝑆 + 𝑅𝑆]𝑥,
(2.4)

or
𝐸 [𝑥 |𝑥𝑆𝑅

𝑖 ∪𝑖] = [𝑄
𝑆𝑅
𝑖 ∪𝑖 − 𝑅𝑆𝑅

𝑖 ∪𝑖]𝜇

+ [𝑄𝑆𝑅
𝑖 ∪𝑖 + 𝑅

𝑆𝑅
𝑖 ∪𝑖]𝑥. (2.5)

Then, the final Shapley formula is defined
as follow:

∅𝑖 = 𝛽[ 1
𝑀!

∑
𝑅

( [𝑄
𝑆𝑅
𝑖 ∪𝑖 − 𝑅𝑆𝑅

𝑖 ∪𝑖]

[𝑄𝑆𝑅
𝑖 ∪𝑖 + 𝑅𝑆𝑅

𝑖 ∪𝑖])]𝜇

+𝛽[ 1
𝑀!

∑
𝑅

( [𝑄𝑆𝑅
𝑖 ∪𝑖 − 𝑅𝑆𝑅

𝑖 ∪𝑖]

[𝑄𝑆𝑅
𝑖
+ 𝑅𝑆𝑅

𝑖
])]𝑥 (2.6)

2.4 Evaluation
To evaluate performance of the pro-

posed solution, we conducted two types
of evaluation which were visual analysis
and statistical analysis. Visual analysis was
conducted by analyzing the visualization re-
sult of SHAP in which it should consider

259



A.R. Prananda and E.L. Frannita | Science & Technology Asia | Vol.30 No.4 October - December 2025

the relationship of features to class and rela-
tionship between features so that the expla-
nation can be more rational. The statistical
analysis was used to prove the significancy
of the proposed solution by comparing re-
sults in scenario 1 and scenario 2 in each
dataset. In this study we analyzed the com-
parison of correlation coefficient between
original dataset, SHAP value in the origi-
nal SHAP and SHAP value resulted from
the combination of SHAP and correlation
function. In this evaluation process, the
correlation coefficient of original dataset
played a role as a ground truth. Hence, we
evaluated the result of original SHAP and
SHAP+correlation by comparing its value
to the ground truth. If the correlation coef-
ficient value was quite similar to the ground
truth, then we concluded that it was correct.

3. Experimental Results
Our experiment was divided into two

scenarios performed in two dataset paral-
lelly. Results in both scenarios and both
datasets are described as follows.

3.1 Results in dataset 1
Dataset 1 is thyroid cancer dataset

consisting of 165 instances and two classes
distributed in 8 features. At the beginning
step, we trained and tested the data using
several classifier methods. Table 5 illus-
trates the comparison result.

Table 5. Comparison result of classification.

Classifier Method Accuracy
Support Vector Machine 97.37%
Multilayer Perceptron 95.61%
Naïve Bayes 95.62%
Decision Tree 94.74%
KNN 93.86%

According to Table 5, SVM achieves
the highest accuracy. Hence, we choose
SVM result and took the testing data for ex-
plaining the result using original SHAP (as

described in Fig.1. scenario 1). In general,
SHAP resulted in two types of output which
were visual explanation and SHAP value.
Visual explanation showed the justification
of each feature, while the SHAP value il-
lustrated how each feature can impact the
prediction. An example visual result can be
seen in Fig. 2.

Fig. 2. Visual result of scenario 1 in dataset 1.

Fig. 2 shows an example of SHAP
visualization result in the random testing set
in dataset 1 using scenario 1. The ground
truth of its data is smooth. In Fig. 2 we can
see the list of features containing of eight
features with each feature value. In themid-
dle of image, we find two types of color
which are blue and red. The blue one in-
dicates negative class (in this case, the neg-
ative class is irregular class). Number in the
middle of blue arrow indicates SHAP value
of each feature. SHAP value is value that
indicates the important level between each
feature to the prediction result. Negative
class always contains negative SHAP value.
Negative here does not indicate the nega-
tive value but only for showing the class
which means the negative symbol is used
for indicating negative class (in this case the
negative class is irregular class and positive
class is smooth class). Conversely, the red
color in Fig. 2 indicates the positive class
or smooth class. Similar with the blue one,
number in the middle of red arrow indicates
SHAP value of each feature. Hence, we can
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summarize that the higher the SHAP value
in the blue arrow, the stronger the prediction
indicates a negative class. Otherwise, the
higher the SHAP value in the red arrow, the
stronger the prediction indicates a positive
class. The prediction itself is determined by
summing up all feature values in both col-
ors diminished by f(x) for normalizing the
value. The resulted number is then called
as base value or expected value symbolized
as E[f(x)]. In Fig. 2, base value is 0.43 in-
dicating the positive class or smooth class.
According to visual results and base value,
the explanation is relevant enough.

In the second scenario, we applied
different SHAP by adding correlation in
SHAP method. The visualization result in
the random testing set in dataset 1 can be
seen in Fig. 3.

Fig. 3. Visual result of scenario 2 in dataset 1.

Visualization results in Figs. 2-3
seem different. In the Fig. 3, almost all fea-
tures make contribution to the prediction re-
sult. Contrasted with Fig. 2, there are some
features that do not make any contribution
to the prediction result. However, the ex-
planation of SHAP itself between Figs. 2-3
seems almost the same. It occurred since all
features have similar characteristics which
have strong correlation. Hence, if we added
correlation, it would not have well impact.

In the next step, we proved our
method in other datasets that consisted ran-
dom features. Hence, we can evaluate the

impact of adding correlation in the original
SHAP. The result of this experiment is de-
scribed in section below.

3.2 Results in dataset 2
In this experiment, we used different

datasets that have more complex features
compared with the first dataset. The second
dataset had five features that were strongly
different from each other. Hence, we tested
our proposed solution to validate whether
correlation can give well impact or not.

The five features in the second
dataset were perimeter, radius, area,
smoothness, and texture. Theoretically,
the characteristics of those features were
strongly different. For example, is that
texture with radius. Texture was calculated
by the histogram of data, while radius
means distance between objects. Thus,
both of them gave different characteristics
in which correlation between those features
may affect the prediction result. However,
other features seem to have correlated with
the others such as perimeter, area, and
radius. Hence, we applied modified SHAP
to prove it. Results of applying original
SHAP and modified SHAP can be seen in
Figs. 4-5.

Fig. 4 shows an example of SHAP
visualization result in the random testing set
in dataset 2 using scenario 1 (using origi-
nal SHAP). The ground truth of its data is
malignant. The blue one indicates negative
class (in this case, the negative class is be-
nign class). Similar with result in dataset
1, number in the middle of blue arrow indi-
cates SHAP value of each feature.

SHAP value is value that indicates
the important level between each feature
to the prediction result. Negative class al-
ways contains negative SHAP value. Neg-
ative here does not indicate the negative
value but only for showing the class which

261



A.R. Prananda and E.L. Frannita | Science & Technology Asia | Vol.30 No.4 October - December 2025

Fig. 4. Visual result of scenario 1 (original
SHAP) in dataset 2.

means the negative symbol is used for indi-
cating negative class (in this case the nega-
tive class is benign class and positive class
is malignant class). Conversely, the red
color in Fig. 4 indicates the positive class
or malignant class. According to Fig. 4
we can see that almost features indicate
strongly malignant since almost SHAP val-
ues are positive. However, it seems any
miss-interpretation in Fig. 4. Theoretically,
perimeter and radius had strongly positive
correlation in which value of each feature
was strongly affected by each other. How-
ever, in Fig. 4 perimeter and radius had
different interpretation to the prediction.
Perimeter strongly correlated to malignant
class, while radius strongly correlated to be-
nign class. Hence, the explanation result
seems not rational since those two features
actually are strongly correlated, however in
SHAP explanation those two features seem
not correlated. It indicates that there is any
error in SHAP explanation that should be
handled.

In the experiment, we applied differ-
ent SHAP by adding correlation in SHAP
method. The visualization results in the ran-
dom testing set in dataset 2 can be seen in
Fig. 5.

Visualization result between Fig. 4
and Fig. 5 seems very different. Fig. 5
seems more rational because relation be-
tween feature appeared clearly. For exam-
ple, in Fig. 5, area, radius and perimeter

Fig. 5. Visual result of scenario 2 (modified
SHAP) in dataset 2.

had strong relationship indicated by almost
close SHAP value. To prove the result,
we also conducted statistic test to validate
whether correlation gave significant impact
to the explanation or not. In this step, we
calculate the coefficient correlation value
between features of original dataset, SHAP
value without correlation and SHAP value
with correlation. Here is the result of each
component.

Table 6. Coefficient correlation between fea-
tures of original dataset.

radius texture peri-
meter area smooth-

ness
radius 1
texture 0.324 1
peri-
meter 0.998 0.330 1

area 0.987 0.321 0.987 1
smooth-
ness 0.171 -0.023 0.207 0.177 1

Table 7. Coefficient correlation between fea-
tures of SHAP Value resulted from original
SHAP (without correlation).

radius texture peri-
meter area smooth-

ness
radius 1
texture -0.2748 1
peri-
meter -0.9974 0.2868 1

area -0.9905 0.2743 0.9869 1
smooth-
ness -0.2573 0.0235 0.3025 0.2372 1

After we gained the coefficient corre-
lation value of original dataset, SHAP value
without correlation and SHAP value with
correlation, we compared those results. In
this step, we performed the coefficient cor-
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Table 8. Coefficient correlation between fea-
ture of SHAP Value resulted from SHAP with
correlation.

radius texture peri-
meter area smooth-

ness
radius 1
texture 0.0841 1
peri-
meter 0.9890 0.0940 1

area 0.8671 0.0505 0.7848 1
smooth-
ness 0.2633 0.0330 0.3333 0.053 1

relation value of original dataset as the
ground truth. Hence, if the coefficient cor-
relation value of original SHAP or SHAP
with correlation are closed to the coefficient
correlation value of original dataset, it can
be inferred that the explanation from origi-
nal SHAP or SHAPwith correlation is more
rational. Here is the comparison between
original dataset and original SHAP also be-
tween original dataset and SHAP with cor-
relation.

Table 9 shows that the description of
SHAP+ correlation was more similar to the
original description that played a role as
the ground truth compared to the original
SHAP. Hence, we can conclude that after
adding the correlation in the perturbation
process, the explanation results were more
rational. Our two scenarios in two different
datasets had different results. According to
the result we concluded that adding corre-
lation in SHAP should consider the charac-
teristics of each feature. If almost features
had similar characteristics, adding correla-
tion will not have significant impact. How-
ever, if we used correlation for more com-
plex features, it will be very valuable.

3.3 Discussion
The resulted findings highlight the

advantages of incorporating feature correla-
tions into the SHAPmethod for explainable
artificial intelligence (XAI). The proposed
solution presented clear improvements in

generating more rational explanations com-
pared to the original SHAP, while its im-
plementation also provided important in-
sights into practical considerations and lim-
itations.

One of the key findings is that ex-
plicitly accounting for correlations among
features leads to explanations that are more
logical, realistic, and consistent with the
true structure of the data. Since features in
real-world datasets rarely occur separately,
ignoring their interdependence may result
in misleading or oversimplified interpreta-
tions. In contrast, the correlation-adjusted
approach enables a more reliable identifica-
tion of the most influential features, thereby
improving the interpretability and trustwor-
thiness of model outputs. This has signif-
icant implications for critical applications,
since transparency and accountability are
essential.

Despite of the resulted finding, error
can be appeared in certain cases. When cor-
relations between features are weak or in-
consistent, the method may provide an er-
ror analysis. Another consideration is com-
putational efficiency. Embedding corre-
lations analysis in SHAP architecture will
increase complexity particularly in high-
dimensional datasets, which risks limiting
large-scale implementation. Hence, fur-
ther research can focus on broader empiri-
cal testing, computational optimization, and
the development of user-oriented visualiza-
tion tools that enhance the accessibility of
explainability.

In general, the proposed solution in-
creases the rationality and reliability of
SHAP-based explanations by employing
correlation-based XAI methods, which po-
tential to be implemented future research
and practical adoption.
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Table 9. Comparison of correlation coefficient result between original dataset, original SHAP and
SHAP+correlation.

Correlation Correlation coefficient value Description
Original SHAP value Original SHAP value

dataset original
method

SHAP+
correlation dataset original

method
SHAP+

correlation

Texture x radius 0.324 -0.2748 0.0841 Low
correlation (+)

Not
correlated (-)

Not
correlated (+)

Perimeter x radius 0.998 -0.9974 0.9890 Highly
correlated (+)

Highly
correlated (-)

Highly
correlated (+)

Area x radius 0.987 -0.9905 0.8671 Highly
correlated (+)

Highly
correlated (-)

Highly
correlated (+)

Smoothness
x radius 0.171 -0.2573 0.2633 Low

correlation (+)
Low

correlation (-)
Low

correlation (+)

Perimeter x texture 0.330 0.2868 0.0940 Low
correlation (+)

Low
correlation (+)

Not
correlated (+)

Area x texture 0.321 0.2743 0.0505 Low
correlation (+)

Low
correlation (+)

Not
correlated (+)

Smoothness
x texture -0.023 0.0235 0.0330 Not

correlated (-)
Not

correlated (+)
Not

correlated (+)

Area x perimeter 0.987 0.9869 0.7848 Highly
correlated (+)

Highly
correlated (+)

Highly
correlated (+)

Smoothness
x perimeter 0.207 0.3025 0.3333 Low

correlation (+)
Low

correlation (+) Low correlation (+)

Smoothness
x area 0.177 0.2372 0.053 Low

correlation (+)
Low

correlation (+) Not correlated (+)

4. Conclusion
This research work aimed to de-

velop modified SHAP for explaining ma-
chine learning results in medical applica-
tions. The proposed solution was con-
ducted by adding correlation in the pertur-
bation process. The proposed solution was
tested in two different datasets to prove and
validate the impact of using correlation in
perturbation of SHAP method. According
to both the visual analysis and statistical
test, we conclude that the proposed solu-
tion gave a more rational explanation com-
pared to the original SHAP. In the other
hand, we also concluded that our proposed
solution was very useful for dataset that
have complex features since if the dataset
consisted of similar feature, adding corre-
lation function would not give significant
impact to our result. Since the proposed
solution yielded more reasonable outcomes
in the theoretical analysis, its implemen-
tation further emphasized the significance

of incorporating feature correlations within
the SHAP method. Correlation reflects the
inherent interrelationships among features;
thus, when explanatory models explicitly
account for these dependencies, several ad-
vantages can be realized. First, the gen-
erated explanations reveal greater logical
consistency and realism, as they more ac-
curately capture the underlying data struc-
ture. Second, this approach provides amore
precise identification of the most influential
features, thereby improving the reliability
of the interpretation and providing suitable
support for data-driven decision-making.
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