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Abstract

In this study, we aimed to classify bladder cancer patients using tumoral and non-tumoral gene expression data. In this way,
we aimed to determine which genes are effective on tumoral and normal tissues. In addition, for this purpose, we planned
to perform this classification using interpretable methods (The aim of this study was to classify bladder cancer patients
using gene expression data from tumoral and non-tumoral tissues. By doing so, we wanted to determine which genes were
effective on both tumoral and normal tissues. Moreover, for this purpose, we planned to use interpretable methods for this
classification.). Analyses using permutation feature importance (PFI), SHapley Additive exPlanations (SHAP), local
interpretable model-agnostic explanations (LIME), and Anchor methods on data from Gene Expression Omnibus (GEO)
and Curated Microarray Database we did (We performed analyses using permutation feature importance (PFI), SHapley
Additive exPlanations (SHAP), local interpretable model-agnostic explanations (LIME), and Anchor methods on data from
Gene Expression Omnibus (GEO) and Curated Microarray Database.). These are eXplainable methods used to determine
the importance of genes in classification. According to the results of our study, the most important genes were determined
as LINCO00161, ACACB, and CBARP according to the PFI method, HSPA6, STON2, and RFC2 according to the SHAP
method, PRUNE2 and ABCC13 according to the LIME method, and TMEM74, KLHL10, and GAMT according to the
Anchor method. This study shows that genes involved in other cancer types are also effective in bladder cancer. In
addition, it has been observed that using explainable methods in cancer data can support prognosis and treatment in the
clinic.

Keywords Bladder cancer - Gene expression - Explainable artificial intelligence - Shapley explanations - Anchor -
Lime

1 Background

According to the World Health Organization (WHO), over
200,000 people die yearly from bladder cancer, affecting
around 600,000 individuals globally [1]. Bladder cancer is
a type of cancer that can be treated with early detection and
treatment. However, it can be fatal if diagnosed in
advanced stages and untreated. For this reason, the death
rate of bladder cancer cases may vary depending on the
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stage and treatment of the cancer. Genetic and epigenetic
factors play an essential role in the development and pro-
gression of bladder cancer. These factors can cause chan-
ges in tumour suppressor genes or oncogenes, disruption of
DNA repair mechanisms, altered levels of DNA methyla-
tion, and differentiation of gene expression patterns. Gene
expression data are molecular measurements that reflect the
process from the DNA sequence of a gene to the produc-
tion of RNA and protein [2]. Analysis of gene expression
data is an essential tool for revealing the functions, inter-
actions and associations of genes with diseases [3, 4].
Therefore, a gene expression study is critical to identify
molecular subtypes of bladder cancer and prognostic and
therapeutic targets. Sozeri et al. analysed gene expression
data of primary bladder cancer and bladder cancer cell
lines with ELF3 mutations. Their analysis showed that the
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ELF3 mutation disrupted genes involved in cell migration
and cell—cell junction organization [5]. Zaravinos et al., on
the other hand, analysed samples taken from 30 human
bladder cancer and adjacent normal tissue with microarray
technology in bladder cancer.

In particular, the authors drew attention to the expres-
sion changes due to the multiple biological functions of a
molecule called osteopontin (OPN) [6]. Artificial intelli-
gence (AI) and machine learning (ML) methods are widely
used to analyze gene expression data [3, 4, 7]. These
methods can process, classify, cluster, filter, and visualize
data [7-9]. Al and ML methods can also identify
biomarkers and drug targets for disease diagnosis, prog-
nosis and treatment based on gene expression data. Chen
et al. used integrated bioinformatics and experimental
testing to identify and validate central genes associated
with bladder cancer. By analysing two mRNA microarray
datasets, the authors identified 362 genes and 13 significant
genes with differential expression in bladder cancer. They
suggested these genes could be potential biomarkers for
diagnosing and treating bladder cancer [10]. Wagner
showed that it is possible to predict gene expression from
DNA sequences using a neural network, an Al model, in
2022 for gene expression and Al studies.

Along with high-volume experiments, Wagner trained
the neural network and predicted the activity and evolution
of gene promoter sequences [11]. Abbod et al. collected
gene expression data from bladder cancer patients and
healthy individuals and processed these data with Al and
ML algorithms. The authors used classification methods
such as support vector machines (SVM), artificial neural
networks (ANN), and decision trees (DT) to distinguish
between bladder cancer patients and healthy individuals.
The results revealed that the SVM method outperformed
other methods. They also used gene selection methods to
identify genes that play an essential role in bladder cancer.
This study was a computational study that could contribute
to diagnosing and treating bladder cancer [12].

Although the importance of gene expression data on
bladder cancer has been studied with various Al and ML
methods, the use of model-agnostic methods on gene data
is insufficient. Model agnostic methods are used to increase
ML models’ interpretability. These methods measure the
importance or impact of features to explain a model’s
predictions. Model agnostic methods can be applied to any
model, regardless of the model’s structure or algorithm.
PFI, SHAP, LIME, and Anchor are model-agnostic meth-
ods used to interpret ML models. These methods measure
the importance or influence of features in the predictions of
a model. Model-agnostic methods can be applied to any
model, regardless of the model’s structure or algorithm.
These methods benefit gene expression data analysis
because they can help identify genes associated with
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disease or phenotype. PFI, permutation feature importance,
is a method that measures the decrease in the model’s
performance when a feature is randomly mixed. The
rationale is that if a feature is important to the prediction,
mixing its values will worsen it. PFI can rank features
according to their importance and select the most relevant
for further analysis [13]. This method has been used in the
effects of heterologous different COVID-19 vaccines on
immune cells [14], using miRNA profiling as a method in
the diagnosis of Meniere’s disease [15] and genome-wide
examination of gene-immune relationships to predict new
therapeutic targets in oncology [16]. SHAP, Shapley
additive explanations, is a method that assigns a Shapley
value to each attribute that contributes to a prediction
[17, 18]. The Shapley value is calculated based on coop-
erative game theory, which considers all possible combi-
nations of features and their marginal effects. SHAP can be
used to explain the predictions of a model and identify
features that have a positive or negative effect on the
outcome. In 2023, Sanchez et al. used the XAI and SHAP
methods to identify biomarkers for squamous cell carci-
noma (SCC), one of the skin cancer types. As a result of the
study, it was shown that the XAI model can distinguish
between SCC patients and healthy individuals with 96%
accuracy and identifies 15 SCC-associated miRNAs. Some
of these miRNAs have been previously associated with
SCC in the literature, while others have been newly dis-
covered. This study reveals that XAI can be useful in
identifying biomarkers for SCC [19]. In another study
proving that XAl can be a useful tool in the identification
of biomarkers for breast cancer, Kumar et al., in the
detection of biomarkers derived from peripheral blood
mononuclear cells (PBMC), XAI, which consists of two
components, such as variational autoencoder (VAE) and
decision tree (DT). They created the SHAP model [20].
The SHAP method generated a new prognostic signature
for AML patients based on ferroptosis-related genes [21].
Another model-agnostic method used in this study is LIME
(local interpretable model-agnostic explanations). This
method provides a locally linear approximation of a model
around a given forecast [22]. The logic is that a complex
model can be simplified in a small neighbourhood of the
input space and explained by a linear model. LIME can be
used to describe a model’s predictions and identify features
with high weights in the local linear model. Lai and his
team developed six ML algorithms to predict the course of
AD and identify distinctive genes while aiming to identify
immune microenvironment subtypes and distinctive genes
in the diagnosis and risk prediction of Alzheimer’s disease
(AD). The output of ML models was interpreted using
SHAP and LIME algorithms [23]. Oni and Qiao, which
provides a useful framework to increase the interpretability
of ML models and provide transparency in the biomedical
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field, have developed an ML model that can distinguish
between eight cancer types using RNA-seq expression and
single nucleotide variation (SNV) data [24]. Similar to our
study, in a study that applied ML methods using DNA
methylation data to classify 24 cancer types using public
databases such as TCGA and GEO, distinctive genes were
determined for cancer types with the LIME method [25].
Anchor explanations we used in our study, on the other
hand, are a method that finds the least number of features
with high confidence in predicting the result [26]. The logic
of the method is that an Anchor is a rule that is always true
for a given prediction and is valid regardless of other
properties. Anchor can be used to explain the predictions of
a model and identify features that are sufficient and nec-
essary for the result. Model agnostic methods are an
important tool to explain the decisions of ML models to
classify cancer types using gene expression data. These
methods allow the model to classify which genes are
expressed, and to reveal the biological meanings of these
genes. However, there are very few studies in the literature
using model agnostic methods in gene expression studies.
Specifically, there are no such studies for bladder cancer.
Therefore, our study is unique and distinctive to classify
bladder cancer types and identify discriminating genes
using LIME and Anchor annotations. The main research
question of this study is how bladder cancer types can be
classified based on gene expression data and what are the
molecular mechanisms behind this classification. The
hypothesis is that a classification model developed with Al
and ML methods can distinguish bladder cancer types with
high accuracy and the decisions of the model interpreted
with model agnostic methods can reveal bladder cancer-
related genes, their biological meanings and predictive
values. The study aims to classify bladder cancer types
based on gene expression data and to explain the molecular
mechanisms behind this classification. For this purpose, we
developed a classification model using Al and ML methods
and interpreted the decisions of our model using model
agnostic methods PFI, SHAP, LIME and Anchor. Also, in
this study, we aimed to determine the genes associated with
bladder cancer, their biological significance and prognostic
value. This study is the first to use model agnostic methods
for bladder cancer and offers a new way to better under-
stand the molecular mechanisms and biomarkers of bladder
cancer. This study makes an important and valuable con-
tribution to improving the diagnosis, prognosis and treat-
ment options of bladder cancer patients. In this study, a
dataset (GSE31189) containing gene expression data from
bladder cancer patients in the GEO database was used. This
dataset shows that the study is consistent with its purpose
and scope. Because, with this data set, it is possible to
classify bladder cancer types and explain the molecular
mechanisms behind this classification.

In the second part of the article, we discuss the theo-
retical foundations of artificial intelligence (AI) and
machine learning (ML) methods we use to classify bladder
cancer types and the model agnostic methods we use to
explain the decisions of our classification model and
identify bladder cancer-related genes, such as PFI, SHAP,
LIME and Anchor methods. We detail the GEO dataset’s
source, characteristics, and preprocessing steps, including
gene expression data from bladder cancer patients based on
working principles. In the third part of the article, we
evaluate the performance of our classification model with
various metrics and present the explanations obtained by
model-agnostic methods visually and numerically. This
section shows the distinctive genes for bladder cancer types
and their severity. In the fourth part of the article, we
discuss our findings’ biological significance and prognostic
value by comparing them with the literature. This section
analyses bladder cancer-related genes’ functions, interac-
tions, and roles in disease mechanisms. In the fifth part of
the article, we summarize our study’s contributions, limi-
tations, and suggestions for future studies. In this section
emphasises that our research demonstrates the potential
value of Al and ML methods in diagnosing and treating
bladder cancer.

2 Experiments

The research consists of data collection and preprocessing,
model development, and implementation of ML and XAI.
Python version 3.11 was employed for conducting the
research. The libraries used throughout the performance
were Matplotlib version 3.7.1, pip version 22.0.4, Sklearn
version 1.2.2, Pandas version 2.0.1, RDkit version
2023.3.1, Shap version 0.41.0, eli5 version 0.13.0, sci-kit-
plot version 0.3.7, and NumPy version 1.24.3. The imple-
mentation was carried out on a computer with Intel® Core
™ §5-8300H CPU 2.30GHz, 64-bit operating sys-
tem, x 64-based processor, and 32 GB RAM.

2.1 Data preprocessing

The bladder cancer dataset includes 92(52-Cancer
Urothelia) microarrays for Homo sapiens, selected by
carefully reviewing over 30,000 microarray experiments
using rigorous filtering criteria and downloaded from the
GEO(GSE31189) [27] and Curated Microarray Database
(CuMiDa) [28] databases (Fig. 1). The dataset was manu-
ally edited for background correction, normalisation,
sample quality analysis, and removal of faulty probes [28].
In addition, the Affymetrix symbols in the dataset have
been translated into gene names using The Database for
Annotation, Visualisation, and Integrated Discovery
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(DAVID), a comprehensive set of functional annotation
tools for researchers to understand the biological meaning
behind extensive gene lists [29].

2.2 Model development

This study used different ML algorithms for a tumoral or
non-tumoral prediction from bladder cancer gene expres-
sion data. The algorithms used are RandomForestClassifier,
XGBoost, DecisionTreeClassifier, KNeighborsClassifier,
SVC, GaussianNB, and LogisticRegression. In addition,
different metrics such as Train Accuracy, Test Accuracy,
Precision, Recall, Fl-score, Brier Score, and AUC were
used to evaluate the accuracy of the models. Training
Accuracy measures how well the model fits the training
data (Table 1). It is the percentage of correctly classified
samples in the training set. Test Accuracy counts how well
the model can generalise to new data. The rate of samples
correctly classified in the test set. Precision measures the
percentage of true positives among all predicted positives.
Recall measures the percentage of predicted positives
among all true positives. The Fl-score calculates the har-
monic mean of precision and recall. The Brier Score
measures the mean squared difference between the pre-
dicted probabilities and the actual results. The AUC mea-
sures the area under the receiver operating characteristic
curve and plots the true positive rate against the false
positive rate at various threshold settings. These metrics
can help us compare different models and choose the best
fit for our problem. It also helps us understand what aspects
of the model’s performance need improvement and how to
improve it [30-32]. The model development process
included typical ML steps such as splitting the dataset,
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tuning the model hyperparameters, and selecting the
model.

RandomForestClassifier: This ML algorithm creates
multiple decision trees and makes these trees predict by
majority vote. It has advantages such as reducing overfit-
ting decision trees, being resistant to noise in data and
providing high accuracy. However, this algorithm may use
a lot of memory, have a long training time, and require
parameter tuning [33]. In gene expression data, the Ran-
domForestClassifier algorithm has been used in applica-
tions such as breast cancer diagnosis [34] and the
classification of many cancer types [35-37].

XGBoost: It is an ML algorithm known as extreme
gradient boost. This algorithm can solve classification and
regression problems using a collection of decision trees. It
has advantages, such as fast training time, high perfor-
mance, scalability and regularisation. However, this algo-
rithm contains too many parameters, can be complex, and
may be prone to overfitting. [38—40].

DecisionTreeClassifier: This algorithm, which works
by dividing the data with simple decision rules, has the
advantages of being easily interpreted, tolerant of missing
values, processing categorical values and capturing inter-
active effects. However, this algorithm can be sensitive to
overfitting, unstable, and high variance [41].

KNeighborsClassifier [42]: It is a simple, flexible and
nonparametric method that allows an object to be classified
according to the labels of its nearest neighbours. It can also
model complex boundaries and be applied to multiple
classification problems. However, this algorithm does not
perform well on high-dimensional data, spends too much
time calculating distances, and can be affected by unbal-
anced data distributions [42—44].

Bladder Cancer- GSE31189 t-SNE
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Fig. 1 PCA (Principal Component Analysis) charts were created to show the overall distribution or correlation of the data set used in the study,
and t-SNE (t-distribution Stochastic Neighbor Embedding) plots to show clustering trends in the data
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SVC: Support vector machines try to find a separation
hyperplane to separate data into two or more classes. It has
advantages like high accuracy, working well with small
training sets, and modelling nonlinear bounds using kernel
functions. It contains too many parameters, can take long
training time, can be complex in multi-classification
problems, and may not perform well on unbalanced data-
sets [45-47].

GaussianNB: GaussianNB algorithm, used for contin-
uous features following the Gaussian distribution, is a
simple, fast and probabilistic method. It can also be applied
to multiple classification problems and requires little
training data. However, this algorithm assumes features are
independent, do not perform well on high-dimensional
data, and can be affected by unstable datasets [48, 49].

LogisticRegression: LogisticRegression is a simple,
interpretable and regularise method for estimating the
probability that an object belongs to two or more classes. It
can also be applied to multiple classification problems and
model nonlinear boundaries using kernel functions. How-
ever, this algorithm assumes that the features are linearly
separable, can be sensitive to overfitting and will not per-
form well on unbalanced datasets [50].

2.3 Permutation feature importance

Permutation feature importance (PFI) is a method used to
measure the importance of variables (features) in ML
models [13, 51]. This method evaluates each feature’s
impact on any model’s performance. The PFI method
works by redrawing random samples from a feature and
measuring the change in model accuracy. The severity of a
gene depends on the reduction in model accuracy by
removing that gene with random redraws. If there is a
significant decrease in model accuracy when genes are
removed, this gene has an essential role in predicting the
model correctly. This method suits bladder cancer predic-
tion because the model must identify the most influential
genes. This method evaluates in detail the impact of each
gene in the dataset on prediction performance. According
to their results, the 20 most significant genes are the vari-
ables that contribute the most to the model’s best perfor-
mance. Therefore, these genes were chosen to increase the
model’s accuracy or help explain the model more
intelligibly.

2.4 Explainable Al

XAl is the ability of an Al model to clearly explain the
causes and effects of input variables in the decision-making
process. This means that the computational approaches in
the model are understandable, cause-effect relationships in
data processing can be traced, and it can be determined on

which features the model makes a decision. XAI models
are significant for vital decisions such as medical diag-
nostic evaluations and crime prevention. SHAP (SHApley
Additive exPlanations) is a feature materiality method.
SHAP is inspired by a game theory known as Shapley
values [18]. Shapley values determine a player’s contri-
bution to a coalition’s earnings. SHAP measures feature
importance by combining feature weights with Shapley
values. SHAP helps understand the relationship between a
feature and a prediction. LIME (Local Interpretable Model-
agnostic Explanations) is one of the XAI methods and
explains the reasons for the predictions of a model for a
given sample [52]. LIME creates a local model to under-
stand the predictions of a model and uses that local model
to predict its properties. This method explains complex
models that work like a magic box. Anchor creates simple,
independent, human-understandable rules that define cer-
tain conditions for a model’s predictions [53, 54]. These
rules can be used to understand the reason for the predic-
tion. The Anchor method helps to identify the features
required for the predictions of a model and also reveals the
reasons that explain the model’s decision. In this study,
since a tree-based algorithm was chosen for SHAP analy-
sis, are used TreeShap, lime.lime_tabular for LIME, an-
chor-exp for Anchor, and permutationimportance libraries
for PFI were used.

3 Results
3.1 Model development

Various evaluation metrics were used to evaluate multiple
model algorithms within the scope of the study. These
metrics include accuracy of predictions made on training
and test data, precision, recall, Fl-score, Brier score, and
Area Under the Curve (AUC). Based on the results
obtained, it has been observed that the best performance is
exhibited by the RandomForestClassifier algorithm(as
shown Table 1). The high fit shown to the training data and
the high results of the prediction success in the test data
reveal its superiority compared to other algorithms.
Therefore, as a result of the evaluation metrics analysis, it
has been determined that the most appropriate choice of
model selection is the RandomForestClassifier algorithm.

The AUC values calculated from the ROC curves
analysis show that the RandomForestClassifier (0.67)
algorithm provides the best classification performance. In
addition, these values indicate that the model has a high
rate of correct classification and performs better than other
models (Fig. 2).
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3.2 Permutation feature importance

As a result of the analysis made with the permutation
feature importance (PFI) method, the essential genes in
cancer prediction and the importance values of these genes
were determined. The significance of genes indicates the
magnitude of their predictive effects. Therefore, genes with
higher significance values play a more significant role in
cancer prediction. According to the data obtained from the
analysis, the 20 most significant genes were determined
(Figure 3) (Table 2). These results can help make more
accurate and reliable predictions by selecting which genes
are more effective in predicting cancer.

This list contains the most important genes for predict-
ing bladder cancer and the weights assigned to these genes.
The importance of each gene’s contribution to inference
was calculated using the PFI method. The essential gene
was identified as LINC00161 and had the highest weight
value (0.06%). Other essential genes include ACACB,
PRSS33, MAPK1, FRAS1, CLEC12A, and GAMT. The
importance of these genes is thought to play a decisive role
in the diagnosis or prognosis of bladder cancer (Fig. 3)
(Table 2).

Heatmap, a method used to visualise gene expression
levels in the bladder cancer gene expression dataset, is the
visualisation of gene expression data in the form of a heat
map. Gene expressions are represented by assigning gene
expression levels to an increasing or decreasing tempera-
ture colour scale. Therefore, visual similarities and differ-
ences between gene expressions can be easily noticed. In
this study, heatmap maps of the 20 most essential genes
obtained using the PFI method were drawn (Fig. 4). This
visualisation allows the expression levels of each gene in
the dataset to be represented in different temperature col-
ours, providing a quick understanding of the visual simi-
larities and differences between these genes. For example,
20 genes are listed on the left, with each observation (data
point) listed above. The colour scale measures the standard
deviations of genes over observations. Darker regions

Table 1 Metric value results of developed ML algorithms

indicate that genes with higher standard deviations have a
more substantial effect. Therefore, this heatmap visualises
the PFI results, showing in which observations the most
critical genes had the most significant impact.

3.3 Explainable Al

SHAP values are given on the horizontal axis of Fig. 5,
showing the effect each gene has on the output. Positive
SHAP values indicate features that increase model output,
while negative SHAP values indicate features that decrease
model output. Each bar of the graph is a gene, and the
gene’s SHAP value determines the length of the bar.
According to ShAP results, it was seen that the gene with
the highest positive SHAP value was “HSPA6”. This
means this gene is the trait that increases the model output
the most. Other essential genes are “STON2”, “RFC2,”
and “PRSS33,” respectively. This information can help us
determine which genes significantly influence model out-
put and may be useful in selecting these genes as targets for
cancer therapy.

Figure 6 shows the effect of different genes in the
bladder cancer dataset on the prediction of bladder cancer.
The orange indicates that the value of that gene has a high
positive impact, while the dark blue indicates that the value
of that gene has a high adverse effect. While it has been
seen that genes such as PRUNE2, ABCC13, and CLEC12A
in blue colour may cause tumour bladder cancer, genes
such as COP1, GARIN4, and FRAS1 have been found to
affect the non-tumoral urethra.

3.4 Anchor explainability

This study applied the “Anchor” model description to
bladder cancer gene expression data. This description
specifies the conditions for a particular sample on this run.
In this case, the conditions are: “TMEM74” must be
greater than “2.36”, “KLHLI10.1” must be less than
“3.61”, and “GAMT” must be greater than “5.51”. In an

Model algorithms Train accuracy Test accuracy precision recall fl-score Brier score AUC
RandomForestClassifier 1.0 0.56 0.53 0.53 0.52 0.46 0.67
XGBoost 1.0 0.55 0.56 0.56 0.53 0.46 0.64
DecisionTreeClassifier 1.0 0.53 0.52 0.53 0.53 0.33 0.64
KNeighborsClassifier 0.76 0.53 0.53 0.53 0.52 0.46 0.53
SvC 0.71 0.46 0.54 0.53 0.44 0.53 0.55
GaussianNB 0.8 0.53 0.53 0.53 0.52 0.46 0.59
LogisticRegression 0.85 0.4 0.42 0.42 0.40 0.6 0.44
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Fig. 2 AUC values and ROC ROC Curve Analysis
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Fig. 3 Bar graph of the top 20 genes of importance

example where these conditions are met, the probability 4 Discussion

that the predicted class is correct is 100%. However, there

are only 0.03% of instances where these conditions are  This research aims to identify potential gene expression

met. That is, the examples where these conditions apply are ~ markers that can be used to diagnose bladder cancer. For

very limited. this purpose, the data set downloaded from the GEO
database containing gene expression profiles of bladder
cancer patients was used. Various XAl and PFI techniques
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Table 2 Importance weight

values of the first 20 genes of Genes Weights
importance LINCO00161 0.06

ACACB 0.053
CBARP.1 0.053
PRSS33 0.047
GARIN4 0.047
MAPKI 0.047
GARING 0.047
TMEM74 0.047
FRAS1 0.047
CLECI2A 0.047
GAMT 0.04

TME74 0.033
CLEC4C 0.033
PXK 0.027
PRUNE2 0.027
Ccopr1 0.027
ABCC13 0.027
DSCR10 0.027
KLHL10.1 0.027
ESX1 0.027

Fig. 4 Heatmap map of the 20
most essential genes obtained
using the PFI method
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have been applied to distinguish between tumour and
tumour-free classes in this dataset. We use XAI and PFI
techniques to understand and explain the decision pro-
cesses of Al algorithms. These techniques can help us
identify potential gene expression markers that can be used
to diagnose bladder cancer. In this research, we selected
important genes to distinguish between tumour and non-
tumour classes using different XAI and PFI techniques.
These genes may provide helpful information for the
prognosis and treatment of bladder cancer patients. Also,
thanks to these techniques, we can understand why algo-
rithms give a particular result and use it safely and accu-
rately in the clinic.

However, XAI also has some ethical, bias and limitation
issues. The accuracy and reliability of the explanations
given by XAI systems depend on the design of the system
and the data used. Therefore, XAI systems must follow
ethical principles and explain users’ needs appropriately.
The ethical problems that may arise in the use of XAI in
cancer diagnosis through gene expression profiles include
confidentiality of private data, transparency of data col-
lection and processing methods, and unbiasedness of
algorithms. Failure to provide sufficient information about
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Fig. 5 Summary plot based on
Shapley’s explanations of 20
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the source and processing methods of data used by an XAI
system may call into question the reliability and ethics of
the system. Therefore, prediction models built on a single
data source have many limitations. Among the limitations
of using XAl in diagnosing cancer through gene expression
profiles, there may be issues such as the system’s accuracy
and reliability and the explanations’ clarity and adequacy.
For example, the accuracy and reliability of the explana-
tions given by an XAI system depend on the design of the
system and the data used. In addition, the clarity and
adequacy of the explanations may vary according to the
knowledge level and needs of the users. Therefore, XAl
systems must be continuously developed and updated to
produce accurate and reliable results. More research and
discussion is required to solve these problems. In this

research, we would like to state that we are aware of these
problems and are trying to solve them.

As a result of the study determined LINCO00161,
ACACB, and CBARP genes as the genes that best differ-
entiated the tumour class according to the PFI results.
Analysis of this dataset provides a perspective for identi-
fying genes that may be effective in bladder cancer clas-
sification. The obtained results reflect the importance of
genes in classification through weight scores. In particular,
genes such as LINC00161, ACACB and CBARP stand out
with their high weight scores, indicating that these genes
may play a critical role in determining the cancer status of
patients. Also, genes with similar weight scores (e.g.
PRSS33, GARIN4, MAPK1, GARIN6, TMEM74, FRASI,
etc.) provide further insight into their contribution to dis-
ease classification. However, GAMT, TME74, CLEC4C
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Fig. 6 Visualisation of the effect of different genes involved in bladder cancer on the prediction of bladder cancer by the LIME method

and other genes with lower weight scores should be con-
sidered as potential factors. When gene names are exam-
ined, it is seen that this gene list represents various
biological processes. This may highlight the complexity of
the biological mechanisms underlying cancer classification.
Therefore, weight scores may not simply reflect the role of
genes alone; Interactions between genes and biological
context also need to be considered. As a result, the obtained
results can guide in determining the focal points for future
research. In particular, the genes with the highest and
lowest weight scores may deserve further examination to
provide further illuminating information on cancer biology
and treatment strategies.

HSPA6, STON2, and RFC2 genes selected by the SHap
method and PRUNE2 and ABCC13 genes determined by
the LIME method were also essential. The Anchor method,
on the other hand, gave TMEM74, KLHL10, and GAMT
genes as significant output. These results are critical for
examining the differences between different XAI methods
in identifying potential gene markers that can be used to
diagnose bladder cancer. In our study, other genes emerged
due to applying different XAI methods. The reasons for
these differences can be quite complex and not fully
understood. However, several possible explanations and
debates exist about the reasons for these differences. First,
it should be noted that each method operates under a dif-
ferent assumption. For example, the PFI method tries to
identify essential features by calculating a separate feature
importance score for each gene in the data set. The SHap
method attempts to calculate the contribution of a feature
value to a particular prediction result.

@ Springer

On the other hand, the LIME method creates a small
model describing the prediction result and estimates feature
importance from this model. Also, feature importances can
be calculated differently because different ways may have
different hyperparameter settings. For example, depending
on the model chosen for the LIME method, the importance
of certain features may be further emphasised or reduced.
As a result, different XAI and PFI methods can often yield
different results, and the reasons for these results can be
quite complex. Further research may be needed to deter-
mine the reasons for these differences. The fact that the
UCALI gene does not appear in the first 20 genes is one of
the most important indicators of this situation. It is known
that long non-coding RNAs (IncRNA) were initially
believed to be only transcriptional noise. Still, some
IncRNAs regulate gene expression during chromatin
modification, transcription, and post-transcriptional pro-
cessing steps [55, 56].

Many cancer-associated IncRNAs have been reported to
be new independent biomarkers for cancer diagnosis and
prognosis in different cancer types, such as breast cancer,
oesophagal squamous cell carcinoma, colorectal cancer,
lung cancer, and ovarian cancer [57-62]. Some studies
have revealed the effects 1lincO0161 on hepatocellular car-
cinoma cell metastasis [63]. Some studies have shown that
linc00161 is upregulated during cisplatin treatment in
osteosarcoma cells; overexpression of lincO0161 acceler-
ates cisplatin-induced apoptosis and reduces chemotherapy
resistance [64, 65]. In a study examining the molecular
mechanism of how garlic extract (GE) inhibits the response
of bladder cancer EJ cells, Heat shock protein A6 (HSPA6)
was chosen as the most upregulated gene responsible for its



Neural Computing and Applications (2024) 36:1585-1597

1595

inhibitory effects, based on microarray datasets. Overex-
pression of the HSPAG6 gene has been found to enhance the
GE inhibitory effect of proliferation, migration, and inva-
sion of EJ cells. This enhancing effect of HSPAG6 is
enhanced by phosphorylation of the ATM-CHK2-Cdc25C-
p21WAF1-Cdc2 cascade, MAPK and AKT signalling, and
suppression of transcription factor-associated MMP-9
regulation in EJ cells via the G2/M phase in response to
GE. These results have shown that HSPA6 may provide a
new approach to treating malignancies [66]. Prostate can-
cer antigen 3 (PCA3) is a unique regulatory mechanism
that regulates PRUNE2 levels. This mechanism involves
forming a PRUNE2/PCA3 double-stranded RNA, which
undergoes adenosine deaminase acting on RNA (ADAR)-
dependent adenosine-to-inosine RNA editing. The results
of this study show that PCA3 is a dominant-negative
oncogene and PRUNE?2 is an unrecognised tumour sup-
pressor gene in human prostate cancer [67]. Prostate and
bladder cancer are two different types of cancer and are not
related to each other. However, they can sometimes be
confused with each other as they show similar symptoms.
Prostate cancer can cause difficulty urinating, frequent
urination, blood in the urine, and changes in sexual func-
tion. TMEM74 is a protein that ensures the survival of
tumour cells by inducing autophagy. High levels of
expression of TMEM74 significantly shorten the survival
of patients in many types of cancer [68, 69]. The results of
our study seem to fit our research question and hypothesis.
The classification model we develop can distinguish
between types of bladder cancer with high accuracy, and
model agnostic methods used to interpret the model’s
decisions can reveal bladder cancer-associated genes, their
biological significance, and their prognostic value. This
makes an important and valuable contribution to bladder
cancer diagnosis, prognosis, and improvement of treatment
options. Thanks to this study, supported by literature
studies, it should be considered that different genes should
be studied in bladder cancer and that the surprise gene may
be associated with it.

5 Conclusion

The study’s main purpose is to use tumoral and non-tumour
gene expression data to classify bladder cancer patients. In
this context, analyses were made on Gene Expression
Omnibus (GEO) and Curated Microarray Database
(CuMiDa) data with Permutation Feature Importance
(PFI), SHapley Additive ExPlanations (SHAP), Local
Interpretable Model-agnostic Explanations (LIME) and
Anchor methods. Findings, LINC00161, ACACB and
CBARP by PFI method; HSPA6, STON2 and RFC2
according to the SHAP method; The LIME method showed

that genes such as PRUNE2 and ABCC13 and TMEM74
were essential. In addition, KLHL10 and GAMT genes
were determined by the Anchor method. This study
emphasizes that genes detected in other cancer types may
also be effective in bladder cancer. In addition, the use of
explainable methods in cancer data has been shown to have
significant potential to support disease prognosis and
treatment strategies in the clinical setting. The main results
of the study include LINC00161, ACACB and CBARP
determined by the PFI method; HSPA6, STON2 and RFC2
detected by the SHAP method; it is seen that genes such as
PRUNE2 and ABCC13 and TMEM74 detected by the
LIME method come to the fore. In addition, the study also
shows that genes identified in other cancer types may also
play an essential role in the field of bladder cancer. It is
also among the results that the use of explainable methods
in cancer data can evaluate the prognosis of the disease and
support the treatment processes of clinical practice. Among
the study’s strengths is the view that explainable methods
can support prognosis and treatment strategies in clinical
practice. However, the study’s limitations include using
only two data sources. Future research may aim to proceed
with a broader perspective by considering these recom-
mendations. In this context, areas such as integrating dif-
ferent genomic data sources, discovering new
explainability methods, biological validation and combi-
nation therapies can be examined. Data mining and ML
techniques can also be considered valuable tools for more
effective analysis of gene expression data.

Data availability Data openly available in a public repository (https://
www.ncbi.nlm.nih.gov/geo/), (https://sbeb.inf.ufrgs.br/cumida).
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