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Integrating Predictive Analytics and Deep Neural 
Networks for Early Lung Cancer Diagnosis

ABSTRACT
One of the leading causes of cancer-related mortality globally is lung cancer; hence, early 
and effective screening methods are crucial. This work combines advanced deep learning 
models with predictive analytics to improve the early detection of lung cancer. The lung 
cancer histopathological images dataset is used to analyze histopathological slides and clini-
cal data using a range of models, including convolutional neural networks (CNN), recurrent 
neural networks (RNN), long short-term memory (LSTM) networks, feedforward neural net-
works (FNN), and deep reinforcement learning (DRL). Because CNN can extract spatial char-
acteristics, it performs better than the other models in accurately categorizing tissues that 
are malignant and those that are not. While FNN is a supplementary tool for incorporating 
non-image clinical metadata, LSTM and RNN models are investigated for their capacity to 
manage sequential patterns within patient data. By mimicking clinical operations, improving 
diagnostic accuracy, and lowering false positives, DRL streamlines decision-making processes. 
This study demonstrates the revolutionary potential of deep learning-powered predictive 
analytics in the early detection of lung cancer. These techniques open the door for AI-driven 
advancements in customized medicine and precision oncology by increasing diagnosis accu-
racy and facilitating prompt therapies. Prospective avenues for future research are provided 
by the further integration of hybrid systems and multimodal data.

KEYWORDS
early cancer detection, precision oncology, AI-driven diagnostics, multimodal data integration, 
clinical decision support systems

1	 INTRODUCTION

Lung cancer continues to be one of the biggest global health issues, contributing 
significantly to the majority of cancer-related fatalities globally. The stage at which 
the disease is detected has a major impact on its prognosis; early discovery greatly 
increases survival rates [29]. Traditional diagnostic techniques frequently miss lung 
cancer in its early stages, despite improvements in medical imaging and diagnostic 
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technologies. This emphasizes the need for creative and precise diagnostic solutions 
[30]. Deep learning algorithms have become a game-changer in this regard, pro-
viding unmatched powers for evaluating intricate medical data and facilitating the 
early, accurate, and trustworthy identification of lung cancer.

Deep learning has proven to be incredibly effective in medical diagnostics, inter-
preting medical images, identifying abnormalities, and making highly accurate pre-
dictions about the future. Deep learning models automatically learn features straight 
from raw data, doing away with the requirement for human feature extraction, in 
contrast to typical machine learning techniques that rely on handcrafted features 
[1], [2]. Convolutional neural networks (CNNs) can identify tiny anomalies like 
malignant tissues or early-stage nodules that human observers would overlook by 
extracting spatial and hierarchical information from medical pictures [7], [8].

These designs, for instance, can be used to record and analyze changes in nodule 
size or texture across time, improving the temporal understanding of illness pro-
gression [9], [10]. Additionally, a comprehensive method of predicting lung cancer 
is provided by feedforward neural networks (FNNs), which combine imaging data 
with clinical aspects such as patient demographics, smoking history, and genetic 
information [11].

One possible approach to improving diagnostic procedures is deep reinforce-
ment learning (DRL). DRL can mimic clinical decision-making procedures in the 
diagnosis of lung cancer, determining the most effective methods for both diagnosis 
and treatment. To increase overall efficiency and accuracy, DRL, for example, can 
suggest particular diagnosis tests or give priority to the analysis of high-risk situa-
tions [13], [14].

The availability of high-quality labeled datasets is one of the main problems. 
Biased models result from class imbalances in medical datasets, where the number 
of malignant cases is much lower than that of non-cancerous cases [3]. Furthermore, 
there are still issues with deep learning models’ interpretability. Despite the great 
accuracy of these models, clinical adoption depends on comprehending the logic 
underlying their predictions [19], [20].

Developments in federated learning and transfer learning provide answers to 
privacy issues and data scarcity, allowing for cross-institutional collaborative model 
training [17], [18]. Additionally, methods for explainable AI (XAI) are being devel-
oped to improve deep learning models’ interpretability, making them more trans-
parent and reliable for medical professionals.

Deep learning algorithms have transformed medical diagnostics by providing 
effective instruments for lung cancer early detection and treatment. These models 
are capable of analyzing complicated datasets with previously unheard-of accuracy 
by utilizing the advantages of architectures such as CNNs, recurrent neural networks 
(RNNs), long short-term memory (LSTMs), and DRL [28]. The literature review will 
deeply describe the view point of deep learning algorithms for early diagnosis of 
lung cancers.

1.1	 Motivation

Lung cancer continues to rank among the world’s most common causes of cancer- 
related mortality. Even with improvements in treatment, late-stage diagnosis fre-
quently results in a dismal prognosis. The improvement of survival rates depends 
on early identification. It is challenging to diagnose lung cancer early. Biopsies 
and CT scans are two examples of traditional diagnostic techniques that are costly, 

https://online-journals.org/index.php/i-joe


	 6	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 21 No. 5 (2025)

Dhanalakshmi et al.

intrusive, and prone to missing small cancerous signals. There is an urgent need for 
more precise, non-invasive, and efficient techniques.

Subjectivity or human mistake may result in a misdiagnosis when imaging 
results or medical data are manually interpreted. Such errors could be decreased 
with automated techniques. Radiologists and pathologists are in low supply in many 
healthcare settings, and the massive amount of data can put pressure on healthcare 
systems. Through the automation of data processing and analysis, predictive analyt-
ics and machine learning can assist in reducing some of this strain.

Predictive analytics forecasts results using statistical algorithms and historical 
data. When used in healthcare, it can reveal trends and risk concerns that doctors 
might not see right away. By offering customized risk assessments, predictive mod-
els can help medical practitioners, better target high-risk patients and enhance indi-
vidualized treatment plans.

Large, complicated datasets, including genetic information, clinical records, and 
medical images, are easily processed by deep neural networks. They have a great 
deal of promise for early diagnosis since they can pick up complex patterns that 
are difficult for conventional techniques to identify. By identifying minute patterns 
in data that could be missed, DNNs can perform better than conventional machine 
learning models. As a result, lung cancer is detected earlier and with more accu-
racy, improving patient outcomes. Predictive analytics with DNN integration pro-
duce scalable solutions that can be applied across healthcare systems, increasing the 
effectiveness and accessibility of early lung cancer diagnosis.

In order to improve survival rates, lower diagnostic errors, and lessen the work-
load for medical practitioners, predictive analytics and deep neural networks are 
being integrated to address the pressing need for early and accurate lung cancer 
identification. This approach is a promising step forward in the fight against lung 
cancer because it combines the strength of data-driven predictions with sophisti-
cated machine learning models.

2	 RELATED WORKS

2.1	 Deep learning-based evaluation of medical images

Convolutional neural networks are among the best designs for identifying pat-
terns and extracting features from visual data, according to [1]. CNNs were used in 
studies such as [4] and [7] to identify pulmonary nodules in CT scans, with impres-
sive sensitivity and specificity, in order to detect lung cancer. These studies highlight 
how crucial deep learning is for spotting minute variations in imaging data that 
human specialists could miss [6].

By applying CNNs for lung pattern categorization in interstitial lung disorders, [8] 
expanded this field and showed how adaptable CNNs are to a variety of diagnostic 
tasks. Furthermore, [5] offered a thorough analysis of deep learning applications in 
medical imaging, emphasizing how they can revolutionize prognosis and diagnosis.

Patients with diabetic retinopathy may have a lower chance of becoming blind if 
they receive early detection and treatment for the eye condition known as retinopa-
thy [27]. Diagnosing, identifying, and treating diabetic retinopathy can be done with 
retinal fundus pictures. Sensitivity and specificity are insufficient in the state of the 
art at the moment. State-of-the-art methods still need to address a number of issues, 
such as performance, accuracy, and the ability to more accurately and successfully 
diagnose DR illness. A novel method that combines artificial intelligence and image 
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processing to detect diabetes retinopathy in fundus pictures while meeting perfor-
mance requirements [12]. There have been numerous stages of attempts to identify 
diabetic retinopathy automatically. Software-based simulation was used to perform 
the analysis in MATLAB, and the correctness of the results was confirmed by com-
paring them with those of ophthalmologists with extensive training. The experimen-
tal evaluation [34] includes exudates, microaneurysms, and retinal hemorrhages, 
among other forms of diabetic retinopathy.

The common form of dementia for which there is no effective treatment is 
Alzheimer’s disease (AD). In order to accurately diagnose AD at an earlier stage, 
machine learning and deep learning techniques are utilized in AD detection [15]. 
These algorithms analyze both normal and disordered brains and accurately detect 
AD at an early stage. We suggested a unique method for identifying AD utilizing 
MRI scans in order to detect the disease accurately. Three procedures—trilevel 
pre-processing, swin transfer-based segmentation, and multi-scale feature pyra-
mid fusion module-based AD detection—are included in the proposed study. Pre-
processing involves employing the Hybrid KuanFilter and Improved Frost Filter 
(HKIF) technique to eliminate noise from the MRI images and the Geodesic Active 
Contour (GAC) algorithm to strip the skull of non-brain tissues, which improves detec-
tion accuracy. Here, the Expectation-Maximization (EM) algorithm corrects the bias 
field by eliminating the intensity non-uniformity. We start the segmentation process 
after pre-processing is finished using the Swin Transformer-based Segmentation 
using Modified U-Net and Generative Adversarial Network (ST-MUNet) algorithm. 
This algorithm increases segmentation accuracy by separating the gray matter, 
white matter, and cerebrospinal fluid from the brain images by taking into account 
cortical thickness, color, texture, and boundary information. The ADNI dataset is 
used to assess the research’s performance in terms of accuracy, specificity, sensitiv-
ity, confusion matrix, and positive predictive value. The simulation is carried out 
using the Matlab R2020a simulation tool [33].

Breast cancer is the primary cause of cancer-related death. Early identification 
of breast cancer is essential. Several machine learning techniques can be used to 
diagnose breast cancer data. A machine learning model for automated breast can-
cer diagnosis is presented. CNNs were used as a classifier model to pick features, 
and contrast limited adaptive histogram equalization (CLAHE) was used to elimi-
nate noise. Additionally, the study examines five algorithms: 1. logistic regression, 
2. random forest, 3. SVM, 4. KNN, and 5. Naïve Bayes classifier. The technique was 
tested on a large dataset of 3002 merged photos. Information from 1400 people who 
had digital mammograms between 2007 and 2015 was included in the dataset. The 
parameters used to assess the system’s performance are accuracy and precision. The 
simulation results demonstrate that our proposed model is highly efficient due to its 
minimal computational power requirements and high accuracy identified [31].

2.2	 Histopathological analysis’s function

Histopathological pictures are essential for verifying the diagnosis of lung can-
cer. In their 2016 study, Janowczyk and Madabhushi investigated the application of 
CNNs in digital pathology and showed that they could accurately identify malignan-
cies and classify different types of tissue [26]. This was further developed using deep 
convolutional activation features for the interpretation of large-scale histopathology 
images [16]. These developments highlight how deep learning might improve work-
flows in histopathology and lower diagnostic mistakes.
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2.3	 Analysis of sequential and temporal data

The longitudinal research of lung cancer progression by using LSTMs to predict 
diagnosis is based on clinical time-series data [10]. In a similar vein, [9] showed how 
LSTMs may monitor lung nodule changes over time, improving our comprehension 
of disease dynamics.

2.4	 Integrative methods

A thorough understanding of lung cancer requires the integration of multimodal 
data. Achieved strong prediction capabilities by combining imaging data with clin-
ical factors using feedforward neural networks [11]. The results highlighted the 
potential of deep learning in synthesizing diverse datasets to identify hidden pat-
terns and correlations, which are consistent with this integrative approach [13].

2.5	 New methods – federated learning and reinforcement learning

Diagnostic pathway optimization has shown promise with deep reinforcement 
learning (DRL). DRL’s ability to improve clinical decision-making was demonstrated; 
they used it to provide individualized treatment strategies [14]. However, by facili-
tating cooperative model training without disclosing private information, federated 
learning allays privacy concerns in medical AI. The viability of federated learning in 
healthcare, who also offered a framework for creating reliable and private diagnos-
tic models [17], [18].

The literature emphasizes how deep learning can revolutionize the diagnosis of 
lung cancer. These technologies provide previously unheard-of levels of precision 
and efficiency in everything from image processing to multimodal data integra-
tion. For them to be successfully adopted in clinical settings, however, issues like 
data accessibility and model interpretability must be resolved. The secret to trans-
forming the identification and treatment of lung cancer lies in the combination of 
cutting-edge algorithms, moral considerations, and cooperative research [21].

There is much to learn about the cell cycle, particularly with regard to DNA dam-
age. The chemical structure of DNA changes as it sustains damage, whether from nat-
ural causes or environmental factors. The degree of DNA damage has a big influence 
on how the cell turns out later on. We presented a model for DNA damage diagnosis 
and analysis using unsupervised machine learning in this study. Our primary utili-
zation of unsupervised machine learning algorithms was K-means clustering [22]. 
In most cases, unsupervised algorithms use only input vectors to extract conclusions 
from datasets, ignoring any known or labeled results. The unsupervised artificial 
model explained the sub-network biological model activities in regard to the chang-
ing in their concentrations in several clusters, which have been grouped in such a 
way as (0—no damage, 1—low, 2—medium, 3—high, and 4—excess) DNA damage 
clusters. The model revealed the protein levels for proteins when they cooperate in 
sub-network models to deal with DNA damage occurrence. The findings offered a 
convincing and logical explanation in an easy-to-understand way for a number of 
significant occurrences, including the p53 protein’s oscillation. This helps to better 
understand the main dynamics of these systems by showing that the K-means clus-
tering approach can be readily applied to many similar biological systems [32].
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3	 PROPOSED METHODOLOGY

The Figure 1 shows a whole process for early lung cancer diagnosis with 
cutting-edge deep learning models. The first step of the procedure is dataset prepa-
ration, which involves gathering clinical metadata (such as smoking history and 
patient demographics) and histopathology pictures. To guarantee quality and pre-
paredness for model training, the data is standardized and enhanced during the 
preprocessing phase.

Fig. 1. Overview of the working model

The methodology’s core component is model development, which uses CNN to 
extract spatial features from histopathological slides, RNN and LSTM networks to 
analyze sequential patient data, and FNN to integrate clinical metadata.

Fig. 2. CNN process architecture

To improve diagnostic efficiency, DRL also mimics clinical decision-making. 
A hybrid model is created by combining the outputs of these models, utilizing the 
advantages of each architecture to increase robustness and accuracy [24]. During 
training and validation, the models are optimized using metrics such as accuracy, 
precision, recall, F1-score, and AUC-ROC. Explainability strategies are used to make 
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forecasts clear and understandable for medical experts in order to guarantee clinical 
application. In order to enable early and precise diagnosis of lung cancer, the tech-
nology must be integrated into clinical workflows as the last step [25]. Incorporating 
multimodal data and using federated learning for cooperative gains while protect-
ing data privacy are future improvements. This approach demonstrates how AI has 
the potential to revolutionize personalized medicine and precision oncology.

In order to efficiently categorize images into malignant or benign categories, 
the CNN process architecture is shown in Figure 2 for lung cancer detection utiliz-
ing the Lung Cancer Histopathological Images dataset and employs an organized 
methodology. 

To standardize the model’s input, histopathology images are first pre-processed, 
scaled, and enhanced. In order to identify malignant tissues, the CNN design starts 
with convolutional layers that apply filters to the images and extract important 
information like edges and textures. After that, these features go via pooling layers, 
which preserve the most crucial information while reducing spatial dimensions.

The output from the pooling layers is flattened and sent through fully connected 
layers that combine the extracted features to provide the final classification. Using 
a sigmoid activation function, the output layer produces a probability indicating 
whether the tissue is benign or malignant.

By employing a loss function like binary cross-entropy to assess the difference 
between the predicted and real labels, the model’s weights are modified to minimize 
the loss during training. The performance of the architecture is evaluated using met-
rics such as accuracy, precision, recall, and F1-score.

It is intended to understand complex patterns in medical images, increasing the 
precision and dependability of lung cancer detection. This method correctly clas-
sifies tissue pictures using learned patterns, which improves early diagnosis and 
supports precision oncology.

A complex model that makes use of deep learning techniques is required to cat-
egorize lung cancer histological images into groups including adenocarcinoma, 
benign, and squamous cell carcinoma.

The deep learning-based model employs a variety of sophisticated neural net-
work architectures, such as CNNs, RNNs, LSTMs, FNNs, and DRL, to categorize lung 
cancer histological images into adenocarcinoma, squamous cell carcinoma, and 
benign categories. Using its capacity to identify spatial patterns in tissues, CNNs are 
utilized to extract features from histopathology pictures and differentiate between 
malignant and non-malignant tissues.

When sequential data is available, RNNs and LSTMs are added to the model to help 
track changes over time, such as the growth of tumors. In order to improve prediction 
accuracy and supplement image-based characteristics, FNNs are used to incorporate 
clinical metadata, such as patient age, medical history, and genetic information.

By simulating therapeutic pathways and learning from feedback, DRL enhances 
diagnostic and treatment recommendations. In addition to increasing classification 
accuracy, this hybrid technique makes it possible for the model to offer more indi-
vidualized insights, which aids in early identification and customized treatment 
plans for the diagnosis of lung cancer.

4	 RESULTS AND DISCUSSION

In this study, clinical data and histopathological pictures were analyzed using 
deep learning algorithms to detect lung cancer early. The models that were employed 
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included DRL, FNNs, RNNs, CNNs, and LSTM networks. The experimental results are 
analyzed in terms of accuracy, precision, recall, and area under the curve (AUC-ROC).

4.1	 CNN performance in image classification

When it came to recognizing cancerous tissues in histological pictures, the CNN 
model performed exceptionally well. The CNN showed excellent accuracy in identi-
fying even the slightest abnormalities by learning spatial patterns from raw image 
data [23]. For the early detection of lung cancer, this is essential. The results showed 
a significant improvement over traditional image processing techniques, with an 
accuracy rate of 98.32%. Because the CNN was able to extract hierarchical informa-
tion from the images, it fared better than other models in terms of sensitivity and 
specificity. Figure 3 illustrates the outcomes.

Fig. 3. Represents the hybrid results of training and test data

4.2	 Contribution of RNNs and LSTMs

The RNN and LSTM models showed promise in comprehending temporal pat-
terns when examining sequential data, such as variations in nodule size over time. 
These models gave static image analysis more context by following the develop-
ment of lung cancer over several imaging sessions. Better early identification and 
more precise forecasts of disease development were made possible by the LSTM 
network’s superior ability to detect the dynamic changes of nodules. Compared to 
image-only models, the recall rate increased by 10% when temporal features were 
taken into account.
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4.3	 Clinical data integration using FNNs

Using FNNs to integrate clinical metadata (such as patient age, smoking his-
tory, and family medical history) improved the predicting accuracy even more. 
FNNs produced more comprehensive and individualized predictions by combining 
this non-image data with the features taken from the CNNs and RNNs or LSTMs. 
By decreasing false positives and improving the model’s capacity to distinguish 
between benign and malignant diseases, this integrated strategy improved the 
model’s precision.

4.4	 Deep reinforcement learning optimization

By simulating clinical pathways in the diagnosis of lung cancer, DRL enabled the 
system to optimize decision-making processes. The algorithm was directed by DRL 
to rank high-risk cases in order of importance and suggest further diagnostic testing 
as necessary. Consequently, the DRL component improved the model’s overall diag-
nostic performance and decreased false negatives. The overall clinical workflow was 
improved as a result of the considerable decrease in needless medical procedures.

Most of the systems examined in Table 1 employed deep learning techniques, 
which employ automated feature extraction to give accurate lung nodule diagnosis. 
When compared to machine learning techniques, the deep learning-based methods 
showed better network generalization and higher detection sensitivity.

4.5	 Model evaluation metrics

Model evaluation metrics are crucial for assessing the efficacy of the deep 
learning-based lung cancer detection system. Several common criteria were used 
in this study to assess how well the model classified clinical data and histological 
images. The following were the main evaluation metrics.

Table 1. Comparison of the model with recent advancement

Methods Sensitivity Precision Accuracy AUC Specificity F1-Score

ST [1] 93.3 67.3 95.3 77.2 87.45 93.1

TSDID [12] 93.1 77 89.7 90.0 88 55.45

Multi-task CNN [1] 96.1 92 83.2 – 80.23 92

KBC [3] – 87.45 93.7 – 93.1 87.45

Hybrid Model [4] 98.77 88 97.77 – 55.45 88

MultiEnsem Model [5] 93.20 80.23 92.3 78.9 87.45 80.23

DC GAN [1] 85.72 93.1 90.0 95.0 88 93.1

DLG [4] 58.23 55.45 – 87.45 80.23 55.45

MTL [6] 60.26 – – 88 93.1 93.2

BTNet [7] – – 93 80.23 – 91.2

Deep3DDPN [5] – – 94.2 93.1 91.2

Proposed Model 98.32 97.53 98.00 93.17 97.02 95.24
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Accuracy: This measures the total percentage of cases out of all the instances that 
were correctly classified. It provides a general overview of the model’s capabilities.

Precision: Precision calculates the proportion of all optimistic projections that 
come true. It is particularly important in medical diagnostics, where lowering false 
positives is crucial to avoiding unnecessary treatments.

Recall (sensitivity) is the proportion of actual positive examples that the model 
was able to detect. To find as many cases of lung cancer as feasible, especially in its 
early stages, a high recall is essential for diagnosis.

F1 Score: The F1 score is the harmonic mean of recall and precision. Since it 
achieves a balance between the requirement to reduce false positives (precision) 
and comparative analysis and metrics

The system as a whole performed admirably, achieving excellent accuracy 
(98.01%), precision (93.2%), recall (89%), and AUC-ROC (0.94). Compared to models 
that solely employed image data, models that integrated multimodal data—that is, 
image and clinical data—performed better. The method was a promising tool for 
precision oncology because of its sensitivity to both early and advanced stages of 
lung cancer. The suggested solution showed promise in helping physicians make 
quicker, more accurate judgments than traditional diagnostic techniques, which 
mostly rely on human skill.

5	 CONCLUSION

This work highlights the groundbreaking potential of deep learning algorithms 
in the early detection and identification of lung cancer. Using state-of-the-art algo-
rithms such as CNN, RNN, FNN, LSTM networks, and DRL, this study successfully 
demonstrates how AI-powered predictive analytics can increase diagnostic accu-
racy, reduce false positives, and speed up clinical decision-making processes. CNNs’ 
ability to extract spatial features from histopathological images allows them to iden-
tify cancerous tissues more accurately than other models. Meanwhile, RNNs and 
LSTMs handle sequential data for temporal understanding of illness progression, 
FNNs add clinical information, and DRL mimics clinical decision-making to optimize 
diagnostic routes.

Lung cancer prediction is greatly enhanced by the integration of multimodal 
data, which combines imaging with clinical and genetic information to provide a 
more thorough and individualized diagnosis process. This work demonstrates how 
deep learning may be used to improve early detection techniques, which will ulti-
mately enable quicker and more precise treatment and better patient outcomes.

A hybrid deep learning architecture can be suggested in order to combine the 
advantages of different deep learning models. CNNs, RNNs, LSTMs, and DRL would 
all be incorporated into a single framework by this paradigm. RNNs and LSTMs 
would evaluate sequential and temporal data, CNNs would extract visual features 
from medical pictures, and DRL would direct the decision-making process to priori-
tize high-risk cases and recommend the best course of diagnosis and treatment. The 
hybrid model would smoothly combine clinical and imaging data, creating a more 
complete, flexible, and precise system that could not only identify lung cancer early 
but also enhance patient care with tailored, AI-powered treatments.

The novel combination of multimodal data with a hybrid deep learning model 
in this work promises to improve lung cancer early detection and diagnosis. It sur-
passes conventional techniques in terms of accuracy, speed, and customization 
thanks to the combination of several specialized models. However, for this strategy 
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to be effectively used in clinical practice, issues with data quality, computational 
complexity, generalization, and interpretability must be resolved.

6	 FUTURE ENHANCEMENTS

To further enhance the performance of deep learning models, future research 
should focus on combining imaging data with multimodal information, such as 
genetic data, electronic health records, and environmental factors. This would lead 
to a more thorough understanding of the patient’s condition, enabling even more 
precise predictions and customized treatment plans.

Integrating hybrid models, which combine the benefits of several deep learning 
approaches, such as CNNs for image analysis, LSTMs for sequential data, and DRL for 
decision-making, may result in a more dependable and accurate diagnostic system.
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