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Abstract. The technological advancements in recent years have led to high-dimensional data
becoming a prominent focus of research in genetics, bioinformatics, and biostatistics. This
study develops a two-step approach using regularized logistic regression for cancer
classification and gene selection with high-dimensional gene expression data. The method
combines sure independence screening (SIS) using filtering methods for initial gene selection,
followed by an adaptive LASSO (ALASSO) technique with a proposed weighting scheme.
The model was applied to three cancer gene expression datasets - colon, leukemia and prostate.
The ALASSO with the Fisher score filter demonstrated the best performance, achieving
classification accuracy up to 98.2% and AUC of 96.7% for leukemia data. The top genes
selected were biologically relevant to their cancer types. This study demonstrates the promise
of integrating SIS filtering and weighted ALASSO for informative gene selection and accurate
cancer prediction from high-dimensional gene expression data.

Keywords: Classification, Regularized logistic regression, Filtering methods, Adaptive
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1. Introduction

The recent development of DNA microarray technology has emerged as a pivotal advancement in the
domains of biology, medicine, bioinformatics, and genetics (Honrado et al., 2006; Khalid and Basad,
2022; Bhola and Singh, 2018). Microarray gene expression data is extensively utilized in the
classification and detection of cancer (Algamal and Lee, 2015). The classification of normal and
abnormal cellular patterns plays a crucial role in cancer diagnosis and treatment development, making
it a very critical process within cancer classification (Korkmaz et al., 2014; Zhang et al., 2015). The use
of cancer prediction has significant potential in enhancing patient healthcare, hence contributing to the
improvement of treatment and therapy outcomes (Chen et al., 2016; Mao et al., 2013). The microarray
datasets are extremely sparse and possess a high dimension. Redundancy, noise, and dimensionality are
a few of the difficulties associated with these datasets (Kim and Kim, 2019).

Statistical challenges that arise when modeling high-dimensional datasets include overfitting,
computational complexities, and estimation instability. The aforementioned challenges render the
implementation of statistical microarray classification techniques highly arduous (Piao et al., 2012).
When trying to apply classification difficulties in a high-dimensional situation, the most typical issues
include overfitting and multi-collinearity. One of the study topics in statistical applications is the
reduction of dimensionality, since this is often the most effective method for working with large datasets
of high complexity (Chen and Angelia, 2013). The selection of variables is a critical component in
statistical modeling involving high-dimensional data. The primary objective is to discern a subset of
significant variables from an extensive set of explanatory variables. By reducing the number of
explanatory variables to only those that contain pertinent information, the objective of optimal subset
selection is to enhance statistical models. It is imperative to consider not only the predictive
performance but also the interpretability of this finding (Fan and Lv, 2010). In recent years, a multitude
of rank-based variable selection (RVS) techniques have been developed as a means of addressing these
issues. The application of RVS techniques in classification methodologies consistently improves
performance by reducing data dimensionality through the exclusion of irrelevant genes (variables).

Information gain (IG), Fisher score (FS), and chi-square (CS) are only a few of the well-known
RVS approaches (Ross, 1993; Okeh and Oyeka, 2013; Guyon and Elisseeff, 2003). The SIS (Sure
Independent Screening) strategy, as proposed by Ross (1993), was designed to guarantee that all
significant variables are retained after variable screening, with a probability that approaches one. The
process of variable (gene) selection involves the identification and selection of a limited set of genes
from a gene dataset characterized by high dimensionality. Within the framework of these datasets, it is
frequently observed that a considerable proportion of genes are classified as irrelevant or redundant,
which has the potential to weaken the effectiveness of the classification model. Hence, it is
recommended to reduce the dimensionality of these datasets. Parametric models have become more
prominent in high-dimensional experiments (Hastie et al., 2009). Several parametric models of
regularized logistic regression (RLR), such as the least-absolute selection shrinkage operator (LASSO)
(Tibshirani, 1996) and ridge (Marquardt and Snee, 1975), usef; -norm and £,-norm penalties. Also the
Adaptive Lasso (ALASSO) algorithm incorporates ridge technique weights, as proposed by Zou (2006).
Lasso has achieved tremendous success, but it is biased and inconsistent in its selection of significant
genes. The alasso method has garnered significant attention as a potential solution to address this
particular issue (Hastie et al., 2009).

The current work introduces a two-stage regularized logistic regression technique, which aims to
identify a subset of genes with strong classification skills. This is achieved by combining a screening
approach as a filter method and an adaptive lasso with a novel weight as an embedding method. During
the first stage, a screening methodology is used to choose genes that have a strong individual association
with the cancer class level. This step effectively filters out several nonessential genes and significantly
decreases the computing time required for subsequent stages. During the second stage, the adaptive
lasso is used concurrently as both the gene selection and model estimation technique for the most
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optimal subset identified. This is achieved by including a new weight. Through this phase, the genes
with the highest discriminative power are chosen. A series of comprehensive comparisons were
conducted between our proposed gene selection approach and other competing methods, using various
benchmark gene expression datasets. These comparisons were carried out by experimental means. The
experimental findings provide evidence that the suggested methodology is very successful in the
identification of genes that are most relevant, exhibiting a notable degree of accuracy in categorization.

The subsequent sections of this work are structured in the following manner: Section 2 provides the
most important previous studies related to the subject of the manuscript. Section 3 provides an
explanation of the filtering methods and the SIS approach. It also provides a description of regularized
logistic regression, including two models. As well, the suggested method is explained, along with the
algorithmic process. Furthermore, it focuses on defining the metrics used and evaluating the
effectiveness of the research. The experimental findings derived from the real data from gene expression
datasets are reported in Section 4. Lastly, Section 5 presents a conclusion study.

2. Literature Review

Researchers have been working hard over the past few years to figure out how to choose which variables
to use in datasets with high dimensions, which have a small number of observations and a lot of
variables. The prevalence of current applications in medical studies, genetic research, bioinformatics,
and several other fields is primarily responsible for this occurrence. The empirical validity of many
conventional approaches to variable selection has been demonstrated via extensive research conducted
over the course of several years.

Generalized linear model (GLM) is known for its poor performance in high-dimensional data
prediction and classification. Penalized likelihood methods, which control coefficient variances in
exchange for increased bias, are attractive for this purpose. These methods shrink regression
coefficients toward zero by imposing a size constraint on parameters and adding a penalty to the loss
function. A growing literature is dedicated to variable selection using penalized methods in various
situations.

In 1996, Tibshirani introduced LASSO, a penalizing method that uses the £{-norm instead of the
£, —norm . This method reduces regression factors to almost zero, making models understandable.
LASSO is used in various GLM models, such as logistic regression. (Park and Hastie, 2008)

Zou (2006) introduced the adaptive LASSO, a refined version of the LASSO. This method penalizes
coefficients in the £;-norm using adaptive weights. The study suggests using ordinary least squares
(OLS) estimates as an initial weight in the -norm penalty, but ridge regression estimates are
recommended for correlated variables. However, in high-dimensional data, ordinary least squares
estimates are not accessible, making the adaptive LASSO method inapplicable. (Zou, 2006)

Huang et al. (2008) investigated the asymptotic properties of adaptive LASSO estimators in sparse
linear regression models with high-dimensional data, proving their oracle property by using marginal
regression estimators as initial weight. (Huang et al., 2008)

Bunea (2009) and Wang et al. (2010) studied variable selection consistency in limited samples using
£1-norm and £,-norm approaches in linear and logistic regression models. They found varied selection
consistency under acceptable settings, while the bridge penalty technique addressed variable
proliferation relative to data amount. (Bunea, 2009; Wang et al., 2010)

Zeng and Xie (2012) suggested using the SCAD penalty and £;-norm to tackle strongly correlated
variables. Dong et al. (2013) proposed a composite penalization approach that combines SCAD and
ridge penalties in logistic regression to address multicollinearity and benefit from desirable oracle
qualities, effectively addressing multicollinearity in logistic regression. (Zeng and Xie, 2012; Dong et
al., 2013)

Sequential LASSO is a further development of the LASSO method, as introduced by Luo and Chen
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(2014). The underlying concept of their suggested methodology is the resolution of a series of partly
penalized problems. Under a set of plausible assumptions, it has been shown that the resultant estimator
has the oracle qualities. (Luo and Chen, 2014).

Wang et al. (2015) conducted an investigation of the convergence rate of the LASSO and its sparse
characteristic in high-dimensional generalized linear models (GLM), given appropriate assumptions. In
addition, Song and Liang (2015) introduced the concept of reciprocal LASSO as a novel approach to
penalized likelihood estimation. They also demonstrated the efficacy of this technique by establishing
its variable selection consistency. (Wang et al.; Song and Liang, 2015)

Jiang et al. (2015) introduced an extension of the Least Absolute Shrinkage and Selection Operator
(LASSO) for Generalized Linear Models (GLM), offering superior enhancements in asymptotic theory.
Mao (2015) introduced a penalized approach with high efficiency in linear regression models, using a
weighted variant of the residual sum of squares, demonstrating consistency and asymptotic efficiency
properties. (Jiang et al.; Mao, 2015)

Kock (2016) examined adaptive LASSO oracle features in both stationary and non-stationary auto-
regressions. Bayesian information criteria yielded consistent variable selection. Chatterjee et al. (2015)
demonstrated that the residual empirical process, contingent on adaptive LASSO, provides correct
inference in high-dimensional regression scenarios where the LASSO method is unsuccessful. (Kock;
Chatterjee et al., 2015)

High-dimensional data handling often faces issues with redundant and irrelevant components.
To address this, two-stage machine learning frameworks, variable selection and classification, have
been introduced. Variable selection techniques eliminate redundant and undesired noisy variables,
reducing data dimensionality. Classification algorithms are then enhanced with notable attributes to
enhance their predictive capabilities.

Elyasigomari et al. (2017) introduced the MRMR-COA-HS technique, a two-stage approach for
gene selection. The technique uses MRMR feature selection to identify relevant genes, which are then
integrated with a support vector machine as a classifier. The method demonstrated superior performance
in microarray datasets. (Elyasigomari et al., 2017)

Kim and Kim 2019 study introduces a filter ranking method called "PF" that combines elastic net
penalty with sure independence screening (SIS) based on resampling techniques. Compared to MMLR,
SIS-LASSO, SIS-MCP, and SIS-SCAD with PF showed superior accuracy, AUROC, geometric mean,
and true positive detection. This method was used to analyze gene expression data for colon and lung
cancer. (Kim and Kim, 2019)

Sun et al. (2019) introduced a two-stage algorithm called TSLRF, which uses least angle regression
and random forest to identify quantitative trait nucleotides (QTNs) associated with target traits. The
method outperforms existing methods in simulation experiments and real data analyses, identifying 60
genes and multiple gene clusters. (Sun et al.,2019)

Salesi et al. (2021) introduced TAGA, a hybrid feature selection algorithm that enhances
generalization power. TAGA combines a long-term memory tabu search with an asexual genetic
algorithm, employing integer-encoded solution representation, a unique mutation operator, a tabu list
encoding scheme, and an information theory-based fitness function. Experiments on high-dimensional
datasets show TAGA outperforms conventional and state-of-the-art algorithms. (Salesi et al.,2021)

Last but not least, Qin et al. (2022) developed a two-stage feature selection framework that uses
Wrapper, embedding, and filtering methods to tackle high-dimensional data challenges. The first stage
uses WGCNA, random forest, and mRMR, while the second stage introduces a novel gene selection
method combining Salp Swarm Algorithm and machine learning techniques. The framework
consistently achieves over 97.6% accuracy on ten datasets. (Qin et al.,2022)

In summary, many researchers are focusing on supervised machine learning algorithms to identify
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and predict biomarkers in cancer and disease datasets. This study aimed to improve cancer prediction
accuracy by identifying significant genes responsible for a disease and improving classification
accuracy. The study involved two steps: applying Sure Independence Screening (SIS) using the Fisher
score, information gain, and chi-square. In addition to creating a regularized logistic regression model
with new weights of ALASOO.

3. Material and Methods

3.1. Filtering Methods

There are two primary kinds of variable ranking (VR) approaches: supervised (Song et al., 2007) and
unsupervised (Mitra et al., 2002). The categorization is established based on the presence or absence of
class labels. Filtering techniques or procedures work well no matter what classification algorithms are
used. This makes them more efficient than wrapper and embedding methods for processing. The
evaluation of metrics like distance, entropy, and uncertainty allows for the determination of relevant
characteristics. Numerous algorithms have been developed. One notable example is the relief approach,
as described by (Urbanowicz et al., 2018), which employs a metric function based on distance. The
objective of this work is to investigate several widely used filtering techniques in the field of gene
expression research, including the Fisher score, information gain, and chi-square.

3.1.1. Fisher score

The Fisher Score (FS) (Hart et al., 2000) is a commonly used technique in the field of variable selection
that aims to discover relevant variables from a larger collection for use in future classification tasks.
Discriminative and statistical models are used to attain this purpose. The primary criteria for selecting
variables is to reduce the distance between data points within the same class, known as intra-class
distance, while simultaneously maximizing the distance between data points belonging to different
classes, referred to as inter-class distance. The computation of the Fisher score for each variable Fj is
based on the following concept:

G-Mean=\/Sensitivity x Specificity (D

The value F (j) represents the computed (FS) for each variable j, class C=0or 1, m{( is the mean of
k-th class, mJ is the mean and le is the variance of all dataset.

3.1.2. The Chi-square test

The Chi-square test, often known as CS, is classified as a non-parametric test and is commonly used to
establish statistical significance when examining the relationship between two categorical variables. In
the pre-processing step, the "equal interval width" approach is used to transform numerical variables
into their corresponding category counterparts. The methodology, often known as "equal interval
width," involves dividing the dataset into q intervals, ensuring that each interval has the same width.
The formula w = (max - min)/q is used to compute the width of an interval. Furthermore, the expressions
min +w, min + 2w, and min + (q - 1) w are used to determine the boundaries of each respective interval
(Mahdi and Salih, 2022; Li et al., 2017).

A training set comprises Xj = (Xj1, ....Xjp), Where g represents each variable in a set of p variables. The
CS score for a specific variable g with r distinct variable values can be computed: (Li et al., 2017)

2
- 0is—Eis
(=% I, 2l

Ojs refers to the count of instances that show the jth variable value, provided the value of variable
g. E;; framework denotes the expected presence of data instances that encompass the specific value
assigned to the variable denoted as g.
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3.1.3. Information gain

Information gain (IG) is utilized to quantify the quantity of information that a variable provides
regarding a class (Ross, 1993). Information gain is frequently used in ranking variable selection (RVS)
due to its high computing efficiency and simple interpretability. The presence of unrelated or inaccurate
variables provides no meaningful information, whereas the inclusion of properly divisible variables
provides the most information. The metric that represents the degree of purity is known as information,
while the metric that represents the degree of impureness is known as entropy. The suboptimal
performance of the information gain measure in the presence of duplicate variables is one of its
limitations (Algafore and Hashem, 2016).

The following equation can be used to calculate the IG between the g™ variable in x; and the response
variable y;:

1G(xi;y:) = H(x;) — H(xi|yi) 3)
Ha) =Y pGadlog 2 (p()

l
H(x;ly:) = Z p(i) Z p(xily) log  2p(xily)
Yiey Xiex
The symbol H(x;) represents the entropy of variable x;, while H(x;|y;) represents the conditional
entropy of x; given y;.

3.1.4. Sure Independence Screen (SIS)

The method used for the purpose of variable selection or screening is known as Sure Independence
Screening. The author introduced the SIS technique as a reference (Fan and Lv, 2008). A certain
approach is used to reduce the number of variables, denoted as d, from a substantial magnitude to a
smaller subset, denoted as m.

Using RVS techniques, scores are assigned to individual variables based on their respective
conditions. Based on the provided scores, the variables are arranged in ascending order of significance.
Using the condition, which is described in detail below, the procedure for determining the variables
with the highest rank is carried out: (Dash, 2020)

N

(4)

logs
The variable s denotes the total number of samples.

3.2. Regularized Logistic Regression (RLR)

Logistic regression is widely recognized as a crucial technique in medicine and science for addressing
binary classification problems, wherein the response variable is dichotomous and takes on values of
either zero (0) or one (1). In various domains, including biomedical imaging, DNA microarrays, and
genomics, researchers face notable challenges when employing logistic regression on datasets with high
dimensions if the number of variables (p) is greater than the sample size (n).

Lety; € {0,1} Create a vector of dimensions n * 1 consisting of tissue., and let xi be ap * 1
vector of variables. The vector of probability estimates undergoes a logistic transformation ; = p(y; =
1|x;) and the relationship can be represented by a linear function that has undergone a logit
transformation (Algamal and Lee,2015).

ln[lf—;i] =B+ X% B, i=12...,n (5
where B is the intercept as well as f; is ap X 1 The unexplored coefficients are represented as a
vector.

The log-likelihood function defined as:
€Bo,B) =X {yiinm (x;) + A —y) In(1 —m(x;p)},j =1.2,...,p (6)
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One advantageous characteristic of logistic regression is its capacity to simultaneously estimate
probabilities. m(x;;) and 1 — m(x;;) for each class. The probability of classifying the it" sample in
class 1 is estimated by#t; = exp( By + Z?zlijﬁj)/ 1+exp(By + Z?zl x;"B;).

The regularized logistic regression (RLR) method adds a non-negative regularization part to
equation (5), which makes it possible to handle gene coefficients in situations with a lot of dimensions.
Tibshirani's (1996) proposal of £{-norm regularization is a commonly used regularization term in
academic literature. The process of gene selection and estimation is carried out concurrently by the #4-
norm regularization technique, which involves the imposition of constraints on the log-likelihood
function of gene (variable) coefficients. The RLR is defined as follows:

RLR = XL {y;Inm (x;) + (1 = y) In(1 = m(x;)} + AP(B). (7
The vector § was estimated through the process of minimizing:

Brir =argmin g[S {yiinm (x;) + (1 —y) In(1 —n(x;)} + AP(B)]  (8)
The variable AP () represents the regularization term, used to regularize the estimates. the penalty
term is determined by the value of the positive tuning parameter A , which controls the balance between
accurately fitting the data to the model and the effect of the regularization.

The Lasso method, which Tibshirani (1996) introduced, is a variation of ordinary least squares that
has expanded to include a wider range of applications. The primary objective of utilizing the Lasso
method is to engage in variable selection and regularization techniques, thereby enhancing the
predictive accuracy of the model.

When working with classification data that has a lot of dimensions, the Lasso method is very helpful
because it is easy to compute. Conversely, in instances where there are strong correlations and a
discernible grouping pattern among pertinent genes or variables, the Lasso method tends to exhibit a
tendency to select one gene randomly while disregarding the remaining genes. Furthermore, the Lasso
method exhibits inconsistent gene selection due to the uniform application of shrinkage to each gene
coefficient.

The estimation of the vector § through the utilization of the lasso method is formally defined as
follows:

BLasso = argminﬁ[2?=1{yi Inm(x;;) + (1 —y) In(1—m(x;;)} + /12?=1|ﬁj|]; )
The variable A serves as a tuning parameter in this context. The maximum likelihood estimator
(MLE) converges to a specific value when the parameter A takes on the value of zero.

The adaptive Lasso method was developed as a means of mitigating the bias inherent in the Lasso
approach. The degree of bias in the model estimate is determined by the value of The Alasso method
employs adaptive weights to penalize distinct coefficients in the penalty (Zou, 2006). The utilization of
the weight penalty is a technique employed to decrease the bias of Lasso. This is achieved by assigning
relatively lower weights to variables with larger coefficients and higher weights to variables with
smaller coefficients. Conversely, variables with large coefficients are assigned lower weights. It is
imperative to maintain the sparsity property of Lasso while reducing its selection bias. The regularized
logistic regression employing the adaptive LASSO is mathematically defined as follows:

Bavasso = argming [Z?ﬂ{)’i Inm(x;;))+ (1 —y)In(1l- T[(xij)} + /125;1 Wj|,8j|]; (10)

Where w; = (wy, ..., Wp)T is p X 1weight vector. It is dependent on the consistent initial values of
p and w; = (|f;|)77, where y is a positive constant.

3.3. The Proposed Method with New Weight

The goal of gene or variable selection is to improve the performance of classification, speed up
and increase accuracy on the gene selection process, and learn more about the basic classification
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problem. Looking at a regularized logistic regression technique that involves ranking variables and
choosing the right ones is the main goal of this study. This will improve the accuracy of classification.
The study introduces a new weight formula for the adaptive Lasso technique, incorporating FS, CS, and
IG filters to penalize the model effectively. It compares this method with other techniques and clarifies
the weight for utilization. A desirable weight is nonnegative and equal to or greater than the weight
value at the j* position, denoted as w;.

The utilization of resampling methodology is employed in order to calculate the weight below:

average Regression Coef ficient

wW;: =
J average Standard Erorr
where f = ([?1, [ Bp)T represented the vector of coefficients regression estimated also this
vector are consistent estimators (Asar and Geng,2016). S = (Sﬁl,Sﬁz,A....,Sﬁp)T is vector
represents  the Tstandard error of the regression, then wj == with  Wygpi0 =
(Wl, Wy, eeenn, Wp) represented the ratio vector of weights, and j=1,2,3,....p. *J

Algorithm 1: The Proposed Method with New Weight of ALASSO

Step 1: The dataset is divided into a training set (70%) and a testing set (30%), with the training set
used for model construction and the testing set for performance evaluation.

Step 2: Get a filtered training dataset that includes only the true significant variables based on the
sure independence screening (SIS) approach é using RVS methods.

Step 3: A logistic regression model is built, the regression coefficient and standard error are found,

and the average regression coefficient and standard error are calculated. This gives us the new
average Regression Coefficient

weight value, which all w; =
eight value, chwec J average Standard Erorr

Step 4: Use the new w; in the Adaptive Lasso with filter methods.

Step 5: Utilize a testing dataset and assess different performance metrics.

The workflow of The Proposed Method with New Weight of ALASSO framework is shown in
Figure 1.
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Fig.1: The workflow of the proposed method with the new weight of ALASSO

3.4. Performance Metrics

Accuracy is a commonly used criterion for evaluating the efficacy of classification models when applied
to balanced datasets. The computation entails the determination of the proportion of correctly classified
samples relative to the overall number of samples used in the classification model (Patil et al., 2019).
Sensitivity is used as a diagnostic measure to assess the accuracy of accurately identifying individuals
as "diseased". The concept of specificity is used to evaluate the accuracy of accurately classifying a
person as "normal". The metrics of accuracy, sensitivity, and specificity are often defined in relation to
the quantities of true positives (TP), true negatives (TN), false negatives (FN), and false positives (FP)
(Sokolova et al., 2006).

TP+TN
Accuracy = N
s TP
Sensitivity = TP T FN
Specificity = TI\ITFFP (11

Also we used geometric mean is the joint performance was evaluated by utilizing the geometric
mean of sensitivity and specificity(Algamal and Lee,2015).

G-Mean=,/Sensitivity x Specificity (12)

And the area under curve (AUC) is a metric that quantifies the aggregate performance of classifier
scores throughout the whole range of feasible threshold values. The calculation of the area under a curve
involves the use of the following formula (Sokolova et al.,2000) :

1 TP ,FP 1 N
AROC = fO ? 7=ﬁf0 TP « dFP (13)
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4. Result and Discussion
4.1. Data Description and Experimental Setting

The datasets included in the present study consisted of microarray gene expression data. The datasets
provided in this study are associated with three publicly available high-dimensional gene expression
datasets that have been previously used by other researchers. These datasets include colon cancer (Alon
et al., 1999), leukemia data (Golub et al., 1999), and prostate cancer (Singh et al.,2002). The datasets
under consideration include a response variable that is categorized into two distinct classes. The use of
the previous dataset in this investigation was motivated by the absence of relevant data of comparable
kinds within the geographical context of Iraq. All the implementations of the study on real-data
applications are carried out using R and Origin 2023b.
Table 1 shows the type of data used in the study with their sizes and classification for each case.

Table 1: Presents a comprehensive summary of the three gene expression datasets

Dataset No. of samples No. of genes Class
Colon Cancer 62 2000 40 tumor / 22 normal
Leukemia 73 7129 48 ALL /25 AML
Prostate Cancer 102 12600 52 tumor / 50 normal

The dataset is divided into two subsets, with 70% of the samples allocated for training and the
remaining 30% reserved for testing. RVS methods utilize the training data to eliminate genes that are
not relevant and prefer genes of significance. The most significant genes (variables) are chosen using
the SIS technique. These genes (variables) are then utilized in conjunction with different classifiers and
the proposed adaptive LASSO method. The model-building process uses a 10-fold cross-validation (CV)
approach with 100 iterations. Finally, the testing dataset is utilized to estimate different performance
metrics. The average accuracy, area under the receiver operating characteristic curve (AUROC), and
geometric mean (G-mean) were estimated using the aforementioned methods. The provided dataset is
preprocessed, ensuring that the gene expressions have been normalized and that there are no missing
values.

The tuning parameter value, denoted as A, was set to a fixed value between 0 and 100 for each
method. Subsequently, the 10-fold cross-validation technique was used to determine the optimal value
for each A parameter. Out of the 10 folds, one fold was designated as the validation dataset, while the
other nine folds were used as the training dataset for fitting the employed methods with a certain A value.
We ran the cross-validation (CV) process 100 times. Then, we found the best tuning value by looking
at the smallest misclassification error that CV could find.

The histogram in Figure 2 provides a summary of the pairwise correlation. The average correlation
coefficient among genes in colon cancer is 0.44. The evidence suggests a strong link between genes.
The mean correlation between genes (variables) in cases of leukemia and prostate cancer is 0.03 and
0.04, respectively. This is attributed to the use of complete gene expression data as opposed to the colon
gene-expression dataset. From this, we conclude that the high-dimensional data of the genetic matrix
have high correlations between them, and therefore these data must be processed to extract important
variables that have a direct impact on the disease and use them in the diagnosis of affected patients.
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Fig.2: The histogram of pairwise correlation coefficients of a real dataset

4.2. Results of Statistical Significance Test

A paired, two-tailed t-test was used to compare the proposed method with each competing method one
at a time. This was done to make sure that the proposed method worked to find highly relevant genes
and make accurate classifications. The experiment was carried out by evaluating the area under the
curve (AUC) of the training dataset. The adaptive Lasso classifier was used in our study with three
filters, as well as the LASSO and ALASSO without filters. Also, ALASSO has weights of ridge and
weights of marginal maximum likelihood. The results indicated that the FS filter produced the most
advantageous outputs.

Figure 3 presents a boxplot that illustrates the area under the curve (AUC) for each method used
across all three datasets. The results imply that the proposed approach's area under the curve (AUC)
compares favorably to that of proposed adaptive lasso with IG (PALIG), proposed adaptive lasso with
CS (PALCS), Lasso non-filtered (LNF), adaptive lasso non-filtered (ALNF), adaptive lasso with ridge
weights (ALR), and adaptive lasso with marginal maximum likelihood weights (ALML).
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Fig.3: Boxplot of the AUC for the three datasets achieved by the seven used methods of study.

The paired two-tailed t-test findings at a specified significance level @ = 0.05 are shown in Table

Table 2: P-values for the paired t-test of our suggested method against six other methods on three
sets of real data.

Dataset PALFS PALFS PALFS PALFS PALFS PALFS
Vs. Vs. Vs. Vs. Vs. Vs.
PALIG PALCS LNF ALNF ALR ALML
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Colon 0.017 (*) 0.015 (%) 0.0018 (*)  0.0012(*) 0.023(*) 0.0013(*)
Leukemia 0.018 (*) 0.016 (*) 0.017(*)  0.0093(*) 0.016(*)  0.0095(*)
Prostate 0.035 (%) 0.028 (*) 0.019 (*)  0.0042(*) 0.032(*)  0.0072(*)

(*) means that the two methods have significant differences.

According to the results shown in Table 2, the proposed method demonstrates superior statistical
performance in terms of the area under the curve (AUC) when compared to PALIG, PALCS, LNF,
ALNF, ALR, and ALML across all datasets. The method described in this study demonstrates a
statistically significant increase in the area under the curve (AUC) compared to all other methods used
in the training dataset.

4.3. The Results of Biological Research on The Most Important Genes

The term "molecular diagnosis" emerged subsequent to the identification of numerous genes
responsible for a wide range of diseases and the discovery of the human genome. This term is more
accurate than clinical diagnosis when it comes to figuring out what disease someone has because it
doesn't depend on symptoms. Instead, it looks into and tests the genes that have the disease-causing
mutations before the symptoms show up (Cheung et al., 2019).

The completeness of the human genome sequence and the knowledge of all genes would lead to a
qualitative breakthrough in bioinformatics. It is expected that by the next few years, in many developed
countries, molecular diagnostics will become a standard practice through which blood samples are taken
to extract the DNA sequence, and then this material is examined to determine the likelihood of certain
types of diseases. Also, molecular diagnostics is carried out in many cases through two stages: the first
is the extraction of genes and the level of their expression; the second is the use of computer algorithms
that represent intelligent statistical and software procedures to deal with the big data generated by these
genes. Based on this principle, we have introduced a number of intelligent techniques and statistical
treatments represented by these techniques in order to try to improve the performance of the molecular
diagnostic process and give good results. By identifying the most important genes responsible for the
disease, which will provide a roadmap for doctors in diagnosing these diseases, early screening for these
cancers may give a preliminary diagnosis in the event of genetic mutations in patients likely to be
affected, and by paying attention to the important genes that appeared in the study as an assistant to
specialists and those interested in this field. These qualitative diagnostic tests enable the early detection
of a wide range of pathological conditions, and the forthcoming advancements in medicine will
significantly enhance the accuracy, confidence, efficiency, and preventive measures associated with
diagnosing genetic diseases.

It is of interest to conduct further validation to ascertain the biological significance of the genes that
have been identified as the most probable. The approach described in this study, namely SIS-ALASSO
with new weights, was implemented for each route. Tables 3, 4, and 5 provide a comprehensive
overview of the gene symbols and their corresponding frequencies as chosen for analysis. The identified
genes for colon cancer, leukemia, and prostate cancer exhibit consensus in their selection and
demonstrate biological relevance to their respective cancer types, as shown by several studies (Yang et
al., 2018; Shukir, 2012; Chen et al., 2016; Mao and Shao, 2013; Han et al., 2011; Liang et al., 2013;
Wang et al., 2010).
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Table 3: The top significant genes selected for the colon dataset by the proposed method with filters

Variable selection with no. of appeared of proposed Gene symbol
ALASSO with filters()

X66(3) AJUBA
X377(3) TEAD4
X249(2) TCF7
X1772(3) IL8
X1870(2) CXCL2
X765(3) CXCLI
X493(2) CD44
X1423(3) MMP3

*( ) The shared genes (variables) present in all three filter methods.

Table 4: The top significant genes selected for the leukemia dataset by the proposed method with

filters
Variable selection with no. of appeared of proposed Gene symbol
ALASSO with filters()

X5039(3) KIT
X461 (3) RFXAP
X332003) CD19
X6515(2) CD3E
X3847(2) ITGA2B
X4847(3) LCK
X2020(2) CDS8
X3208(2) DNTT

Table 5: The top significant genes selected for the prostate dataset by the proposed method with filters

Variable selection with no. of appeared of proposed Gene symbol
ALASSO with filters( )

X6185(3) ALDH3A2
X10234(3) GUSB
X8965(2) GSTP1
X5890(3) UGP2
X7623(3) CFD
X9172(2) XYLB
X11858(2) ALDH2
X9850(2) ODCl1

Figure 4 displays the correlation matrix of significant genes that were chosen in this investigation
using the suggested methodology across the three real data sets examined in this study. The observed
correlations between genes had mostly high values, with a subset displaying moderate values. This
study of the chosen genes builds a strong scientific foundation in the medical field, which makes it
easier to look into how these important genes are correlated.
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4.4. Performance of Classification

Table 6 presents the computed values of accuracy, area under the curve (AUC), and geometric mean
(GM-mean) for all the methods. We conducted an analysis using real data comprising three types of
cancer, depending on gene expression data.
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Table 2: Classifiers evaluation a real testing dataset with an average of 100 iterations.

Cancer data Methods Accuracy(SD) AUROC(SD) G-Mean(SD))
PALFS 0.821(0.071) 0.782(0.091)  0.725(0.102)
PALIG 0.788(0.084) 0.743(0.101)  0.666(0.190)
Colon PALCS 0.801(0.081) 0.744(0.102)  0.669(0.210)
LNF 0.743(0.101) 0.675(0.113)  0.554(0.253)
ALNF 0.693(0.095) 0.657(0.116)  0.570(0.244)
ALR 0.769(0.092) 0.721(0.104)  0.672(0.157)
ALML 0.688(0.104) 0.654(0.116)  0.574(0.216)
PALFS 0.982(0.040) 0.967(0.051)  0.961(0.057)
PALIG 0.959(0.058) 0.948(0.083)  0.942(0.098)
Leukemia PALCS 0.970(0.048) 0.962(0.057)  0.957(0.065)
LNF 0.961(0.057) 0.957(0.072)  0.953(0.083)
ALNF 0.940(0.080) 0.918(0.114)  0.903(0.156)
ALR 0.967(0.051) 0.947(0.083)  0.941(0.095)
ALML 0.952(0.067) 0.946(0.085)  0.941(0.097)
PALFS 0.923(0.044) 0.918(0.045)  0.915(0.046)
PALIG 0.914(0.048) 0.904(0.045)  0.902(0.047)
Prostate PALCS 0.919(0.048) 0.915(0.046)  0.905(0.047)
LNF 0.901(0.050) 0.909(0.047)  0.907(0.048)
ALNF 0.791(0.082) 0.793(0.078)  0.778(0.130)
ALR 0.905(0.048) 0.906(0.048)  0.904(0.049)
ALML 0.744(0.079) 0.741(0.079)  0.739(0.080)

* PALFS: Proposed adaptive lasso with FS, PALIG: Proposed adaptive lasso with IG, PALCS:
Proposed adaptive lasso with CS, LNF: Lasso non-filtered, ALNF: Adaptive lasso non-filtered, ALR:
adaptive lasso with weights of ridge, ALML: adaptive lasso with weights of marginal maximum
likelihood, (SD) standard deviation.

It's clear from Table 2 that the classifiers work much better on all three real datasets when the
suggested new weight of ALASSO is added to the FS, CS, and 1G filters. This is shown by the accuracy,
AUC, and G-mean. For colon cancer data, it is apparent that the application of different methodologies
in adaptive lasso, such as the utilization of new weight and filter techniques, consistently produced
outcomes that demonstrated superior performance in terms of accuracy, G-Mean, and AUC. We found
that the proposed SIS-ALASSO worked better than other methods in terms of accuracy (82.1%), G-
mean (72.5%), and AUROC (78.2%). On the other hand, for leukemia, it is clear that the methods
combining a filter consistently exhibit superior performance in terms of accuracy, G-mean, and AUC.
The proposed SIS-ALASSO with new weights worked better than other methods in terms of accuracy
(98.2%), G-Mean (96.1%), and AUROC (96.7%). As well as, the PALFS method has high performance
in classifying prostate cancer across all individual classifiers. Conversely, it is seen that the standard
deviation values obtained using the suggested method were much lower compared to those obtained
using other methods.

The boxplot in figure 5 shows the average accuracy of the testing dataset to the real data used in
this study.
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Fig.5: The boxplot of the average accuracy of the different RVS methods with classifiers on the real
dataset.

5. Conclusion

This study proposed an integrated two-step approach using SIS filtering and weighted ALASSO for
gene selection and cancer classification with high-dimensional gene expression data. The method
leverages the strengths of both filter-based screening and regularized regression for gene selection.
Experimental results on three cancer datasets demonstrate superior and robust classification
performance compared to standard LASSO and adaptive LASSO variants. The SIS-ALASSO model
with the Fisher score filter achieved best results, with up to 98.2% accuracy for leukemia data. The top
genes identified also showed biological relevance to their cancer types. The study provides a promising
framework for utilizing regularized regression and filtering techniques together for informative gene
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selection from high-dimensional data. Future work can validate the approach on larger gene expression
datasets and for other cancer prediction tasks.
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