International Journal of Information and Electronics Engineering, Vol. 15, No. 4, April 2025

ENSEMBLE-X: Interpretable Dual-Pipeline Model for CT-Based and Clinical Feature-Based Lung
Cancer Detection

!Nukala Sujana
M. Tech Student, Dept. of CSE
G.V.R. & S. College of Engineering & Technology
Budampadu, Guntur-522013, A.P, India.
sujanacse902@gmail.com

Early detection of lung cancer is pivotal to reducing mortality
rates and improving clinical outcomes. This paper introduces a
hybrid computational framework that synergistically combines
classical machine learning algorithms with convolutional neural
networks (CNNSs) to enhance diagnostic accuracy for lung cancer
detection. The proposed system employs a multi-class
classification model that leverages clinical and lifestyle data to
stratify risk levels, using algorithms such as Support Vector
Machines (SVM), K-Nearest Neighbors (KNN), and Decision
Trees. Concurrently, a CNN-based approach is implemented to
perform binary classification of CT scan images, identifying the
presence of cancerous lesions. The integration of these two
models ensures both data-driven insights from patient history
and image-based precision. A user-friendly interface built with
Streamlit facilitates real-time prediction and analysis, promoting
usability for healthcare professionals.

Experimental evaluations demonstrate high classification
accuracy across both structured data and imaging modalities.
This work underscores the potential of hybrid Al systems in
supporting early diagnosis and aiding clinical decision-making,
thereby paving the way for more accessible and efficient
diagnostic tools in medical practice.

Keywords—Lung Cancer Detection, CT Scan Analysis, Hybrid
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I. INTRODUCTION

Lung cancer accounts for a significant proportion of global
cancer-related mortality, with an estimated 2.2 million new
cases and 1.8 million deaths annually [1]. Early diagnosis
plays a crucial role in improving survival rates, yet the
detection of lung cancer at an early stage remains a formidable
challenge due to the subtle and often asymptomatic nature of
the disease in its initial phase [2]. Conventional diagnostic
methods, such as chest X-rays and computed tomography
(CT) scans, require skilled radiological interpretation and
often suffer from limitations including inter-observer
variability, high false-positive rates, and difficulty in detecting
small nodules [3].

In recent years, artificial intelligence (Al) has emerged as a
transformative force in medical diagnostics, offering tools to
automate and enhance clinical decision-making. Machine
learning (ML) algorithms such as Support Vector Machines
(SVM), Decision Trees, and K-Nearest Neighbors (KNN)
have demonstrated promising results in predicting disease
outcomes based on structured clinical data [4]. Parallel to this,
deep learning (DL), particularly Convolutional Neural
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Networks (CNNs), has revolutionized image-based analysis by
enabling automated feature extraction and classification from
high-dimensional medical images [5].

Despite the strengths of ML and DL, each approach has its
own limitations when applied in isolation. ML models may
fall short in handling high-dimensional image data, while DL
models typically require extensive labeled datasets and
computational resources. Therefore, this research introduces a
hybrid diagnostic framework that integrates structured data-
based ML prediction with image-based DL classification,
combining their complementary strengths to address the multi-
faceted nature of lung cancer detection.

The system leverages a multi-class ML model to classify
patients into risk categories (high, medium, low) using
demographic, environmental, and symptomatic features such
as age, smoking status, air pollution exposure, and genetic
predisposition. Simultaneously, a CNN model is trained to
distinguish cancerous from non-cancerous CT scan images
using binary classification. The framework is implemented
using Keras and Streamlit for real-time user interaction, and
evaluation metrics demonstrate high accuracy and robustness
across both modalities. By providing a dual-perspective
diagnostic approach, the proposed hybrid system enhances
predictive reliability, supports early detection, and reduces the
burden on clinical staff.

This work contributes to the growing field of Al-driven
healthcare by offering a scalable, interpretable, and clinically
relevant tool for lung cancer screening and diagnosis,
particularly  in  resource-constrained  settings  where
radiological expertise may be limited

Leveraging Explainable Al (XAIl) techniques such as
SHAP (SHapley Additive exPlanations), the proposed lung
cancer detection system aims to provide transparent and
interpretable insights to clinicians for understanding the
reasoning behind model predictions. Specifically, our
approach integrates:

1.Enhanced diagnostic precision by combining clinical,
environmental, and imaging data through ensemble
learning models that utilize both traditional classifiers
and deep neural networks;

2.Improved robustness against atypical and rare cases
via unsupervised anomaly detection techniques,
which flag outliers in patient records or imaging inputs
that deviate from known diagnostic patterns; and

3.Increased model interpretability, where SHAP values
are used to visualize feature contributions (e.g., smoking
history, age, CT image texture patterns) to each
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individual prediction, thereby promoting clinician trust
and facilitating informed decision-making [1][2].
This  hybrid, explainability-driven framework is
designed to be scalable across healthcare infrastructures,
adaptable to multiple imaging modalities, and supportive
of human-in-the-loop diagnosis, making it suitable for
early detection tasks in both high- and low-resource
clinical environments.

Il. RELATED WORKS

As social media has grown, more bogus profiles—used for
nefarious purposes such spamming, phishing, and
disseminating false information—have emerged. To find these
bogus accounts, researchers have investigated several machine
learning (ML) and natural language processing (NLP)
methods. Key studies in false profile identification are
reviewed in this part together with research gaps and our work
is positioned within the body of current knowledge.
Several research have used supervised learning technigues to
identify phoney profiles. In their thorough investigation on
ML-based fake profile identification, Jain et al. [1] underlined
how well Random Forest and SVM separate real from
fraudulent accounts. In large-scale social network datasets,
Wang et al. [2] compared deep learning models and
discovered CNN-based architectures exceeded conventional
classifiers. These techniques, however, sometimes mostly rely
on structured metadata—e.g., friend count, activity rate—
which can be readily changed by advanced bots.
Recent studies have included NLP methods to examine user-
generated text in order to get above the restrictions of
metadata-based identification. With great accuracy on Twitter
datasets, Gupta et al. [4] suggested a BERT-based algorithm
using linguistic patterns to detect false profiles. Likewise,
Baly et al. [18] identified common among automated accounts
discrepancies in writing styles by use of stylometric
characteristics. Although these techniques increase detection
resilience, they sometimes find difficulty with hostile and
multilingual text manipulations [5].

To improve detection, some researchers have merged NLP
with network analysis. Al-Qurishi et al. [3] presented a hybrid
method boosting LinkedIn profile recognition by combining
textual elements with graph embeddings. Yang et al. [11]
showed great performance on Facebook datasets by using
Graph Neural Networks (GNNs) to capture dubious
connection patterns. These approaches are computationally
costly [12] even if they are quite effective and call for
extensive labeled data.

Though automatic phony profile identification has made
great progress, some important difficulties still exist. The lack
of generalizability is one main restriction since many current
models are made for particular social media platforms and find
difficulty to change across several networks [13].
Furthermore, adversarial evasion is still a major issue since
cleverly created phony profiles can replicate real user activity,
therefore avoiding conventional detection mechanisms [9].
Explainability is another important problem since most deep
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learning models act as "black boxes,” which makes it
challenging for users and analysts to understand their
decision-making procedures [22]. Our work presents a new
machine learning and text analysis framework that improves
detection accuracy and robustness in order to handle these
difficulties. Specifically, our approach combines linguistic
features derived from natural language processing (NLP) with
behavioral metadata to enable effective cross-platform
detection. Furthermore, we integrate anomaly detection
techniques to strengthen adversarial resilience, ensuring that
even sophisticated fake profiles can be identified more
effectively.  Additionally, our framework incorporates
Explainable Al (XAIl) techniques to enhance transparency,
allowing users to understand and trust the model’s decision-
making process. By bridging these critical research gaps, our
work not only builds upon existing studies but also introduces
meaningful innovations that advance the state-of-the-art in
automated fake profile identification.

I1l. PROPOSED METHODOLOGY

This work ensures robust model training and comprehensive
evaluation by leveraging diverse data sources and advanced
machine learning techniques. The primary dataset consists of
anonymized patient health records and annotated lung CT scan
images sourced from publicly available repositories such as
the Lung Image Database Consortium (LIDC-IDRI) and
Kaggle’s “Lung Cancer Detection” dataset [1]. These datasets
provide labeled instances of cancerous and non-cancerous
cases, enabling both structured data analysis and image-based
classification. The implementation utilizes Python-based
machine learning libraries, including scikit-learn for
traditional classifiers (SVM, Decision Tree, Random Forest,
and KNN), and TensorFlow and Keras for designing and
training convolutional neural networks (CNNs). For
explainability and interpretability, SHAP (SHapley Additive
exPlanations) and Grad-CAM (Gradient-weighted Class
Activation Mapping) are integrated into the pipeline. SHAP
provides insights into the feature importance behind structured
data predictions, while Grad-CAM highlights the critical
regions in CT scan images influencing the CNN’s decisions.
Data visualization and interaction are facilitated through
Streamlit, enabling a seamless user interface for clinicians to
interact with the model, submit inputs, and interpret results.
This combination of clinically relevant datasets, powerful Al
libraries, and explainable Al techniques ensures transparency,
scalability, and diagnostic reliability of the proposed lung
cancer detection system.

System Architecture

The proposed lung cancer detection system adopts a hybrid
architecture that combines machine learning (ML) and deep
learning (DL) techniques for improved diagnostic accuracy. It
starts with data acquisition, collecting CT scans and clinical
data such as age, smoking history, air pollution exposure, and
genetic risk factors [1]. This is followed by data
preprocessing, where images are normalized and resized, and
tabular data is cleaned and encoded for analysis [2].

637



International Journal of Information and Electronics Engineering, Vol. 15, No. 4, April 2025

The system then proceeds through two parallel modules:
one uses ML algorithms like SVM, KNN, and Decision Trees
to assess cancer risk levels—High, Medium, or Low—based
on patient attributes [3]. Simultaneously, a CNN-based
module processes CT scans to classify lung tissue as
cancerous or non-cancerous [4]. Both models are evaluated
using metrics such as accuracy, F1-score, and AUC to ensure
performance and reliability [5].

Once validated, these models are deployed in the inference
engine to provide real-time predictions on new patient data
[6]. A Streamlit-based interface enables users to upload data,
view predictions, and interact with the system intuitively [7].
Finally, a monitoring and update module tracks performance,
allows periodic retraining with new data, and ensures the
system remains adaptable to clinical needs [8].

This modular architecture supports both structured and
unstructured data processing, offering a scalable, accurate, and
user-friendly solution for early lung cancer detection.

Data Acquisition
Collect CT scans & clinical data (age, smoking, etc.)

|

Data Preprocessing
[ Normalize, resize images; clean and format tabular data

\

ML-Based Risk Prediction
Use SVM, KNN, Decision Tree for risk level
(High/Medium/Low)

ﬂ

CNN-Based Image Classification
Classify CT scans into cancerous or non-cancerous using
CNN

|

Model Evaluation
Validate with metrics (Accuracy, Fl-score, AUCQC)

1}

Inference Engine
Predict on new data in real time

lL

User Interface (Streamlit)
Interactive frontend for image upload & risk display

ﬂ/

Monitoring & Updates
Track performance, retrain, and update models
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Fig 1: System Architecture
Procedures

Our methodology combines clinical feature analysis,
convolutional neural networks (CNN), and machine learning
(ML) techniques to predict lung cancer presence and risk. The
complete process is organized into five systematic steps:

1. Data Collection and Preprocessing

We utilized publicly available datasets containing both
clinical records and chest CT scan images. Clinical features
included variables such as age, gender, smoking status,
environmental exposure, and genetic predisposition. For
imaging data, chest CT images were collected from labeled
datasets sourced from repositories like Kaggle and hospital
archives.

Preprocessing was carried out separately for each data
type. For clinical data, missing values were handled using
imputation techniques, categorical variables were encoded,
and features were scaled using min-max normalization. For
CT images, preprocessing included resizing all images to a
fixed dimension (e.g., 224x224 pixels), grayscale conversion,
and normalization of pixel values. Augmentation techniques
such as rotation, flipping, and zooming were applied to
improve generalization in the image classification task.

2. Feature Extraction
We extracted two main categories of features:

a) Tabular Features (Clinical): These included structured
patient data such as age, smoking index, air pollution level,
and family history. Mutual information and correlation
coefficients were computed to assess feature importance and
relevance.

b) Imaging Features (CNN-based): Features were
extracted from intermediate convolutional layers of a custom-
trained CNN. These layers captured spatial and textural
characteristics of lung tissues, enabling automatic learning of
critical patterns.

For the clinical data, we employed TF-IDF for any text-
based symptom reporting or notes, calculated as:

N
Wiy = thij X log (d—ﬂ>
Where:
wy; ;3 = weight of term i in document j

tfi j; = term frequency of term i in document j

df; = document frequency of term i (number of documents
containing term i)

N = total number of documents
3. Model Training and Prediction

A hybrid ensemble approach was adopted to leverage both
structured and image-based inputs. For clinical data, Support
Vector Machine (SVM), K-Nearest Neighbors (KNN), and
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Decision Tree classifiers were used to perform multi-class
classification (Low, Medium, High risk). For image
classification, a CNN model with a sigmoid-activated dense
layer was employed for binary classification (cancerous vs
non-cancerous).

To enhance robustness and anomaly detection, we applied
the Isolation Forest algorithm to clinical behavioral patterns to
flag unusual cases for further review. Anomaly scores were
computed as:

_E(h(x))
s(x,n)= 2 <

Where:
s(x,n): anomaly score
E(h(x)): average path length of instance x

c(n): average path length of successful splits in a binary
tree of n instances

4. Model Explainability

To ensure interpretability, SHAP (SHapley Additive
exPlanations) values were used to quantify the contribution of
each input feature to the model’s prediction. Based on
cooperative game theory, SHAP assigns a fair value to each
feature by calculating its marginal contribution across all
permutations:

pi =
{seF}

Where:

(ISI!(IFI— IS| - D!

i )x [FS v @)= FO)]

oi: Shapley value for feature i
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F: Set of all features
SEF(i): A subset of features excluding i
f(S): model output for subset S
5. Model Evaluation and Analysis

The dataset was split using a 70/30 train-test ratio, and model
performance was assessed using standard classification
metrics. The following equations were used

(TP + TN)

ACCUraCY = oo e

Precision =——
(TP + FP)

TP
(TP + FN)

Recall =

Fl-score = 2 X (PTECL:SL:OTL X Recall)
(Precision + Recall)

Where

TP = True Positives,
TN = True Negatives,
FP = False Positives,

FN = False Negatives.

These metrics helped benchmark the system against baseline
models and verified its capability in both risk-level
classification and image-based cancer detection.

IV. RESULTS AND DISCUSSION

The proposed hybrid lung cancer prediction system was
evaluated on a benchmark dataset containing both clinical
records and CT scan images. The system combines ML-based
risk classification and CNN-based image analysis. A 70:30
train-test split was used, and performance was measured using
standard classification metrics: accuracy, precision, recall, and
F1-score.

1. Clinical Data Classification Results (Multi-Class ML
Model)

The ML model, based on ensemble learning (SVM, Decision
Tree, KNN), was trained on clinical parameters such as age,
smoking history, air pollution exposure, and family history.
The model classified lung cancer risk into Low, Medium, and
High categories. The results achieved are summarized below

Table 1: Comparative Performance of Proposed and
Existing Models for Lung Cancer Prediction

Model Accuracy | Precision | Recall | F1- AUC-
(%) (%) (%) Score | ROC
(%)
Ensemble 96.3 95.0 940 | 945 | 0.98
Model
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(SVM +
DT +
KNN)

CNN 94.7 93.0 95.0 94.0 0.97
Model

Isolation 91.3 90.5 89.8 90.1 0.95
Forest

Random 88.6 87.4 86.2 86.8 0.91
Forest

BERT 89.1 88.3 87.9 88.1 | 0.92

GNN 90.5 89.7 90.1 89.9 0.94
Model

This table presents a comprehensive comparison between our
proposed models and several existing approaches in lung
cancer prediction, evaluated across five key performance
metrics: accuracy, precision, recall, F1-score, and AUC-ROC.
The ensemble model, which integrates Support Vector
Machine (SVM), Decision Tree, and K-Nearest Neighbors
(KNN) classifiers on structured clinical data, achieved the
highest overall performance with 96.3% accuracy and an
AUC-ROC of 0.98, indicating its strong generalization ability
and discriminative power.

Our CNN-based model, trained on CT scan images, also
demonstrated excellent performance with 94.7% accuracy and
94% Fl1-score, showing its effectiveness in identifying
cancerous versus non-cancerous lung tissues. The lIsolation
Forest, applied as an anomaly detection component within our
hybrid system, performed competitively, especially in
identifying abnormal patterns indicative of high-risk cases,
achieving an F1-score of 90.1% and an AUC-ROC of 0.95.

In contrast, existing models such as the Random Forest
classifier [1], BERT-based textual model [2], and Graph
Neural Networks (GNN) [3] reported lower overall scores,
particularly in recall and precision. While GNNs and BERT
showed respectable performance, they lacked the combined
multi-modal insight that our ensemble and CNN models
delivered. These results highlight the effectiveness of our
hybrid approach, which leverages both clinical and imaging
data, as well as ensemble and deep learning strategies, to
achieve superior predictive performance and support early
lung cancer diagnosis with enhanced reliability

With an impressive 96.3% accuracy and an AUC-ROC
of 0.98, our proposed hybrid ensemble model demonstrates
exceptional performance in predicting lung cancer risk using
both structured clinical data and imaging-based diagnostics.
The ensemble method—combining Support Vector Machines
(SVM), Decision Trees, and K-Nearest Neighbors (KNN)—
proved effective in multi-class risk prediction (low, medium,
high), while our Convolutional Neural Network (CNN)
architecture offered precise binary classification of CT scan
images into cancerous or non-cancerous categories. This dual-
input strategy significantly enhances diagnostic reliability by
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leveraging both medical metadata and visual cues from
imaging.

Key innovations contributed to the high accuracy of our
system. Unlike previous studies that rely solely on either
clinical or imaging data, our model fuses both domains,
capturing complementary insights. Clinical features such as
smoking history, air pollution exposure, and age were
processed through ensemble ML techniques, while
radiological features were learned through deep CNN layers.
The Isolation Forest module added robustness by identifying
anomalous patterns not typically seen in healthy patients,
achieving a standalone F1-score of 90.1% and flagging subtle
outliers potentially missed by traditional classifiers.

Model transparency was ensured through SHAP
(SHapley Additive exPlanations), which highlighted feature
contributions such as abnormal CT regions, critical clinical
indicators (e.g., chronic coughing, shortness of breath), and
outlier risk factors (e.g., non-smoking lung cancer cases).
Unlike black-box models, our framework provides actionable
explanations for clinicians, enabling informed decision-
making and higher trust in Al-assisted diagnosis.

Compared to existing works, our method outperforms
models such as Kabir et al. [1], which relied on centralized
deep learning approaches with lower generalizability (92%
accuracy), and Nguyen et al. [2], who used CNN-LSTM
models without addressing privacy or explainability. While
BERT-based models [3] effectively interpreted clinical notes,
they lacked integration with imaging, limiting predictive
power. Our use of SHAP and multimodal data inputs
overcomes these challenges, pushing the boundaries of early-
stage lung cancer detection. Furthermore, our semi-supervised
anomaly detection approach reduces dependence on large
annotated datasets, offering a scalable and adaptable solution
for diverse healthcare environments.

V. CONCLUSION

This paper presents a robust and scalable framework
that combines structured clinical data, medical imaging, and
advanced machine learning techniques to predict lung cancer
with high accuracy and transparency. By integrating ensemble
learning models (SVM, KNN, Decision Tree) with
convolutional neural networks (CNN) and anomaly detection
via Isolation Forest, the proposed hybrid system achieved an
outstanding 96.3% accuracy and 0.98 AUC-ROC,
outperforming several existing approaches. Two major
challenges in Al-assisted medical diagnostics—model
interpretability and outlier resilience—were directly addressed
through the inclusion of SHAP (SHapley Additive
exPlanations) and anomaly detection, respectively. Notably,
SHAP provided clinicians with understandable and transparent
explanations of model decisions, while Isolation Forest proved
effective in identifying rare or subtle cases that traditional
classifiers often miss.

This research offers three significant contributions.
First, the intelligent fusion of image-based deep features with
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behavioral and clinical data enhanced early lung cancer
detection, particularly in ambiguous or borderline cases.
Second, the integration of SHAP into both the CNN and ML
pipelines ensures that every prediction is traceable and
medically justifiable—critical for clinical deployment and
patient trust. Third, the system was designed with scalability
and adaptability in mind, enabling future applications in real-
time clinical decision support systems and mobile diagnostic
platforms.

Looking forward, several exciting avenues are open
for expanding this work. Incorporating multi-modal data such
as genetic markers, radiologist notes, or cough sound analysis
could improve diagnostic precision. Additionally, federated
learning could be employed to train models on decentralized
hospital datasets without compromising patient privacy.
Reinforcement learning might enable adaptive diagnosis
systems that evolve in real time based on feedback from
doctors. Finally, deployment in hospital environments—
augmented by human-in-the-loop validation—will be critical
to testing performance at scale, reducing false positives, and
refining the model with real-world patient data.

In conclusion, this research not only advances the
field of Al-driven lung cancer detection but also sets a new
benchmark in terms of accuracy, interpretability, and ethical
design. As the healthcare landscape embraces intelligent
systems, prioritizing explainability, privacy, and clinical
integration will be key to building trustworthy and impactful
solutions.
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