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Abstract: High-dimensional survival data, such as microarray datasets, present significant
challenges in variable selection and model performance due to their complexity and dimen-
sionality. Identifying important genes and understanding how these genes influence the sur-
vival of patients with cancer are of great interest and a major challenge to biomedical scien-
tists, healthcare practitioners, and oncologists. Therefore, this study combined the strengths
of two complementary feature selection methodologies: a filtering (correlation-based)
approach and a wrapper method based on Iterative Bayesian Model Averaging (IBMA).
This new approach, termed Correlation-Based IBMA, offers a highly efficient and effective
means of selecting the most important and influential genes for predicting the survival of
patients with cancer. The efficiency and consistency of the method were demonstrated using
diffuse large B-cell lymphoma cancer data. The results revealed that the 15 most important
genes out of 3835 gene features were consistently selected at a threshold p-value of 0.001,
with genes with posterior probabilities below 1% being removed. The influence of these
15 genes on patient survival was assessed using the Cox Proportional Hazards (Cox-PH)
Model. The results further revealed that eight genes were highly associated with patient
survival at a 0.05 level of significance. Finally, these findings underscore the importance of
integrating feature selection with robust modeling approaches to enhance accuracy and
interpretability in high-dimensional survival data analysis.

Keywords: iterative Bayesian model averaging (IBMA); posterior probability; wrapper;
parametric; filtering; semi-parametric

1. Introduction
Diffuse large B-cell lymphoma (DLBCL) is one of the most prevalent forms of non-

Hodgkin lymphoma and is characterized by its aggressive clinical behavior and diverse
biological landscape [1]. DLBCL affects mature B-cells and is typified by rapid growth,
necessitating prompt diagnosis and treatment [2]. Despite advancements in therapeutic
protocols, the prognosis for patients with DLBCL remains variable, influenced by both the
initial presentation and subsequent responses to therapy [3]. A key challenge in managing
DLBCL lies in the heterogeneity of the disease at the genetic, epigenetic, and phenotypic
levels. Such diversity necessitates sophisticated analytical approaches to unravel the
underlying mechanisms of tumor progression and treatment response [4].

Recent years have registered explosive growth in high-throughput genomic technolo-
gies, culminating in the generation of large datasets that capture the complexities of DLBCL
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at a molecular level [5,6]. The integration of these data into clinical applications can facili-
tate the discovery of predictive biomarkers, elucidate treatment pathways, and ultimately
improve patient outcomes [6].

In order to extract meaningful information from high-dimensional data while man-
aging the inherent risks of overfitting and model complexity, researchers have turned to
various statistical methodologies [7,8]. Among these, filtering and wrapper methods are
prominent, particularly in the context of variable selection [9]. Filtering techniques, such as
correlation-based methods, enable researchers to assess the relationship between individual
features and outcomes independently before fitting a model. On the other hand, wrapper
methods, such as Iterative Bayesian Model Averaging (IBMA) [10–12], consider multiple
models and their respective probabilities, utilizing model performance to inform variable
selection [13]. Both methodologies play pivotal roles in optimizing feature spaces, thereby
enhancing model interpretability and efficacy [14]. However, the IBMA method alone is
computationally time-consuming and may include some redundant genes when applied to
large-scale microarray survival datasets.

Once the relevant predictors have been identified through filtering and wrapper
methods, the next step involves incorporating these variables into survival models. Survival
analysis is a pivotal component of cancer research as it provides insights into time-to-event
data, which are crucial for understanding patient prognoses. Both parametric and semi-
parametric survival models have been widely employed in the analysis of cancer data,
with each offering distinct advantages [15].

Feature selection is a critical step in data preprocessing, particularly for high-
dimensional datasets, where irrelevant or redundant features can adversely affect model
performance [16]. Numerous studies have proposed hybrid filter–wrapper approaches,
which combine the strengths of both filters (that select features based on statistical criteria)
and wrappers (that assess feature subsets using predictive models) [17,18]. These methods
aim to improve feature selection efficacy, model accuracy, and computational efficiency.

One notable method is the Hybrid Genetic-Particle Swarm Feature Selection (HGP-FS)
hybrid filter–wrapper, which integrates genetic algorithms with particle swarm optimiza-
tion. This approach has been shown to effectively enhance feature subset selection, leading
to improved classification accuracy and fewer irrelevant features in high-dimensional
datasets [16]. Similarly, a combination of Ant Colony Optimization (ACO) within a
wrapper–filter framework has demonstrated superior performance compared to conven-
tional feature selection techniques, particularly in real-world datasets like facial emotion
recognition and microarray data [19].

In the domain of sentiment analysis, hybrid filter–wrapper methods have proven
to be particularly useful. By utilizing fewer features, these methods can achieve higher
classification accuracy than state-of-the-art algorithms [9]. Furthermore, in time-series
forecasting tasks, hybrid approaches combining Partial Mutual Information with firefly
algorithms have significantly improved short-term load forecasting accuracy. This is
achieved by reducing redundant features without sacrificing forecasting precision [20].

The Large-Margin Hybrid Feature Selection Algorithm (LMFS) stands out by offering
improvements not only in classification performance but also in model interpretability. The
LMFS reduces both the computational time and complexity of the classifier, making it more
efficient compared to traditional filter or wrapper methods [21].

Further advancements in hybrid feature selection are observed in tri-objective evo-
lutionary algorithms, such as the filter–wrapper-based nondominated Sorting Genetic
Algorithm-II. This algorithm has provided competitive results across various datasets,
outperforming existing feature selection techniques by balancing multiple objectives [22]
as a novel hybrid dimension reduction technique designed to enhance the selection of
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biomarker genes and improve the prediction of heart failure status in patients. The study
highlighted the effectiveness, adaptability, and broad applicability of hybrid dimension
reduction algorithms (HDRAs) within the framework of deep neural networks [23]. Lastly,
hybrid methods that employ differential evolution have been shown to enhance classifi-
cation performance while reducing the size of the feature subset and computational time,
surpassing both traditional and more recent evolutionary feature selection techniques [24].

All these methods were primarily developed for classification and regression cases;
however, most of them cannot be directly applied in high-dimensional survival analysis
settings. Additionally, DLBCL datasets often involve thousands of gene features. Along
with their heterogeneous nature, gene–gene interactions and pathways play a critical role
in determining prognostic outcomes. For instance, interactions between BCL2 and MYC
(double-hit lymphomas) are associated with significantly poorer prognoses in DLBCL
patients [25]. This complexity makes them more challenging to handle using the existing
methods, necessitating further filtering of noisy genes [4,26].

High-dimensional microarray survival data present a major challenge in cancer re-
search (such as DLBCL), particularly when attempting to predict patient outcomes and
understand the underlying biological mechanisms of diseases such as cancer [27]. The vast
number of genes (features) compared to the limited number of samples increases the risk
of overfitting and reduces model interpretability [28]. Traditional methods often struggle
to effectively select the most relevant variables from high-dimensional data, which impairs
survival models’ accuracy and reliability. The need for sophisticated feature selection
approaches is critical to ensure that the models used for predicting survival are both robust
and informative [29,30].

This study seeks to address the challenges posed by high-dimensional microarray sur-
vival data by integrating two advanced feature selection methods: Iterative Bayesian Model
Averaging (a wrapper method) and filtering techniques based on correlation. By combining
these approaches, the research aims to improve the accuracy and interpretability of variable
selection for high-dimensional datasets. These selected features will then be incorporated
into both parametric and semi-parametric survival models, providing a comprehensive
framework for predicting patient outcomes in cancer research. The improved survival mod-
els could significantly enhance personalized medicine by identifying key genetic markers,
guiding treatment strategies, and offering better prognostic tools for clinicians. This hybrid
approach offers a balance between model complexity and performance, leading to more
precise survival predictions in clinical settings.

The paper is structured as follows: Section 2 describes the methodology, Section 3
outlines the parametric survival model, Section 4 illustrates the algorithm process flowchart,
Section 5 presents the results, and Section 6 concludes the paper.

2. Methodology
In this section, we provide a comprehensive and detailed explanation of the

two adopted methods that form the foundation of our approach. The first method, Itera-
tive Bayesian Model Averaging, is a sophisticated wrapper technique designed to enhance
model performance by systematically combining predictions from multiple models. The sec-
ond method involves filtering techniques grounded in correlation analysis, which aim to
identify and prioritize key variables based on their statistical relationships. Together, these
methods offer a robust framework for achieving accurate and reliable results in our analysis.

2.1. Filtering Procedure

Filtering correlation is a feature selection method that evaluates how each feature
(gene) correlates with the target variable. In this context, the target variable is the cumu-
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lative hazard function (Λ̂(t)) [31], which is estimated using the procedure outlined in
Algorithm 1. This method operates under the assumption that highly correlated genes
are more relevant for predicting the target outcome (Λ̂(t)). For a gene gi and the target
outcome Λ̂(t)i (cumulative hazard function), the correlation r is calculated using Pearson’s
correlation coefficient as follows:

r(gi, Λ̂(t)i) =
∑n

i=1(gi − gi)
(

Λ̂(t)i − Λ̂(t)
)

√
∑n

i=1(gi − gi)
2.

√(
Λ̂(t)i − Λ̂(t)

)2
(1)

where gi is the individual expression level of the gene for sample i, Λ̂(t)i is the target value
for sample i, gi and Λ̂(t) are the mean values of gi and Λ̂(t)i, respectively, and n is the
total number of samples. The primary goal of Algorithm 1 is to calculate the cumulative
hazard function denoted as (Λ̂(t)). Algorithm 1 employs the Nelson–Aalen method [31],
a nonparametric estimator for the cumulative hazard function. The method is particularly
suited for handling censored data, where not all individuals experience the event of
interest during the observation period. The Nelson–Aalen estimator ensures that the risk is
calculated based on individuals still “at risk” just before each observed event time.

Algorithm 1: Cumulative Hazard Function Null Model Computation
Input: Set of event times T = {t1, t2, . . . , tn}, status indicator S = {s1, s2, . . . , sn}
Output: Cumulative hazard estimates Λ̂(t) for all t ∈ T

1 Step 1: Fit the cumulative hazard model
2 Compute the Nelson–Aalen estimator for the cumulative hazard:

Λ̂(t) = ∑
ti≤t

δi
Yi

,

3 where δi is the event indicator (1 for events, 0 otherwise), and Yi is the number of
individuals at risk at time ti. Step 2: Define jump points

4 Create a set of jump points:

J = {0, t1, t2, . . . , tk, max(T)},

where t1, t2, . . . , tk are the observed event times, tk represent kth event time, and k
is an index referring to the position of an event time.

5 Step 3: Extend survival probabilities
6 Define the extended survival probabilities Ŝ(t):

Ŝ(t) =


1 if t = 0,

Ŝ(ti) if ti ∈ J,

Ŝ(tk) if t = max(T).
Step 4: Transform survival to hazard

7 Compute the cumulative hazard from the survival probabilities:

Λ̂(t) = − log
(
Ŝ(t)

)
.

Step 5: Initialize estimates
8 Create an empty array Λ̂est with the same length as T.
9 Step 6: Assign cumulative hazard to intervals

10 foreach interval [tj−1, tj] for j = 2, . . . , |J| do
11 foreach t ∈ [tj−1, tj] do
12 Assign: Λ̂est(t) = Λ̂(tj−1).
13 end
14 end
15 Step 7: Return results
16 Return the cumulative hazard estimates Λ̂est for all t ∈ T.
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In our context, the cumulative hazard function serves as the target outcome, and we
aim to determine the correlation between this outcome and gene expression levels. The cu-
mulative hazard function is preliminarily denoted Λ̂(t) in Equation (1), representing the
target outcome in Algorithm 2.

Algorithm 2: Correlation Filtering Algorithm

Input: Gene expression data X = {g1, g2, . . . , gn}, Target outcome (Λ̂(t)),
Threshold ζ = 0.001

Output: A subset of top correlated genes
1 for i = 1 to n do
2 Compute the correlation ri between gi and the target outcome y;

3 Rank genes gi based on the absolute value of their correlation |ri|;
4 Apply threshold ζ: Select genes where |ri| > ζ;
5 Select the top genes with the highest absolute correlation values;
6 return Subset of top correlated genes;

Algorithm 2 employs the correlation filtering method for feature selection, evaluating
features (genes) based on their degree of correlation with the target variable. A gene
is selected for further analysis if the p-value associated with the correlation coefficient
between the gene and the target outcome exceeds the predefined threshold ζ.

This selection criterion is based on statistical significance as the p-value indicates
the likelihood of observing the given correlation by chance. If the p-value is greater
than T, the correlation is deemed statistically insignificant, suggesting that the gene may
not have a meaningful relationship with the target outcome. Consequently, such genes
are excluded from the feature set to enhance the model’s focus on relevant predictors.
Conversely, genes with p-values below the threshold are retained as they exhibit statistically
significant correlations with the target outcome, making them potentially valuable for
predictive analysis.

2.2. Iterative BMA for Survival Analysis

We present our work on adapting the Iterative BMA approach to survival analysis,
including many algorithmic changes. Initially, we utilize the Cox Proportional Hazards
Model [32,33] to rank each individual gene in the preprocessing stage rather than using the
BSS/WSS approach [34] to rank-order the genes. Because of its wide range of applications
and ability to handle censored data, Cox regression is a commonly used method in the field
of survival analysis. It measures a subject’s hazard rate at time T using a semi-parametric
approach, where the equation is presented in Equation (2)

hi(t) = ho(t)exT
i b (2)

where β is a fixed vector of mtry ≤ p coefficients, ho(t)is the baseline hazard function,
and hi(t) is the hazard for participant i at time t. The partial likelihood is utilized in the
estimation of β.

L(β) =
m

∏
i=1

exT
j(i)β

∑jϵRi
exT

j β
(3)

where Ri is the set of indices, j, with yj ≥ ti (i.e., those still at risk at time ti), and j(i) is the
index of the observation for which an event occurred at time ti.

Once the regression parameters in the Cox model are estimated by maximizing the
partial likelihood, the genes can be ranked in descending order of their log–likelihood [35],
which is presented in Algorithm 3.
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Algorithm 3: Iterative BMA Algorithm for Survival Analysis
Pre-sorting step: rank the genes in descending order of their log–likelihood in
Equation (3) using the Cox Proportional Hazards Model in Equation (2). The genes with
a larger log–likelihood are assigned a higher ranking.
Apply the traditional BMA algorithm to the maxNvar (default is maxNvar = 25) top
log-ranked genes.
Remove genes with low posterior probabilities in the predictive model; [35] used 1% as
the threshold and eliminated genes with posterior probabilities less than 1%.

2.3. Posterior Model Probability in Bayesian Model Averaging (BMA)

Once the top-ranked genes are selected, Bayesian Model Averaging (BMA) is applied.
BMA combines several models by computing a weighted average based on the posterior
probabilities of the models. The posterior probability of a model νk is provided by Bayes’
theorem, which is presented in Equation (4)

P(νk | data) =
P(data | νk)P(νk)

∑j P(data | νj)P(νj)
, (4)

where P(data | νk) is the likelihood of the data given model νk, P(νk) is the prior probability
of model νk, and the denominator normalizes the probabilities across all possible models.

In survival analysis, P(data | νk) is the likelihood derived from the Cox model or
other survival models. This equation enables the IBMA algorithm to account for model
uncertainty by averaging across models based on their fit to the data.

2.4. Gene Posterior Probability

During the iterative process, genes with low posterior probabilities are removed
from the predictive model. The posterior probability of a gene g within a model νk is
computed as

P(g | data, νk) =
P(data | g, νk)P(g | νk)

∑i P(data | gi, νk)P(gi | νk)
. (5)

Equation (5) updates the prior probability of gene g based on its contribution to model
νk. Genes with posterior probabilities below a certain threshold (e.g., 1%) are deemed to
contribute little to the prediction of survival and are eliminated. This iterative removal step
refines the model by focusing on the most relevant genes.

As the Bayesian Model Averaging (BMA) algorithm progresses, genes with a high
posterior probability are kept, while genes with a low posterior probability are removed.
These iterative steps continue until all genes have been evaluated. This procedure is
described in Algorithm 3.

3. Parametric Survival Models
Parametric survival models analyze time-to-event data by assuming that survival times

follow a specific probability distribution. These models enable precise estimation and interpre-
tation of survival probabilities, hazard rates, and other survival characteristics [36,37]. Com-
monly applied distributions include exponential, Weibull, log–normal, and log–logistic,
each tailored to distinct survival patterns.
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3.1. Core Components of Parametric Survival Models

The survival function, S(t), quantifies the probability of surviving beyond a specific
time t. It is mathematically expressed as

S(t) = P(T > t), (6)

and serves as the foundation for understanding the likelihood of survival over time.
The hazard function, h(t), describes the instantaneous failure rate at time t, conditioned on
prior survival. It is defined as

h(t) =
f (t)
S(t)

, (7)

where f (t) represents the probability density function of survival times. This function
provides insights into the risk of event occurrence at any given time. The cumula-
tive hazard function, H(t), represents the accumulated risk of failure over time and is
defined as

H(t) =
∫ t

0
h(u) du = − ln(S(t)). (8)

This measure links the hazard and survival functions, highlighting the overall risk of failure
across time.

3.2. Choice of Parametric Models

The selection of a parametric distribution depends on the observed survival data’s
characteristics. The exponential model assumes a constant hazard rate, making it appro-
priate for scenarios where the failure risk remains steady over time. The Weibull model
extends the exponential model by enabling the hazard rate to either increase or decrease,
offering a flexible approach to modeling varying patterns of risk [38]. The log–normal and
log–logistic models are suited for data with skewed survival times or situations where the
hazard rate declines after peaking. These models effectively capture variability in survival
distributions [39]. Choosing the appropriate distribution enables a more accurate and
nuanced understanding of survival behavior and associated risk factors.

4. Flowchart of the Correlation-Based IBMA Algorithm
Hybridized Method: Correlation-Based IBMA

This section outlines a structured framework to tackle the challenges of high-
dimensional microarray survival data, where the number of predictors (genes) often far
exceeds the sample size. The imbalance introduces issues such as overfitting, multicollinear-
ity, and instability in model estimates, requiring a systematic approach to dimensionality
reduction and survival modeling.

The process begins with a filtering step that employs correlation analysis to iden-
tify genes significantly associated with survival outcomes. Correlations between gene
expression levels and the cumulative hazard function are computed using a 99% cutpoint.
Filtering methods like this have been shown to enhance interpretability and improve model
performance in microarray studies [40].

Next, a wrapper method using an Iterative Bayesian Model Averaging (IBMA) ap-
proach is applied to refine the feature set further. This method evaluates subsets of pre-
dictors based on their contributions to survival prediction, integrating over all possible
models to account for model uncertainty. Bayesian wrappers are effective in reducing
dimensionality while maintaining predictive accuracy in high-dimensional datasets [41].

A critical decision point follows to determine whether the number of selected predic-
tors is less than or equal to the sample size. This ensures that the downstream survival
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models are feasible. If the number of genes remains too large, the process loops back to the
wrapper for further refinement. This iterative approach, aligned with the recommendations
in [42], addresses overfitting risks and ensures stable parameter estimates.

Once dimensionality is reduced, two survival models are employed: the Cox Pro-
portional Hazards (Cox-PH) Model and parametric models. The Cox-PH Model is semi-
parametric, requiring no assumptions regarding baseline hazard distributions, making it
widely applicable [32]. In contrast, parametric models assume specific distributions for
survival times, offering more precise estimates when the assumptions hold [43].

Finally, the framework compares the performance of the Cox-PH and parametric mod-
els using metrics such as the Akaike Information Criterion (AIC) and Bayesian Information
Criterion (BIC) [44]. Lower AIC/BIC values indicate superior model performance. This
systematic comparison aligns with evidence that model selection based on these criteria
improves robustness and interpretability [45,46].

By integrating filtering, Bayesian feature selection, and survival modeling, this frame-
work addresses the challenges of high-dimensional data, providing a robust approach
to identifying biomarkers associated with survival outcomes. The iterative nature en-
sures that dimensionality is appropriately managed, resulting in models that are both
accurate and interpretable. However, the choice in p-value thresholds is often arbitrary.
If the threshold is too strict, it may exclude genuinely important features. Conversely,
if it is too lenient, it might include irrelevant features, leading to noisy results. To mit-
igate these limitations, our model utilizes 99% power, ensuring that the results are ro-
bust and less dependent on arbitrary p-value thresholds. On the other hand, reducing
maxNvar (see Algorithm 3) below 30 is necessary to prevent convergence errors due
to matrix singularity and instability. In this study, a value of 25 maxNvar was chosen
for the DLBCL dataset as it balances accuracy and stability, as was similarly used by
Annest et al. [35]. The flowchart for our proposed Correlation-Based IBMA algorithm is pre-
sented in Figure 1. The code for reproducing the results of the Correlation-Based IBMA algo-
rithm is available at https://github.com/Dydx1989/Correlation-Based-IBMA (accessed on
14 February 2025).

Figure 1. Flowchart of the Correlation-Based IBMA algorithm.

https://github.com/Dydx1989/Correlation-Based-IBMA
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5. Results
5.1. Real-Life Studies

The dataset (DLBCL) undergoing R-CHOP treatment was obtained from the R repos-
itory GEOquery, a repository for microarray data. These samples were collected from
surgically resected specimens in colorectal cancer patients [47], containing survival data
of n = 181 patients who have diffuse large B-cell lymphoma, and d = 3835 different gene
expression measurements are included.

5.2. Procedure 1 Results: Filtering Method (Correlation-Based)

Table 1 presents a comparison of genes associated with the cumulative hazard function
based on varying alpha levels used in a filtering correlation technique.

Table 1. Comparison between genes associated with cumulative hazard function based on varying
alpha levels.

α 0.001 0.01 0.02 0.03 0.04 0.1 0.2 0.3 0.4 0.5

Gene selected 27 89 158 208 247 522 907 1287 1647 2032

As the alpha value increases, the number of selected genes also increases. Specifically,
at an alpha level of 0.001, 27 genes were selected. When the alpha level was raised to 0.01,
the selection increased to 89 genes. At an alpha of 0.02, 158 genes were identified, and, at
0.03, the number rose to 208 genes. This upward trend continues with further increases
in alpha, resulting in the selection of 247 genes at 0.04, 522 genes at 0.1, 907 genes at 0.2,
1287 genes at 0.3, 1647 genes at 0.4, and 2032 genes at 0.5.

The line plot in Figure 2 reveals the performance of the model at various levels of
alpha. It is evident that, as the alpha value increases, the number of genes selected increases
too, and vice versa. This affirms that the model is at its best when the alpha value is small.
In this case, the model performs best, i.e., selected the minimum number (27) of genes, at
α = 0.001.

Figure 2. Line plot showing the filtering method’s performance and gene selection across various
alpha levels.

The most common approach to presenting gene expression data is to present a
heatmap, which may also be paired with cluster dendrograms. The heatmap’s goal is
to discover genes that are over- or underexpressed, as well as biological signatures that
are connected with a certain state (i.e., illness condition). The data in the heatmap in
Figure 3 are of the 3835 genes in the dataset, where each row represents a sample and each



Data 2025, 10, 26 10 of 19

column represents a gene. The color and intensity of the boxes represent changes in gene
expression: shades of blue and green indicate elevated expression (i.e., highly significant to
the sample), shades of purple indicate decreased expression (i.e., zero significance to the
sample), and blue indicates unchanged expression (i.e., genes with scale measures of zero).
A correlated heatmap in Figure 4 was created to illustrate the connections between these
chosen variables (genes). Another approach is to present the genomic data in a correlated
heatmap. The color and intensity of the boxes represent the degree of correlation regarding
gene expression data: shades of blue and green indicate elevated correlation (i.e., highly
significant to the sample), shades of purple indicate slightly weak correlation (i.e., little or
no significance to the sample), and blue indicates unchanged correlation (i.e., genes with
high correlation). The summary statistics in Table 2 provide a detailed overview of the
results for the 27 selected genes based on the filtering methods.

Figure 3. The variable importance plot of the 27 extracted gene features from DLBCL data using the
filtering method.

Figure 4. The correlated heatmap plot of the 27 extracted gene features from DLBCL data using the
filtering method.
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Table 2. Performance metrics for each of the 27 selected genes via filtering method.

Gene Name Correlation Statistic Std. Error p-Value Confidence Interval

X240898_at 0.3237640 4.578262 0.090331525 8.749838 × 10−6 [0.1867240, 0.4484446]
X229839_at 0.3173771 4.477716 0.069626215 1.340571 × 10−5 [0.1798446, 0.4427396]

X1553317_s_at 0.2956320 4.140353 0.064923470 5.334807 × 10−5 [0.1565236, 0.4232396]
X240777_at 0.2843484 3.968123 0.044254417 1.047141 × 10−4 [0.1444830, 0.4130742]
X237797_at 0.2835054 3.955328 0.085518890 1.100011 × 10−4 [0.1435851, 0.4123134]

X1569344_a_at 0.2823278 3.937473 0.054291651 1.178045 × 10−4 [0.1423312, 0.4112504]
X244434_at 0.2812136 3.920596 0.021532875 1.256621 × 10−4 [0.1411452, 0.4102443]

X1553499_s_at 0.2788330 3.884597 0.014299265 1.441196 × 10−4 [0.1386127, 0.4080937]
X243713_at 0.2724357 3.788235 0.078522591 2.070259 × 10−4 [0.1318159, 0.4023070]
X231442_at 0.2679058 3.720332 0.071828843 2.661317 × 10−4 [0.1270112, 0.3982033]
X226869_at 0.2594559 3.594373 0.014263358 4.202434 × 10−4 [0.1180662, 0.3905344]

X205908_s_at 0.2592865 3.591856 0.010320057 4.240451 × 10−4 [0.1178871, 0.3903804]
X237493_at 0.2578275 3.570201 0.049895640 4.581279 × 10−4 [0.1163450, 0.3890544]
X236981_at 0.2538053 3.510638 0.003152094 5.656506 × 10−4 [0.1120973, 0.3853959]

X1554413_s_at 0.2530921 3.500097 0.013363995 5.869903 × 10−4 [0.1113447, 0.3847467]
X237515_at −0.2523931 −3.489771 0.072919927 6.086257 × 10−4 [−0.3841104, −0.1106071]

X1563643_at 0.2514562 3.475941 0.085027354 6.387770 × 10−4 [0.1096189, 0.3832573]
X1557366_at 0.2513477 3.474340 0.031633671 6.423559 × 10−4 [0.1095045, 0.3831585]
X239693_at 0.2513261 3.474022 0.046496654 6.430702 × 10−4 [0.1094817, 0.3831388]

X1564964_at 0.2485053 3.432449 0.006858373 7.429787 × 10−4 [0.1065081, 0.3805688]
X206439_at 0.2459578 3.394983 0.080566498 8.452993 × 10−4 [0.1038247, 0.3782460]

X203435_s_at 0.2454648 3.387742 0.006054556 8.665362 × 10−4 [0.1033057, 0.3777964]
X231455_at 0.2453459 3.385995 0.005362892 8.717351 × 10−4 [0.1031805, 0.3776878]
X204879_at 0.2449448 3.380106 0.012096357 8.894732 × 10−4 [0.1027583, 0.3773219]
X244346_at 0.2443666 3.371620 0.066907309 9.156259 × 10−4 [0.1021497, 0.3767943]

X242758_x_at 0.2437652 3.362797 0.090331525 9.435776 × 10−4 [0.1015169, 0.3762455]
X1558999_x_at −0.2436319 −3.360842 0.014299265 9.498769 × 10−4 [−0.3761239, −0.1013766]

5.3. Procedure 2 Results: Wrapper Method (IBMA)

Table 3 shows the results of applying the Iterative Bayesian Model Averaging (IBMA)
technique, a wrapper method, to reduce dimensionality by selecting key genes. Across
various numbers of models (ranging from five to forty), the method consistently identified
15 genes. This stability in gene selection indicates that increasing the number of models did
not lead to the selection of more genes as IBMA continually settled on the same 15 variables.

Table 3. Results of dimensionality reduction using the Iterative Bayesian Model Averaging (IBMA)
technique across varying models.

Number of Models 5 10 15 20 25 30 35 40

Genes selected 15 15 15 15 15 15 15 15

Table 4 summarizes the number of features (genes) selected from a high-dimensional
survival dataset of diffuse large B-cell lymphoma (DLBCL). The dataset contains
3835 covariates, and the analysis was performed on a sample of 181 individuals.

Using the filtering method, 27 genes were selected from the original set of 3835 covariates.
This method reduces the large number of variables by applying specific criteria to identify
a subset of relevant features for further analysis.

After applying the filtering process, the Iterative Bayesian Model Averaging (Iterative
BMA) method identified 15 genes. This technique employs Bayesian principles to sys-
tematically select those features that are most influential in predicting survival outcomes,
emphasizing simplicity and significance in the selection process. Table 5 provides the
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results of 15 selected genes via the Iterative Bayesian Model Averaging (IBMA) approach,
summarizing the key metrics of each gene’s effect on the outcome.

Table 4. Number of selected features (genes) from the DLBCL high-dimensional survival data.

Method Number of Genes Selected Total Number of Covariates

Filtering 27 3835
Iterative BMA 15 3835

Sample Size 181

Table 5. Number of selected 15 genes via Iterative BMA.

Selected Gene Coef. Posterior Posterior Probability %

X1558999_x_at 0.2455597 100
X229839_at −0.1786791 100
X237797_at −0.2836618 100
X244346_at 0.1580137 100

X1553317_s_at −0.1855569 99
X237515_at 0.1580137 95.9

X1563643_at −0.1518949 90.3
X242758_x_a −0.1339099 80.2
X243713_at −0.0886892 66.4

X1569344_a_at −0.0302844 31.6
X237493_at −0.0290551 26.0
X240777_at −0.0214521 24.8

X1557366_at −0.0183163 20.4
X205908_s_at −0.0033933 3.9
X244434_at −0.0006353 1.4

Table 5 outlines the details of the 15 genes selected through Iterative Bayesian Model
Averaging (Iterative BMA) from a high-dimensional survival dataset. For each gene,
the posterior coefficient and posterior probability percentage are provided.

The posterior coefficient represents the estimated influence of each gene on the sur-
vival outcome. Positive coefficients, such as for X1558999_x_at (0.2455597), indicate a
positive relationship with survival, whereas negative coefficients, such as for X229839_at
(−0.1786791), reflect a negative relationship. The magnitude of the coefficient signifies the
strength of this influence.

The posterior probability percentage indicates the likelihood of a gene being included
in the predictive model. Genes like X1558999_x_at, X229839_at, and X237797_at have
posterior probabilities of 100%, showing strong evidence of their relevance in predicting
survival outcomes. In contrast, genes such as X244434_at (1.4%) and X205908_s_at (3.9%)
have low probabilities, suggesting limited importance in the model.

The variable importance of the 27 selected genes, as presented in Figure 5, specifically
underscores their contribution to predicting the survival outcomes of patients with diffuse
large B-cell lymphoma (DLBCL).
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Figure 5. The variable importance plot for the 27 extracted gene features from DLBCL data.

5.4. Comparison Between the Existing (IBMA) and Proposed (Correlation-Based IBMA) Methods

In this section, we investigate and present the predictive power of the proposed
method (Correlation-Based IBMA) over the existing method (IBMA).

The results in Table 6 compare the performance of these methods using three key
metrics: accuracy, True Positive Rate (TPR), and True Negative Rate (TNN). The Correlation-
Based IBMA method shows a notable improvement across all the performance metrics,
demonstrating its predictive power and effectiveness over the existing IBMA method.

Table 6. Performance comparison of the existing method (IBMA) and Correlation-Based IBMA.

Methods Accuracy (%) TPR (%) TNN (%)

IBMA 87.27 90.32 83.33
Correlation-Based IBMA 94.55 94.44 94.74

Bold values indicate the best performance in each column.

5.5. Comparison with the Parametric Methods

In assessing the influence of the selected genes on patient survival in DLBCL, we
begin by considering parametric survival models [48]. While these models are valuable
in scenarios where distributional assumptions hold, their application may not be suitable
for many real-world datasets. Therefore, we propose an alternative approach by using a
semi-parametric model, specifically the Cox Proportional Hazards (Cox-PH) Model [32].

These chosen models are suitable for DLBCL survival data as they reflect the influence
of gene biomarkers on patient survival. The results from these models will guide clinical
decision-making by identifying biomarkers that influence DLBCL cancer, enabling the
provision of appropriate treatment for patients.

Table 7 summarizes the comparison of different parametric models applied to the
dataset using AIC and BIC as performance measures. Lower values of both AIC and BIC
indicate better model fit.

Based on this comparison in Table 7, the Weibull model has the smallest AIC (70.1692)
and BIC (124.5437), indicating that it provides the best fit to the data. In contrast, the expo-
nential model has the highest AIC (159.9177) and BIC (211.0937) values, making it the least
suitable model.
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Table 7. Comparison within the parametric methods.

Model AIC BIC

Weibull 70.1692 124.5437
Exponential 159.9177 211.0937
Log–normal 133.0065 187.3810
Log–logistic 110.5485 164.9230

Table 8 below presents the comparison between a parametric model (Weibull) and a
semi-parametric model (Cox-PH) using AIC and BIC to assess model performance. Lower
values indicate a better model fit.

Table 8. Comparison between the parametric method and semi-parametric method.

Model AIC BIC

Parametric (Weibull) 70.1692 124.5437
Semi-parametric (Cox-PH) 1450.9680 1498.9450

The parametric Weibull model shows far lower AIC (70.1692) and BIC (124.5437)
values compared to the semi-parametric Cox-PH Model, indicating that it provides a better
fit to the data. Table 2 summarizes the correlation coefficients, P-values, test statistics,
and confidence intervals for 27 genes. The correlation values range from moderate-positive
(e.g., r = 0.3238 for X240898_at) to negative (e.g., r = −0.2524 for X237515_at), reflect-
ing varying strengths and directions of associations between the gene expressions. The
majority of the genes display P-values below the threshold of 0.001, highlighting statisti-
cally significant associations. For instance, X240898_at demonstrates strong significance
(P = 8.75 × 10−6), with a confidence interval of [0.1867, 0.4484], underscoring the robust-
ness of this result. The confidence intervals further affirm the reliability of these findings.
Negative correlations, such as X1558999_x_at (r = −0.2436), have confidence intervals
that exclude zero ([−0.3761,−0.1014]), strengthening the evidence of inverse associations.
These results emphasize the effectiveness of Iterative BMA in identifying significant genes
and characterizing their correlations, offering valuable insights with potential biological
and clinical implications.

The tables presenting the results from the Iterative Bayesian Model Averaging (BMA),
Cox Proportional Hazards Model, and Weibull model provide insights into the significance
of covariates (genes) across different statistical approaches, which can be interpreted
through their p-values.

In the Iterative BMA table, genes are selected based on their posterior probabilities.
A high posterior probability, such as 100% for genes like X1558999_x_at, X229839_at,
and X237797_at, suggests that these genes are highly likely to be relevant for survival
prediction. However, while posterior probabilities indicate the likelihood of relevance,
they do not directly reflect statistical significance. Therefore, a gene with a high poste-
rior probability might not necessarily exhibit a low p-value in the survival models (Cox
and Weibull).

The p-values in the Cox model are crucial for assessing the statistical significance of
each gene’s effect on survival. For example, genes such as X1558999_x_at and X229839_at
have p-values below 0.05, indicating that these genes have a significant impact on sur-
vival. In contrast, genes like X1569344_a_at and X244434_at show higher p-values (e.g.,
0.171501 and 0.796420), suggesting that they do not significantly influence survival. When
comparing the posterior probabilities from the Iterative BMA table with the p-values
from the Cox model, it is evident that, although some genes are selected by BMA with
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high posterior probabilities, they may not all have significant p-values in the Cox model
(e.g., X1569344_a_at).

The Weibull model also uses p-values to determine the significance of each gene’s
association with survival. Low p-values, such as for X1558999_x_at, X229839_at,
and X237797_at, suggest that these genes have a strong and statistically significant re-
lationship with survival. Genes with higher p-values (e.g., X1569344_a_at and X244434_at)
indicate that their effect on survival is weaker or insignificant. Comparing the p-values from
both the Weibull and Cox models, we observe that certain genes, like X1558999_x_at and
X229839_at, are significant in both models, highlighting their importance. However, some
genes that were significant in the Weibull model (e.g., X237797_at) may show weaker sig-
nificance in the Cox model, as demonstrated with X237797_at having a p-value of 0.000324
in the Cox model.

Genes such as X1558999_x_at, X229839_at, and X237797_at appear in both the Iter-
ative BMA selection and exhibit low p-values in both the Cox and Weibull models. This
consistency suggests that these genes are strongly associated with survival and are robust
across different statistical approaches.

On the other hand, genes like X1569344_a_at and X244434_at, despite being selected
in the Iterative BMA process, show higher p-values in the survival models, indicating that,
while they may have been considered relevant during feature selection, their impact on
survival is not statistically significant.

The analysis from Table 5 revealed that the following genes, with 100% poste-
rior probabilities—X1558999_x_at, X229839_at, and X237797_at—which were consis-
tently selected by the Correlation-Based IBMA algorithm, were also found to be statisti-
cally significant in both the Cox-PH and Weibull models’ extended results presented in
Tables 9 and 10. Thus, these genes demonstrated strong predictive potential and main-
tained their importance across different statistical approaches, reinforcing their relevance
for predicting the survival of patients with DLBCL cancer.

Table 9. Extended results of the Cox-PH Model based on the most important genes selected by
Correlation-Based IBMA.

Variable Coef. Exp(Coef.) SE(Coef.) z Pr(> |z|)
X1558999_x_at 0.14290 1.15361 0.04934 2.896 0.003776

X229839_at −0.12788 0.87995 0.04506 −2.838 0.004540
X1553317_s_at −0.14269 0.86703 0.05751 −2.481 0.013093

X240777_at −0.08048 0.92267 0.03849 −2.091 0.036534
X237797_at −0.22207 0.80086 0.06177 −3.595 0.000324

X1569344_a_at −0.04794 0.95319 0.03506 −1.367 0.171501
X244434_at −0.01388 0.98621 0.05381 −0.258 0.796420

X242758_x_at −0.14690 0.86338 0.05369 −2.736 0.006219
X243713_at −0.06560 0.93651 0.04399 −1.491 0.135934
X1557366_at −0.02867 0.97174 0.03960 −0.724 0.469128
X237515_at 0.06234 1.06433 0.04464 1.397 0.162518

X205908_s_at −.06816 0.93411 0.05448 −1.251 0.210914
X237493_at −0.03084 0.96963 0.04571 −0.675 0.499840
X244346_at −0.15775 0.85406 0.05714 −2.761 0.005765
X1563643_at −0.14897 0.86159 0.04811 −3.096 0.001960

Bold values indicate significant genes.

Although some genes, such as X1569344_a_at and X244434_at, were selected by the
Correlation-Based IBMA algorithm but did not exhibit statistically significant p-values
in the survival models, they still contribute to the power of the Correlation-Based IBMA
algorithm by narrowing down the pool of candidate genes. Even if their direct effects
are not immediately evident, these genes may play a role in a broader biological context,



Data 2025, 10, 26 16 of 19

further highlighting the value of the Correlation-Based IBMA algorithm in identifying
potentially important genes.

Table 10. Extended results of the Weibull model based on the most important genes selected by
Correlation-Based IBMA.

Variable Value Std. Error z p-Value

(Intercept) −2.64 × 100 3.54 × 10−1 −7.46 8.4 × 10−14

X1558999_x_at −5.47 × 10−2 2.40 × 10−2 −2.28 2.26 × 10−2

X229839_at 5.65 × 10−2 2.18 × 10−2 2.59 9.6 × 10−3

X1553317_s_at 6.88 × 10−2 2.90 × 10−2 2.37 1.76 × 10−2

X240777_at 3.14 × 10−2 1.87 × 10−2 1.67 9.43 × 10−2

X237797_at 8.45 × 10−2 2.97 × 10−2 2.85 4.4 × 10−3

X1569344_a_at 2.15 × 10−2 1.79 × 10−2 1.20 2.292 × 10−1

X244434_at 1.81 × 10−5 2.66 × 10−2 0.00 9.995 × 10−1

X242758_x_at 3.77 × 10−2 2.60 × 10−2 1.45 1.474 × 10−1

X243713_at 2.98 × 10−2 2.25 × 10−2 1.32 1.864 × 10−1

X1557366_at 1.85 × 10−2 1.99 × 10−2 0.93 3.526 × 10−1

X237515_at −4.82 × 10−2 2.30 × 10−2 −2.10 3.58 × 10−2

X205908_s_at 3.52 × 10−2 2.67 × 10−2 1.32 1.875 × 10−1

X237493_at 1.54 × 10−2 2.27 × 10−2 0.68 4.960 × 10−1

X244346_at 5.83 × 10−2 2.70 × 10−2 2.16 3.10 × 10−2

X1563643_at 7.34 × 10−2 2.46 × 10−2 2.98 2.9 × 10−3

Log(scale) −6.80 × 10−1 6.18 × 10−2 −11.00 < 2 × 10−16

Bold values indicate significant genes.

6. Conclusions
This study highlights the effectiveness of the proposed Correlation-Based IBMA al-

gorithm in enhancing predictive accuracy within high-dimensional microarray datasets.
Through the use of filtering and wrapping techniques, Correlation-Based IBMA efficiently
isolates a small subset of significant predictor genes, simplifying complex datasets and
making it a cost-effective and practical tool for clinical diagnostics.

The filtering process ensures that only those predictors that meet predefined selection
criteria are included, thereby improving model precision by excluding less impactful or
redundant variables based on correlation-based statistical measures. On the other hand,
the Iterative Bayesian Model Averaging (IBMA) method, derived from machine learning
techniques used for classification tasks, leverages BMA’s multivariate capabilities to address
model uncertainty. This integration makes it particularly effective for extracting predictive
genes from high-dimensional biological datasets.

Interestingly, the proposed Correlation-Based IBMA algorithm demonstrates greater
stability in gene selection compared to regularization methods such as COX-LASSO. By re-
peatedly applying the algorithm with the same threshold, the gene selection process yields
consistent and reliable results. This stability underscores the robustness and reliability of the
Correlation-Based IBMA algorithm as a method for gene selection in comparative studies,
offering notable advantages in accuracy and reproducibility over regularization techniques.

Moreover, we compared the results of parametric Weibull and semi-parametric Cox-
PH Models using the 15 selected genes. The results revealed that the parametric Weibull
model outperformed the semi-parametric Cox-PH Model, as evidenced by its lower Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC) values. Although the
Weibull model demonstrated a better fit to the DLBCL data, the same number of significant
genes were identified by both models, with only one difference in the specific significant
genes (see Tables 9 and 10).
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Finally, the performance of the Correlation-Based IBMA approach was demonstrated
using diffuse large B-cell lymphoma (DLBCL) cancer data. However, it is important to
validate the findings across other types of cancers and datasets. Testing the Correlation-
Based IBMA method on a variety of cancer types (e.g., breast cancer and lung cancer) and
datasets (e.g., RNA-Seq and clinical trial data) would help to ensure its generalizability and
robustness in predicting patient survival across diverse conditions.
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