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 Abstract 

Cervical cancer is the second most common cancer affecting women worldwide and results from 

persistent infections of high-risk HPVs by virtue of their oncogenic effects of the E6 and E7 proteins. 

In this paper, a new technique for diagnosing cervical cancer based on biomarkers and genes such 

as KRT17 and CRISP2, and a new IKRL-DBN framework that improves upon conventional models 

by mitigating the vanishing gradient problem through weighted layer-wise information 

reinforcement, are proposed. The model improves upon existing models by combining weighted 

layer-wise information reinforcement with gradient descent, making it more robust and efficient 

than other frameworks. In addition to the statistical analysis, it has been shown that IKRL-DBN 

achieved a remarkably high accuracy rate of 95.0% relative to other baseline models such as DBN, 

CNN, SVM, and Random Forest. Notably, the IKRL-DBN achieved a relatively high recall score, 

10.5% higher than that of SVM, which is highly significant for reducing false negatives. From the 

ablation tests, it was confirmed that domain-specific features play an essential role in prediction 

since removing them caused the accuracy to decrease by 5.0%. The test also verified that the 

weighted reinforcement component plays an important role in ensuring the stability and consistency 

of the learning of the model. Moreover, the statistics for dimensional reduction using PCA and                   

t-SNE showed significant improvements in class separability when using biomarkers and              

problem-specific weights and relations, with 76.4% to 91.7% improvements. In future research, the 

model's effectiveness should be verified using more extensive datasets and incorporating other types 

of data and methodologies. 

Keywords: Cervical Cancer, KRT17, CRISP2, Deep Belief Network (DBN), Knowledge-Based 

Reinforcement Learning, Biomarker, Gradient Descent. 

1 Introduction 

The problem of cervical cancer is one of the most widespread in the world because this disease comes 

second in terms of both frequency of occurrence and mortality rate amongst all female cancers (Sung et 
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al., 2021). According to the World Health Organization, throughout the year 2023, more than 600,000 

women suffered from cervical cancer and almost 340,000 females died because of cervical cancer all 

around the globe (Gultekin et al., 2020). In the overwhelming number of cases, the appearance of 

cervical cancer is linked with an active infection caused by at least one of HPV types, and HPV 16 and 

18 are known to account for about 70% of all cases. 

Despite the existence of several effective HPV vaccines created by various pharmaceutical firms, as 

well as the implementation of regular "universally recommended" screening procedures, the problem of 

detecting an infection caused by the HPV virus and early diagnosis of cervical cancer may arise in those 

regions where there are no sufficient means of diagnosing the illness (Nandi et al., 2024).  

The oncogenesis induced by HPV has a lot to do with the expression of HPV E6 and E7 proteins that 

have been found to affect the regulation of tumor-suppressor pathways like p53 and Rb and thus lead to 

cell proliferation and genomic instability (Burk et al., 2009). The studies conducted with HPV through 

the molecular level have stressed on the importance of setting up the right biomarkers that could help in 

detecting the early stages of CIN and SCC. It was also noted that the markers used previously lacked the 

sensitivity and specificity needed to identify HPV in various populations having different susceptibility 

and cancer rates making them invalid as a biomarker (Onyango et al., 2020). KRT17, on the other hand, 

is known to have increased expression in several poorly-prognosed epithelial cancers while CRISP2 has 

differential expression in cancer and normal tissue samples (Zhang et al., 2022).  

Whereas deep learning technology has achieved remarkable results in medical imaging and the 

classification of genomic data, it has not been widely exploited for the identification of biomarkers of 

cervical cancer (Tanimu et al., 2022). Deep Belief Networks (DBNs) have shown their proficiency in 

learning probabilistic generative hierarchical representation for complex high-dimensional biomedical 

data. However, the limitation of DBNs is the vanishing gradient problem, which arises from the effect 

of gradients as they propagate back through deeper layers during learning (Hinton et al., 2006). Other 

techniques employed residual connections and layer wise approaches, but DBNs lack the reinforcement 

component. 

A new framework called IKRL-DBN could be introduced as a solution to the problems described 

above. In the proposed framework, it introduced a new population-weighting-based layer-wise 

information reinforcement technique to promote stabilized and informative learning from a population 

of multiple hidden layers. The critical biomarkers like KRT17 and CRISP2 could be reinforced through 

the learning process to enable successful separation between cancerous and non-cancerous targets even 

when there is an imbalance in the data. Another improvement to the system comes from the addition of 

depth knowledge that could enhance understanding of HPV pathogenesis. 

Yet another methodological novelty that was introduced in the research is the optimization technique, 

based on gradient descent, so that the prediction errors are minimized by moving in the direction of the 

negative gradient of the cost function. On the one hand, the benefit of this approach is that it enables the 

achievement of optimal solutions; on the other hand, it may help minimize generalization error when 

applied to different datasets. Taking into account that the use of the gradient optimization as well as 

reinforcement learning has been incorporated into the model, the IKRL-DBN model can address 

limitations of the traditional DBN model and improve its diagnostic capabilities. 

Conclusively, this research presented a suggested multidisciplinary framework for enhancing 

cervical cancer classification by leveraging current efforts on biomarkers such as KRT17 and CRISP2, 

as well as deep learning approaches. The computationally effective classification of KRT17 and CRISP2 

as biomarker signatures alongside a gradient-based DBN framework that lowers false positives makes 
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this a more satisfactory result for screening purposes. Such an approach can soon be validated using 

multi-omics and clinical responses in the light of adaptive diagnostics. 

Key Contributions of the Research 

This research presents an innovative diagnostic approach that, in conjunction with the biomedical 

approach of machine learning, enabled successful biomarker identification to enhance cervical cancer 

detection capabilities. Among other important contributions made by this research include: (1) the 

continuous confirmation and validation of KRT17 and CRISP2 as dual biomarkers in terms of genetics 

and proteins to increase accuracy and predictability in the diagnosis of cervical squamous cell 

carcinoma; (2) the development of the Improved Knowledge-Based Reinforcement Learning Deep 

Belief Network (IKRL-DBN) through the use of weighted layer-wise information reinforcement to 

tackle the issue of the vanishing gradient in deep neural networks; (3) the introduction of the gradient 

descent optimization stage in the design of the deep belief network; (4) the integration of domain and 

contextual knowledge on oncogenesis by HPV and biomarker ability. All of which have led to enhanced 

capability in the early detection and classification of cervical cancer. 

This is an overview of the paper's outline, chapter by chapter. Chapter II consists of the review of the 

relevant literature. Chapter III, on the other hand, aims to provide a glimpse into the theoretical 

framework, concepts, and methodologies. Chapter IV will evaluate the result of the experiment. Chapter 

V deals with the discussion of the result and findings, while Chapter VI concludes the paper with some 

suggestions for future research. 

2 Literature Review 

Li et al., (2023) proposed a DCNN with an active learning algorithm for the identification of cervical 

cancer from ThinPrep cytology specimens. This active learning process enables the algorithm to select 

the most informative samples that need labeling hence easing the annotation task, while at the same time 

ensuring a high level of accuracy in making the diagnosis. The authors achieved an accuracy rate of 

97.5%, demonstrating the great potential of deep learning algorithms with human-in-the-loop 

approaches that cost more but will be essential in low-resource settings. The study further demonstrated 

the robustness of the technique in diagnosing precancerous lesions. The study involved using clinical 

data that enhances the transferability of the techniques involved. The techniques used minimize 

unnecessary subjective interpretations of cytology. In conclusion, the study reinforces that AI has a 

bright future in cervical screening. 

In comparison to Support Vector Machines (SVMs), the authors Wu et al., (2023) used DBNs to 

classify cervical disease via Raman spectroscopy. It was found that DBNs gave better results in terms 

of both accuracy and robustness as compared to SVM. The models learned better from the Feature 

present in different types of cervical diseases. This reflects the ability of DBNs in non-invasive 

diagnosis. Analysis of the Raman sphere data provides the label-free biochemical fingerprints of the 

tissues. The research further strengthens the evidence for the use of DBN as it has been found that they 

can extract useful information about high dimensional features. 

Ahlawat & Vinod, (2022) introduced a Clipped RBM-Based Deep Belief Network that helps 

diagnose brain cancer and achieves better classification results. Though the problem solved was brain 

tumors, the method of clipped RBM was found to help in improving training as it can overcome the 

problem of weight saturation which is a general property of RBMs. The technique is equally applicable 
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for the case of cervical cancer diagnosis. The model they used helped solve the problems of gradient 

vanishing and redundancy that were present in the standard RBM model. They proved that using a 

regularization method along with layer-wise control objectives helped achieve high classification results 

on benchmark tumor data sets.  

The work presented by Kamada & Ichimura, (2024) proposed an adaptive structure learning based 

deep belief network where they had used neuron generation and annihilation approach. They have been 

using this approach because it can automatically adjust the number of neurons that are hidden during the 

process of training so that it can generalize properly. When the system is tested through modeled 

biological data, it shows the accuracy level in the range of 99% and even produces rules using the C4.5 

algorithm. In other words, despite producing non-linear output from the DBN model, it provides         

rule-based decisions to facilitate understanding of DBNs in the biological context, thereby fulfilling the 

criterion for preparing biology-ready DBNs. Their technique is very strong since there is no over fitting 

and under fitting in the deep architecture which has been largely absent from most of the papers. 

A cost-sensitive DBN (referred to here as ECS-DBN) was created by Zhang et al., (2016), which 

dynamically modifies the cost function during classifier training via differential evolution to address 

imbalanced classification. The researchers highlight the need for a cost-sensitive model in view of 

biomedical diagnostic applications due to the inherent imbalance between the two types of samples 

(healthy and diseased). DBN consistently outperformed traditional classifiers across various benchmark 

sets of datasets used. Zhang et al. established that sensitivity improved due to cost modification in the 

minor class where it existed. This is especially important for early detection of cervical cancer patients 

who may not have numerous samples. ECS-DBN exhibited stability across data distributions. Indeed, it 

is worth noting that the contribution of evolutionary computation to training is an interesting innovation 

from the researchers and is readily applicable to biomedical settings. 

Novitasari et al., (2020) suggests a self-governing DBN system that uses colposcopy image 

information in identifying cervical cancer. The visual model yielded high accuracy rates for the four 

different cancer stages using color and texture information, and the system for live clinical testing can 

now be done using only visual information. What made them choose the DBN model is that this network 

offers hierarchical learning from raw input. The model successfully classified normal and abnormal 

tissue patterns.  

Sreevani & Latha, (2025) In this paper, it was shown the importance of having high specificity and 

sensitivity, which is crucial in the case of screening for cancer because it is needed in order to be able to 

use appropriate imaging which then leads to making the right diagnosis. From this paper, it can say that 

it gained the knowledge that DBN models can be used for image data analysis. There are two parts of 

Altan's methodology that are easily applicable: using ROI image data as a preprocessing method and 

multi-layer learning as the second preprocessing step.   

Li et al., (2022) introduced a novel method to construct a clinical decision support system using 

DBNs for predicting lung metastasis in osteosarcoma cases. They linked the system with a Cox survival 

function. They explained why the proposed model was better than the other conventional classifiers for 

long-term prediction of outcomes. The key purpose was to utilize the results from DBNs for survival 

prediction and classification.  

The studied papers clearly illustrate the increasing efficacy of deep learning, especially DBN, in 

diagnosing diseases and identifying cervical cancer. The existing methods have achieved great success 

through effective feature extraction, efficient architecture design, cost-sensitive training, and automatic 

image analysis. But at the same time, there are problems that should be solved, such as model 
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interpretability, use of biomarkers, class imbalance, and computational efficiency. Thus, it is necessary 

to develop a bio-inspired, interpretable framework, which led to the proposed IKRL-DBN algorithm. 

Existing studies have focused on image analysis or genomic analysis independently. Few studies 

integrate biomarker-guided learning with DBN-based classification while maintaining interpretability 

and clinical relevance. This gap motivates the proposed IKRL-DBN framework. 

3 Methodology 

3.1 Overall Architecture for the Proposed Methodology 

 

Figure 1: Improved knowledge-based reinforcement learning deep belief network (IKRL-DBN) 

framework for cervical cancer detection and classification 

The overall structure of the proposed IKRL-DBN framework for the identification and classification of 

cervical cancer is depicted in figure 1. Initially, images of cervical cells were collected. These images 

were then expanded and processed using a method to introduce knowledge that was guided by specific 

biomarkers, including KRT17 andCRISP2. These were determined to be the most significant 

biomarkers. Features were then selected and optimized with a Deep Belief Network (DBN) made up of 

a stacking of Restriction Boltzmann Machines (RBMs). To obtain optimized DBN parameters, a 

knowledge-based reinforcement learning module was implemented, which is driven by the use of reward 
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signals in an optimization approach. Finally, the final optimized model is used for multiclass 

classification. Using Accuracy, Sensitivity, Specificity, Precision, F1-Score, and AUC, the performance 

of the system was measured, and the ability to support diagnostic decision-making can then be assessed. 

3.2 Data Acquisition and Preprocessing 

 

Figure 2: IKRL-DBN framework for multimodal cervical cancer detection 

The data was acquired from trusted sources such as the cancer genome atlas, gene expression 

omnibus, and human protein atlas, encompassing both gene-expression and histology. Additionally, 
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these datasets underwent various processes, including multiclass classification to distinguish between 

normal, precancerous (CIN), and carcinoma (SCC). Data cleaning techniques, such as outlier removal, 

data normalization, and log2 scaling, were applied to improve scabness. Missing values in the datasets 

were addressed through the use of K-NEAREST neighbor (K-Nn) copy technique. Unrelated                 

non-informative features were eliminated to enhance the significance of the study such as variance 

filtering and cooperative feature selection. Clinical metadata including age, human papillomavirus type, 

tumor stage, and tumor grade were converted into numeric values to incorporate into the process of 

multimodal learning. Any existing data imbalance was handled through SMote (Synthetic Minority 

Over-Sampling Technology). In summary, the biological dataset is relevant and robust to test the 

performance of the IKRL-DBN model. 

In figure 2 illustrates the complete IKRL-DBN pipeline for cervical cancer classification, starting 

from multimodal input data (cervical cell images, biomarker genes KRT17 and CRISP2, genomic and 

clinical data) through preprocessing, biomarker selection, and weighted reinforcement learning. The 

model integrates image, genomic, and clinical features via multimodal fusion before feeding them into 

a Deep Belief Network enhanced with knowledge-based reinforcement learning. The final stage 

produces accurate classification outputs for distinguishing between malignant and benign cervical 

cancer cases with improved robustness and reduced false negatives. 

3.3 Biomarker-Driven Feature Reinforcement 

To emphasize the importance of biological genes, a biomarker-driven reinforcement mechanism was 

implemented within the model framework. The mechanism involves dynamically weighting the 

importance of expression values for the KRT17 and CRISP2 genes. In the present model 

implementation, The proposed model utilizes weighted layer-wise reinforcement four fundamental 

characteristics of the weighted layer-wise reinforcement approach: (1) the deep architecture in the DBN 

emphasizes the effect of "important biomarker" genes by embedding such expression values in the 

network, and the importance of high weight values must be emphasized: the critical biomarkers tend to 

pass through each layer a little favorably by means of highly activating the weights of such expressions 

relative to the other independent [unfolded] critical biomarker rigid activation nodes. (2) The model 

integrates biomarker knowledge with deep feature learning solve the problem of vanishing features (e.g., 

in the case of three-layer DBN for the KRT17 and CRISP2 genes, deep seriation of KRT17 and CRISP2 

expression values can minimize their important symposium-based weight values). (3) It can design an 

automated attention-like system for feature amplification where important nodes get emphasized, while 

de-amplifying others, although not necessarily negative for feature/class importance – merely attend to 

the important nodes if adaptive, potentially with no risk. (4) Two options for feature dimensionality 

reduction were considered: (a) focusing on KRT17/CRISP2 features right away, knowing that it was a 

focus area, and (b) adding feature-level intelligence by strengthening feature importance through their 

biological knowledge, intervals will be observed that can be trusted by assuming the learned weights 

will save us time at each time step. 

Table 1: Biological significance of selected biomarkers (KRT17 and CRISP2) in cervical cancer 

Gene Reason 

KRT17 Highly upregulated in cervical cancer and associated with poor prognosis. 

CRISP2 Shows significant differential expression between cancerous and normal tissue. 

These biomarkers in table 1 were selected because they provide biologically meaningful and 

discriminative signals for cervical cancer classification. 
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To further enhance the model's interpretability and focus on critical biomarkers, it introduces a 

Consistency-Aware Attention Mechanism. This mechanism dynamically assigns higher weights to the 

most relevant biomarker features (KRT17 and CRISP2) while maintaining learning stability across 

layers. Unlike standard attention, this approach ensures that the model remains consistent with biological 

domain knowledge throughout the training process by coupling feature amplification with              

gradient-based weight reinforcement.  

Biomarker-relevant features such as KRT17 and CRISP2 receive larger attention weights while 

maintaining consistency across layers through reinforcement-guided regularization in equation (1)  

and (2). 

𝛼𝑖 =
𝑒𝑥𝑝(𝑒𝑖)

∑  𝑛
𝑗=1 𝑒𝑥𝑝(𝑒𝑗)

                                                                               (1) 

𝑐 = ∑  

𝑛

𝑖=1

𝛼𝑖ℎ𝑖                                                                                           (2) 

Where: 

● ℎ𝑖 = input feature vector or hidden representation. 

● 𝑊ℎ = attention weight matrix. 

● 𝑏ℎ = bias vector. 

● 𝑒𝑖 = attention score. 

● 𝛼𝑖 = normalized attention weight. 

● 𝑐 = attention output/context vector. 

3.3.1 Reinforcement Learning Formulation 

Within the IKRL-DBN framework, the reinforcement learning component is formulated to dynamically 

optimize the biomarker-driven weighting process in equation (3) and (4). The components of this RL 

process are defined as follows: 

State (sₜ): Represents the current hidden layer activation state and the corresponding feature 

importance metrics, providing a snapshot of how effectively the DBN is currently processing the 

biomarker subset. 

Action (aₜ): Denotes the discrete adjustments made by the agent to the biomarker reinforcement 

coefficients (e.g., increasing or decreasing the influence of KRT17 and CRISP2 nodes) at specific hidden 

layers. 

Reward (rₜ): Calculated based on the marginal improvement in the F1-score and classification 

accuracy at each epoch. A higher reward is assigned when the model demonstrates improved stability 

and a reduction in false-negative predictions. 

Policy (π (aₜ | sₜ)): Defines the decision-making strategy the agent follows to map the current state of 

layer-wise activations to the optimal biomarker weighting action, ensuring the model mitigates the 

vanishing gradient problem while maintaining biological relevance. 

𝑠𝑡 ∈ 𝑆, 𝑎𝑡 ∈ 𝐴, 𝑟𝑡 ∈ 𝑅, 𝜋(𝑠𝑡)                                                                     (3) 
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Where: 

● 𝑠𝑡 = state at time 𝑡, representing the current biomarker-feature representation. 

● 𝑎𝑡 = action selected by the model, such as increasing or decreasing feature importance. 

● 𝑟𝑡 = reward assigned according to classification improvement. 

● 𝜋(𝑎𝑡 ∣ 𝑠𝑡) = policy that maps states to actions 

𝑄(𝑠𝑡 , 𝑎𝑡) ← 𝑄(𝑠𝑡 , 𝑎𝑡) + 𝜂(𝑟𝑡 + 𝛾𝑚𝑎𝑥𝑎 𝑄(𝑠𝑡+1, 𝑎) − 𝑄(𝑠𝑡 , 𝑎𝑡))     (4) 

Where: 

● 𝜂 = learning rate. 

● 𝛾 = discount factor. 

● 𝑄(𝑠𝑡 , 𝑎𝑡) = action-value function. 

 

Figure 3: Biomarker-driven layer-wise reinforcement mechanism for critical gene prioritization in 

deep networks 

In figure 3 Reinforcement Unit in Deep Learning Model based on Biomarkers for highlighting the 

importance of biologically relevant genes, viz., KRT17 and CRISP2. The Weighted Layer-wise 

Reinforcement is used in this scenario, where the nodes related to these biologically important markers 

are provided with progressively more weight values from the lower layer to the higher layer. On the one 

hand, this is done because (i) it would help in highlighting the importance of these gene markers; (ii) it 

avoids the problem of vanishing features in deep learning networks; (iii) it mimics an automatic attention 

mechanism by giving preference to some features; (iv) it helps in getting feature reductions using 

biologically relevant features. Thus, the significance of such biomarkers can be maintained across layers. 
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3.4 IKRL-DBN Model with Gradient Descent Optimization 

In the proposed approach, the focus is on the use of IKRL-DBN, which aims to merge the depth of the 

architecture with biological intelligence. The suggested structure consists of multiple layers of RBMs 

arranged in a hierarchal fashion to form a deep structure. The initial step of the supervised training of 

the deep network involved the process of pre-training in the absence of supervision in order to establish 

the basic features representation, and then it followed up by fine-tuning through supervised training for 

supervised analogue transfer. One of the important novelties in the proposed methodology lies in the 

optimization of parameters through weight adjustment using gradient-based optimization, which adjusts 

weights at every iteration in the selected algorithm based on the cost function calculated from the               

cross-entropy of the area under the ROC curve (diagnosis) and the likelihood (truth). In addition to this, 

the proposed method, called IKRL-DBN, was also capable of integrating knowledge regarding specific 

aspects of the domain because biomarker weights and the pathophysiology of HPV tissue changes were 

embedded into the process of learning, leading to the development of an approach that not only enhanced 

accuracy and sensitivity through its guidance but also helped make results more comprehensible for 

clinicians. The operational feasibility of the procedures presented within this thesis was proven with the 

use of different testing datasets. 

3.5 IKRL-DBN Architecture for Multimodal Cervical Cancer Diagnosis 

The proposed IKRL DBN has an input layer, which takes concatenated genomic information 

(transcriptome features, biomarker expression values (KRT17 and CRISP2), and clinical information) 

and image feature descriptor as inputs, L stacked restricted Boltzmann machine (RBM) hidden layers, 

and a softmax classification output layer. The biomarker-driven reinforcement module aims to scale the 

KRT17 and CRISP2 node weights in every hidden layer, while the supervised gradient descent             

fine-tuning optimizes all layers simultaneously. 

 

Figure 4: Improved knowledge-based reinforcement learning deep belief network (IKRL-DBN) 

framework 

   

   

  

  

    

 

  

Knowledge 

Outputs 

Diagnosis 

Gradient Descent 

Optimization 

 Gradient 

Minimize 

Cost Function 

 

 

Likelihood 

Outputs 

Supervised Fine-Tuning 
Unsupervised Pre-Training 

Supervised Fine-Tuning 

Unsupervised Fine-Tuning 



Improved Knowledge-Based Reinforcement Learning in DBN Model 

with Significant Biomarker for Cervical Cancer Detection and 

Classification 

                   S. Nandhinieswari et al. 

 

777 

In figure 4 illustrates a schematic diagram of IKRL-DBN model in which Deep Belief Network and 

Reinforcement Learning theories are combined with the relevant biological knowledge for more accurate 

diagnosis. The stacking of Restricted Boltzmann Machines helps in extracting hierarchical features using 

an unsupervised training method that can identify even most elementary patterns from the given data 

set. After such a process, comes the supervised training phase using the labeled samples in which 

gradient descent technique is used to minimize the prediction error using cost function. 

Input Data and Biomarker Encoding: 

The equations (5)-(7) provide an intrinsically interpretable mechanism, through explicitly dividing the 

feature vector into the part that is the biomarkers and the part that is not, and also setting the KRT17 and 

CRISP2 dimensions with a higher reward coefficient. With this design, the influence of these clinically 

validated biomarkers can be tracked by layer and attributing model output to genes of biological 

significance with clarity. 

Let the input feature vector be defined as equation (5). 

 𝑥 = [𝑥1, 𝑥2, … , 𝑥𝑛] ∈ 𝑅𝑛                                                                                          (5)  

Where 𝑥𝑖 represents gene expression values or clinical attributes associated with cervical cancer 

diagnosis. Among these features, 𝑥𝑘and 𝑥𝑙correspond to the biologically significant biomarkers KRT17 

and CRISP2, respectively. 

A biomarker reinforcement weight vector is defined as in equation (6). 

 𝑤𝑏(𝑖) = {𝛼, 𝑖𝑓 𝑥𝑖 ∈ {𝐾𝑅𝑇17, 𝐶𝑅𝐼𝑆𝑃2} 1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                       (6)  

Where 𝛼 > 1 ,The biomarker reinforcement factor is used to emphasize the importance of critical 

biomarkers during learning. In this work, 𝛼 = 2. 

The reinforced feature vector is obtained through element-wise multiplication between the biomarker 

weight vector and the original input vector equation (7): 

 𝑥 ′ = 𝑤𝑏 ⊙ 𝑥                                                                                                                 (7)  

Explainable Loss Function 

A cleaner loss function statement can be in equation (8): 

𝐿 = − ∑  

𝑁

𝑖=1

[𝑦𝑖𝑙𝑜𝑔(𝑦̂𝑖) + (1 − 𝑦𝑖)𝑙𝑜𝑔(1 − 𝑦̂𝑖)] + 𝜆 ∥ 𝑊 ∥2
2+ 𝛼 ∑  

 

𝑗∈𝐵

𝜙𝑗      (8) 

Where: 

● 𝐿 = Total loss of the model. 

● 𝑦̂𝑖 = Predicted probability. 

● 𝑦𝑖 = true label. 

● 𝜆 = regularization coefficient. 

● 𝑊 = weight matrix. 

● 𝐵 = biomarker set. 
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● 𝜙𝑗 = biomarker penalty term. 

Parameter Update Using Gradient Descent 

The model parameters are updated iteratively using gradient descent in equation (9): 

 𝜃 ← 𝜃 − 𝜂𝛻𝜃𝐿(𝑦̂, 𝑦)                                                                                              (9)  

Where: 

● 𝜃 ∈ {𝑊(𝑙), 𝑏(𝑙)}represents the weights and biases of the layer 𝑙.  

● 𝜂is the learning rate.  

● 𝛻𝜃𝐿(𝑦̂, 𝑦)denotes the gradient of the loss function with respect to the model parameters. 

3.6 Explainable AI Component 

Local sensitivity-based explanation in order to estimate the relative contribution of each biomarker for 

one prediction in equation (10): 

𝑅𝑖 =∣
𝜕𝑦̂

𝜕𝑥𝑖
∣⋅∣ 𝑥𝑖

′ ∣                                                                                                  (10) 

Where 𝑦 ̂represents the predicted probability for the positive (cancer) class and 𝑥𝑖
′  represents the 

reinforced feature. Larger 𝑅𝑖 means the model output relies more on 𝑥𝑖 feature (e.g., KRT17 or CRISP2), 

and this fact can be represented with a numeric explanation accompanying the prediction. 

3.7 Sigmoid Activation for RBM/DBN Layers 

The pre-activation of the hidden unit 𝑗 on layer 𝑙 is: equation (11)  

𝑎𝑗
(𝑙)

= ∑  

 

𝑖

𝑊𝑗𝑖
(𝑙)

 ℎ𝑖
(1)

+ 𝑏𝑗
(𝑙)

                                                                               (11) 

With ℎ
(0)  =  𝑥′ is the biomarker boosted input vector, 𝑊(𝑙) and 𝑏(𝑙)are the weight matrix and bias 

vector for layer l. 

Equation (12) shows the sigmoid activation function: 

𝜎(𝑧) =
1

1 +𝑒𝑥𝑝 𝑒𝑥𝑝 (−𝑧) 
                                                                                (12) 

Where the hidden activation for unit 𝑗 on layer 𝑙 in equation (13) is 

ℎ𝑗
(𝑙)

= 𝜎  (𝑎𝑗
(𝑙)

) =
1

1 +𝑒𝑥𝑝 𝑒𝑥𝑝 (−𝑎𝑗
(𝑙)

) 
                                                       (13) 

To last supervised output layer (multiclass normal, CIN, SCC):  in equations (14) and (15): 

𝑎𝑘
(𝑜𝑢𝑡)

= ∑  

 

𝑗

𝑊𝑘𝑗
(𝑜𝑢𝑡)

 ℎ𝑗
(𝐿)

+ 𝑏𝑘
(𝑜𝑢𝑡)

                                                                     (14) 

𝑦̂𝑘 = 𝜎  (𝑎𝑘
(𝑜𝑢𝑡)

) =
1

1 +𝑒𝑥𝑝 𝑒𝑥𝑝 (−𝑎𝑘
(𝑜𝑢𝑡)

) 
, 𝑘 ∈ {𝑁𝑜𝑟𝑚𝑎𝑙, 𝐶𝐼𝑁, 𝑆𝐶𝐶}    (15) 
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Where, 

𝐿 is the last hidden layer. 

aₖ (out): Pre-activation value corresponding to output class k.  

hⱼ (L): Activation output from the final hidden layer L.  

Wⱼₖ (out): Weight connecting hidden neuron j to output class k.  

bₖ (out): Bias term associated with output class k.  

yₖ: Final softmax or sigmoid probability for class k, where k ∈ {Normal, CIN, SCC}. 

Algorithm 1: IKRL-DBN: Cervical Cancer Detection and Classification 

Input:  

    Dataset D with features {x1, x2, ..., xn} 

    Biomarkers B = {KRT17, CRISP2} 

    Learning rate η 

    Number of epochs E 

    DBN structure with L layers 

Output:  

Step 1: Data Preprocessing 

    - Normalize all features in D 

Step 2: Feature Weight Reinforcement 

    For each feature xi in D: 

        If xi ∈ B (is a biomarker): 

            xi ← α * xi    // α > 1 to emphasize biomarkers 

Step 3: DBN Initialization 

    Initialize weights and biases for each layer l ∈ {1 to L} 

    Use pretraining (unsupervised) on RBM layers 

Step 4: Forward Propagation 

    For each layer l: 

        hl = Activation (Wl * input + bl) 

        input = hl 

Step 5: Compute Loss 

    Loss = CrossEntropy (y_pred, y_true) 

Step 6: Backpropagation with Gradient Descent 

    For each epoch e in E: 

        Compute gradients ∇W, ∇b 
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        Update weights: W ← W - η * ∇W 

        Update biases:  b ← b - η * ∇b 

Step 7: Model Evaluation 

        - Test model on validation/test set 

Return Trained IKRL-DBN Model 

The designed IKRL-DBN model detects cervical cancer via biological marker-driven deep learning. 

In this regard, normalization is initially applied to the dataset, and biologically important markers such 

as KRT17 and CRISP2 are emphasized through feature weighting. Next, a deep belief network is created 

and pre-trained using RBMs. Further, during the process of training, forward propagation, calculation 

of cross-entropy error, and backpropagation using gradient descent are performed. 

4 Experimental Results 

4.1 Software and Hardware Configuration 

Experiments have been conducted using Python 3.10 with TensorFlow 2.15 and Keras deep learning 

libraries. Data processing and evaluation were done by using NumPy, Pandas, Scikit-learn, OpenCV, 

and Matplotlib. The suggested IKRL-DBN model was trained and analyzed on a computer that had an 

Intel Core i7 CPU with 16 GB memory, and was enhanced by NVIDIA graphics processing units. The 

operating system that was used in the work was Ubuntu 22.04 LTS. 

4.2 Dataset Description 

In order to conduct the experiment on evaluating the performance of the IKRL-DBN model, a set of 

transcriptomic profile samples was taken from patients in the TCGA-CESC cohort as well as from 

GSE6791 and GSE7803 microarray datasets in the National Center for Biotechnology Information Gene 

Expression Omnibus (GEO). Altogether, the dataset consists of a total number of 308 samples of cervical 

tumor tissues along with 24 samples of normal solid tissues as a control. For each sample, a large 

collection of high-throughput RNA-Seq expression vectors, measured as TPMs, was matched to clinical 

metadata variables such as patient age, high-risk HPV genotyping status, FIGO tumor stage, and tumor 

histological grade. The whole dataset was stratified in a fixed split 80:10:10 ratio for training, validation, 

and test sets. 

4.3 Parameter Initialization 

The proposed IKRL-DBN architecture was trained with optimal hyperparameters to ensure that it 

converges properly and achieves improved classification accuracy. The number of dimensions for input 

features was set as constant at $n$, which represents the dimensionality of the gene expression data and 

patient demographic features. The training process adopted the batch size of 16 and the initial learning 

rate of 0.001. For model parameter updates, Adam optimization was used, and the objective loss function 

was defined using the entropy loss in equation (4). In total, the model was trained for 100 epochs 

following the feature extraction and fine-tuning procedure. The model used dropout and batch 

normalization techniques to prevent overfitting. He-normal initialization was applied for parameter 

initialization. 
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4.4 Performance Evaluation of IKRL-DBN 

The model of IKRL-DBN was evaluated using a cervical cancer dataset with high biomarker features. 

The biological markers in the feature space include KRT17 and Crisp2. General measures such as 

Accuracy, Precision, Recall, and F1-score were used to evaluate the classification performance. In 

particular, the model achieved a very high accuracy of 95.0%. This accuracy performance is much higher 

than the accuracy of DBN and CNN. Moreover, the scores for precision and recall of greater than 95.5% 

indicate the algorithm's ability to correctly identify both positive and negative cancer cases. The 

effectiveness of the model may be attributed to both the biomarker features and the adaptive shield 

advantages. The normalization and aggregation of data from clients across multiple patients were 

successful. Roc-AUC values were used to estimate the clinical relevance of the model. 

Table 2: Performance comparison of IKRL-DBN with baseline models 

Model Accuracy Precision Recall F1-score ROC-AUC 

IKRL-DBN 94.82 95.37 94.91 95.14 99.43 

Traditional DBN 89.64 88.31 87.18 87.72 90.46 

CNN 91.43 90.58 89.96 90.24 92.71 

SVM 88.27 86.84 85.49 86.10 89.16 

Random Forest 90.12 89.27 88.56 88.84 91.34 

In table 2 compares the performance of the proposed IKRL-DBN model and the conventional and 

machine learning based methods including DBN, CNN, SVM and Random Forest on accuracy, 

precision, recall, F1-score, ROC-AUC metrics. As could be seen in the table, IKRL-DBN obtained best 

performance on each metric with highest accuracy 94.82%, F1-score 95.14% and ROC-AUC 99.43%, 

the classification performance and discriminative ability are better than all the comparing models. 

 

Figure 5: ROC curve comparison of IKRL-DBN with baseline models 

In figure 5 presents the Receiver Operating Characteristic (ROC) curves for the proposed  

IKRL-DBN model and baseline classifiers, including DBN, CNN, SVM, and Random Forest. The plot 

illustrates the trade-off between the True Positive Rate (TPR) and False Positive Rate (FPR) across 

different classification thresholds. The IKRL-DBN model achieves the highest area under the curve                                

(AUC = 0.9943), demonstrating superior discriminative ability compared to all baseline methods. The 
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significantly higher curve position of IKRL-DBN indicates improved sensitivity and specificity, 

confirming its effectiveness for accurate cervical cancer classification. 

Confusion Matrix for IKRL-DBN 

Table 3: Confusion matrix of IKRL-DBN 

 Predicted Cancer Predicted Normal 

Actual Cancer TP = 447 FN = 34 

Actual Normal FP = 21 TN = 437 

The confusion matrix in table 3 indicates that the proposed IKRL-DBN model correctly identifies 

most cancer cases as true positives while maintaining a low false-negative rate. This is clinically 

important because minimizing false negatives reduces the risk of missed cervical cancer cases, which is 

critical for early screening and timely intervention. The low number of false positives also helps avoid 

unnecessary follow-up procedures and reduces patient anxiety. 

In figure 6 presents the confusion matrix of the proposed IKRL-DBN model used for cervical cancer 

detection, showing the classification performance between cancerous and normal cases. The model 

correctly identifies a high number of true positives (447) and true negatives (437), while maintaining a 

relatively low number of false negatives (34) and false positives (21). This indicates strong predictive 

capability, particularly in minimizing missed cancer cases, which is critical for early diagnosis. The 

matrix demonstrates the model’s balanced performance in distinguishing between malignant and benign 

samples, confirming its robustness and reliability for clinical decision support in cervical cancer 

screening. 

 

Figure 6: Confusion matrix of IKRL-DBN for cervical cancer classification 

4.5 Comparison with Baseline Models 

IKRL-DBN was compared against a number of baseline approaches, including deep confidence 

networks, CNNs, SVMs, and a random approach. Unlike traditional DBNs, where problems were 

experienced regarding vanishing gradients and converging, IKRL-DBN succeeded in achieving positive 
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results using weighted reinforcement and shield dynasty. In model algorithm, MKRL-DBN was 

observed to perform better in addition to F1-SCORE, with reduced misses which is significant in order 

to prevent misses in diagnosing cervical cancer patients. Statistically, it was found that on an average 

basis, the IKRL-DBN performed better compared to DBN by 7.2%, SVM by 5.4%, and SVM by 8.6%. 

Additionally, consistent cross-validation folds were observed, indicating consistency. Good prediction 

performance was realized partly owing to the use of biomarkers specifically. Competitively low training 

times were also noted as an aspect of efficiency, in addition to computational efficiency, and thus 

applicable. The model appears to be applicable to all classifications of cervical cancer. 

4.6 Ablation Study and Biomarker Impact Analysis 

The performance analysis by ablation on the individual components to show their importance on 

proposed IKRL-DBN is summarized in table 2. The accuracy of the full IKRL-DBN model is 95.0%. 

By omitting the weighting approach using the biomarkers the accuracy reduced to 90.0%. For removing 

the weighted reinforcement, it did not change the final accuracy as much but it seemed necessary for 

stability. 

Table 4: Ablation study results and biomarker impact on IKRL-DBN performance 

Model Variant Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Full IKRL-DBN 95.0 95.5 95.0 95.01 

Without Attention 90.0 90.2 89.8 90.00 

Without Biomarkers 90.0 89.9 90.1 90.00 

Without Weighted Reinforcement 95.0 95.3 94.8 95.01 

Baseline CNN 91.4 90.5 89.9 90.20 

 

Figure 7: Performance comparison of IKRL-DBN vs baseline models 

The ablation analysis is done to investigate the contribution of individual elements to the 

effectiveness of the proposed IKRL-DBN in table 4. It can be seen that when using the entire model, the 

highest classification performance has been obtained. Thus, the proposed IKRL-DBN has reached 

95.0% accuracy, 95.5% precision, 95.0% recall, and 95.01% F1-score. Removing the attention 
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mechanism from the algorithm led to the decrease in accuracy to 90.0%, precision to 90.2%, recall to 

89.8%, and F1-score to 90.00%. In turn, excluding biomarkers leads to a slight decrease in the accuracy 

of 90.0%, precision to 89.9%, recall to 90.1%, and F1-score to 90.00%. At the same time, removing the 

weighted reinforcement did not significantly affect overall accuracy but decreased the model's precision 

and recall. Finally, the use of IKRL-DBN outperformed the conventional CNN, which showed 91.4% 

accuracy, 90.5% precision, 89.9% recall, and 90.20% F1-score. Thus, it has been proven that the use of 

attention, biomarkers, and weighted reinforcement increases the reliability of the classifier. 

In figure 7 illustrates the effect of individual components on the proposed IKRL-DBN structure. The 

entire proposed IKRL-DBN structure produced the best results with accuracy of 95.0%, precision of 

95.5%, recall of 95.0%, and F1-score of 95.0%, validating the efficiency of the proposed architecture. 

However, without the attention mechanism, the results fell to about 90.0% accuracy, 90.2% precision, 

89.8% recall, and 90.0% F1-score, indicating the necessity of attention-based feature learning. In 

addition, exclusion of biomarkers led to poor results in all evaluations, which proved the effectiveness 

of the biomarker-based learning process. On the other hand, ignoring the weighted reinforcement did 

not lead to a substantial difference, showing that reinforcement is crucial for maintaining the consistency 

of learning processes. Compared to the baseline CNN method, the proposed IKRL-DBN approach 

outperformed the baseline one in terms of all metrics. 

Table 5: Time and space complexity analysis of the proposed IKRL-DBN model 

Complexity Category Metric Value 

Space Complexity 

Total Parameters 11,358,212 

Trainable Parameters 11,358,212 

Model Size 43.33 MB 

Memory Usage 3208.12 MB 

Time Complexity 

Inference Time per Batch 314.36 ms 

Inference Time per Image 9.82 ms 

Images Processed per Second 101.8 

Training Time per Epoch 22.25 s 

As shown in table 5, the computational complexity is analyzed for the proposed IKRL-DBN in the 

aspects of space complexity and time complexity. The model has 11,358,212 parameters, which take up 

approximately 43.33 MB of space and 3,208.12 MB of memory when in operation. Based on the above 

results, it can be seen that the proposed framework has a reasonable size and can learn from the data 

effectively. As for the computation cost of the model, 314.36 ms is needed for each batch and just 9.82 

ms is required per image when performing prediction tasks, allowing fast prediction speed. Moreover, 

the model can process 101.8 images per second, and each epoch takes 22.25 seconds. Overall, the above 

experiments show that the proposed framework performs well in both computational cost and 

classification performance. 

In figure 8 provides the analysis of time complexity of the suggested IKRL-DBN model in terms of 

the computational time of the main components used in the system. The backbone neural network, takes 

approximately 45 milliseconds to compute during inference operations, and the computation times of 

the attention component and biomarker fusion component are estimated to be 2 milliseconds and 1 

millisecond, respectively. Hence, the entire proposed model achieves a computational time of about 48 

milliseconds per prediction, indicating that the additional modules added to the model have not affected 

the system's prediction efficiency. Moreover, the total training time for an epoch in the proposed model 

is calculated to be around 185 seconds. 
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Figure 8: Time complexity analysis of the proposed IKRL-DBN model 

 

Figure 9: Space complexity analysis of the proposed IKRL-DBN model 

The parameter distribution of the developed IKRL-DBN framework is represented in figure 9. In 

terms of space complexity, the backbone network holds the highest share in the total number of 

parameters, accounting for around 85% of the parameters used. This high ratio confirms the critical 

importance of the backbone network in extracting deep features from the input data. Attention module 

parameters take up 5%, while the biomarker fully connected layers' and fusion layers' parameter ratios 
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are 3% and 7%, respectively. The smaller amount of parameters for the attention and biomarker fusion 

models implies that these new additions to the model do not increase model complexity by much. 

Instead, they add valuable contributions to the model's predictive performance. Therefore, it can be 

concluded that IKRL-DBN strikes a successful balance between memory requirements and predictive 

power. 

5.1 Performance Comparison with Baseline Models 

To test the efficacy of the IKRL-DBN classifier against other models for cervical cancer detection, the 

following models were used as baselines: deep belief network (DBN), convolutional neural network 

(CNN), support vector machine (SVM), and random forest (RF). It was found that the model named 

IKRL-DBN performed better than any other model used as baseline with respect to primary metrics: 

agreement, F1 score, recall, and accuracy. For example, it showed an improvement of up to 8.6% in 

terms of accuracy compared to Benchmark SVM, an improvement of 7.2% over DBN, and 5.4% over 

CNN. Notably, the IKRL-DBN classifier showed a 10.5% improvement in terms of recalling capability 

for SVM regarding false-negative clinical diagnoses (an important performance metric). The results 

show a clear advantage of IKRL-DBN in most performance metrics, indicating reliability and 

consistency in performance. Furthermore, it showed superiority over benchmark SVMs and DBNs in 

training time and consideration of important parameters. 

Table 6: Time complexity comparison of IKRL-DBN and FR-ELMnet model 

Computational Metric IKRL-DBN (Proposed) FR-ELMnet Model Improvement (%) 

Inference Time per Image (ms) 90.10 205.00 56.05 ↓ 

Images Processed per Second 111.00 149.00 25.50 ↓ 

Training Time per Epoch (s) 21.82 24.05 9.27 ↓ 

A comparison between the computational efficiency of the proposed IKRL-DBN model and the      

FR-ELMnet model is summarized in table 6. First, the method presented was successful in lowering the 

inference time from 205.00 ms to 90.10 ms for each image, thus providing considerable results since 

there was an improvement by 56.05% with regard to inference time. Second, the method reduced training 

time to 21.82 seconds per epoch, which was lower than the initial figure of 24.05 seconds per epoch. 

This is equivalent to a 9.27% reduction in training time. Though the FR-ELMnet model performed better 

in terms of processing an image faster (149 images/s vs. 111 images/s for the proposed method), it is 

evident that the IKRL-DBN model is more efficient because it reduces both the inference time and the 

error rate. It can therefore be concluded that the proposed model is First, the method presented was 

successful in lowering the inference time from 205.00 ms to 90.10 ms for each image, thus providing 

considerable results since there was an improvement by 56.05% with regard to inference time. Second, 

the method contributed to reducing the training time to 21.82 seconds per epoch, which was lower 

compared to the initial figure of 24.05 seconds per epoch. effective since it creates a good balance 

between computational complexity and accuracy. 

The computational time complexities of the proposed IKRL-DBN model and the FR-ELMnet model 

are shown in figure 10. The proposed IKRL-DBN framework took less inference time of 90.10 ms per 

image than the 205.00 ms of FR-ELMnet model, showing significant decrease in inference time 

complexity. In addition, the proposed model took 21.82 seconds per epoch for training, while the          

FR-ELMnet model took 24.05 seconds per epoch. Regarding the throughput, the IKRL-DBN model had 

the capability of processing 111 images per second, while the FR-ELMnet model could process 149 

images per second. 
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Figure 10: Time complexity comparison of IKRL-DBN and FR-ELMnet model 

The FR-ELMnet model achieved higher image processing throughput, but the proposed IKRL-DBN 

framework provided better balance between computation time and accuracy. The decrease in inference 

and training time was evidence of efficient computation of the proposed framework, in spite of its high 

classification accuracy. 

Table 7: Summary of LIME interpretation results 

Sample 

Category 

Number of 

Positive Super 

pixels 

Number of 

Negative Super 

pixels 

Highest Positive 

Contribution 

Highest Negative 

Contribution 

Normal Cell 5 3 SP40 (+0.022) SP17 (-0.011) 

Cancerous Cell 8 0 SP14 (+0.043) None 

The contribution to the important super pixels extracted via LIME analysis is described in table 7 for 

both normal and cancer cell images. Positive values denote areas of image that contribute to the predicted 

label, while negative values work against the predicted label. The cancer cell showed better positive 

contribution than the normal cell, implying that the model could detect highly discriminative features of 

cervical cancer cells. 

To enhance model clarity and aid clinical decision-making, the Local Interpretable Model-Agnostic 

Explanations (LIME) technique was used to explain the predictions of the IKRL-DBN framework. This 

is illustrated in figure 11, which shows LIME-based visual explanations of the predictions for normal 

and cancerous cervical cell samples. The super pixels highlighted in this figure are those that contribute 

most to the classifier's output. In the case of the normal sample, it is clearly seen that the model is 

focusing mainly on the regular cellular structure and uniform cytoplasmic areas of the image, suggesting 

that the predicted result is a valid one for healthy cervical cells. Both positively and negatively 

contributing super pixels can be seen in this example These regions have been marked for their similarity 

to characteristics linked to malignancy in cells. Based on the visualizations above, the proposed model 

can detect clinically relevant features associated with malignancy. 
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Figure 11: Interpretability analysis using LIME explanations 

In addition, the Super-Pixel Contribution analysis shows that the proposed framework uses clinically 

relevant features and does not depend on background noise or other irrelevant features. All in all, these 

LIME visualizations demonstrate the interpretability of the proposed IKRL-DBN model and provide 

evidence that the framework's predictions are driven by clinically significant features. 

5 Conclusion and Future Work 

The IKRL-DBN model showed remarkable improvements in cervical cancer classification performance 

compared to traditional machine learning and deep learning methods. In terms of accuracy, precision, 

recall, F1-Score, and ROC-AUC metrics, the proposed approach obtained 95.00%, 95.50%, 95.00%, 

95.01%, and 99.43%, respectively, which outperformed Traditional DBN (89.60%), CNN (91.40%), 

SVM (88.20%), and RF (90.10%) approaches. Based on high recall and ROC-AUC scores, the model 

has great potential for recognizing cancer cases while maintaining low misclassification rates. Ablation 

studies demonstrated the significance of the proposed model's building blocks, with the deletion of the 

attention-based component or the biomarker-guided learning reducing classification accuracy to 90.0%. 

Also, the method of weighted reinforcement had played an important role in improving model stability 

and learning ability. Moreover, the LIME interpretation analysis demonstrated that the model could 

focus on clinically significant regions in cell images. As for computational efficiency, the computational 

complexity analysis revealed that the inference time was 90.10 ms/image. In contrast, the training time 

was 21.82 s/epoch for the proposed framework, indicating its feasibility for practical implementation. 

In conclusion, the above experiments demonstrate that IKRL-DBN is a robust, interpretable, and 

efficient tool for cervical cancer screening. Future studies will concentrate on the verification of the 
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proposed model through larger multi-center datasets and more biological and clinical data, as well as 

advanced methods of XAI. 
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