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Abstract

Lung cancer remains one of the most common cancers worldwide, and how early it
is caught shapes what treatment is possible and how long a patient lives. Computed
tomography (CT) sits at the center of this process, and deep learning has become a standard
tool for reading CT images, with strong results across medical image classification tasks.
This paper proposes an ensemble approach that brings pre-trained VGG16, ResNet50V2,
and MobileNetV2 together in a single framework, classifying lung CT images as benign,
malignant, or normal. The dataset consists of 1946 CT images from 473 patients, collected
at Atattirk University Hospital and labeled by a nuclear medicine physician. All three
backbones were fully fine-tuned end-to-end, an approach that an ablation study confirmed
outperformed both fully frozen and partially frozen configurations. Splits were made at the
patient level throughout, so no patient appears in both training and validation. Five-fold
cross-validation gave 89.42 £ 3.21% accuracy and a macro F1 of 0.865 % 0.036; the same
configuration, retrained on a separate patient-level split, reached 90.62% accuracy with
a macro F1 of 0.874. The results indicate that ensemble transfer learning can serve as a
supporting tool in lung cancer screening.

Keywords: lung cancer detection; deep learning; transfer learning; ensemble learning;
image classification; VGG16; ResNet50V2; MobileNetV2

1. Introduction

In living organisms, cells multiply according to a specific order to ensure growth and
tissue renewal. Cancer can be defined as a disease that arises as a result of the disruption
of this order, causing cells to multiply uncontrollably and abnormally. Cancer can be
caused by unhealthy eating habits, alcohol consumption, exposure to chemicals, obesity,
insufficient physical activity, and various environmental factors [1]. Almost a quarter of
cancer deaths worldwide are due to lung cancer.

Various medical imaging methods such as chest radiography, computed tomography
(CT), and positron emission tomography (PET) are used in the diagnosis of lung cancer. Due
to the shortcomings of these methods in interpreting images and automatically classifying
lesions, there has been a shift towards artificial intelligence and deep learning-based
approaches in this field in recent years. Accurate differentiation of findings into benign
and malignant and their distinction from normal tissue is extremely important for timely
and effective clinical management [2,3].
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Artificial intelligence is a technology that can mimic human intelligence in the pro-
cesses of analyzing, interpreting, and making sense of large and multidimensional data sets
using various algorithms and software techniques. Today, artificial intelligence applications
are effectively used in many healthcare fields such as diagnosis, treatment planning, disease
monitoring, and medical image analysis. In recent years, developments in the field of artifi-
cial intelligence have led to significant progress in lung cancer detection. In particular, deep
learning-based algorithms have achieved high accuracy rates in the characterization of lung
nodules, producing results close to or superior to the performance of expert radiologists in
differentiating between benign and malignant nodules [4]. It has also been widely adapted
to clinical imaging applications [5].

Deep learning is one of the most widely used machine learning algorithms. Studies
using deep learning in the medical field have become quite widespread recently with the
increase in data. In the literature, many studies have been conducted using deep learning
algorithms for the diagnosis of lung cancer and successful results have been obtained. In
addition, transfer learning, which means fine-tuning a pre-trained model on a large-scale
dataset on a task-specific dataset, has emerged as a particularly practical strategy in medical
imaging scenarios where labeled data is limited and data collection costs are high [6]. The
scope and contributions of this study can be summarized as follows:

e The study presents an ensemble transfer learning model that combines VGG16,
ResNet50V2 and MobileNetV2 to classify lung CT images into benign, malignant
and normal categories.

e  The dataset comprises 1946 CT images from 473 patients, directly labeled by a co-
author nuclear medicine physician based on clinical evaluation. This expert-led
labeling minimizes label noise, ensuring that the class boundaries learned by the
model accurately reflect real clinical distinctions.

e  VGGI16 provides deep and sequential convolution representations; ResNet50V2 uses
pre-activated residual jump connections to capture high-level features without gradi-
ent distortion; MobileNetV2 offers computationally efficient, depth-separable convo-
lution features.

e  Backbone selection was guided by architectural dissimilarity rather than intuition or
accuracy. VGG19 and ResNet50, close relatives of the VGG16 and ResNet50V2 already
in the ensemble, would likely add redundancy. MobileNetV2 was selected instead,
offering a different representational approach.

e  The extracted feature vectors are combined and passed through fully connected layers
to produce class-level probability outputs.

e  Data preprocessing steps include resizing the images to 224 x 224 pixels, preserving
the RGB channels and pixel normalization.

o  Data augmentation-based training diversity is used to improve generalization against
unseen imaging conditions.

e  Experimental results demonstrate that the ensemble model outperforms both the
single-layer model and similar ensemble models.

e Rather than assuming a freezing strategy, we tested one: a systematic ablation com-
paring fully frozen, partially frozen, and fully open configurations under the same
training conditions. Fully fine-tuning all three backbones came out on top, so that is
what we used for the final model.

e A dedicated ablation study isolating the individual contribution of each backbone is
included. This provides empirical support for the three-model ensemble choice rather
than treating architectural complementarity as a given assumption.

The remainder of the study is structured as follows: Section 2 reviews similar stud-
ies. Section 3 describes the methodology, including dataset characteristics, preprocessing
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pipeline, model architecture, and training configuration. Section 4 presents the quantitative
evaluation results and comparative analysis. The final sections discuss the implications of
the findings, examine the differences and advantages compared to existing studies, and
summarize future research directions.

2. Related Work

The first systems aimed at automatically diagnosing lung cancer attempted to process
visual criteria manually determined by medical professionals using traditional algorithms
such as Support Vector Machines (SVM), Decision Trees, and k-Nearest Neighbors (k-NN);
however, these methods required significant expertise and could not easily adapt to complex
datasets from different sources [7,8]. The introduction of Convolutional Neural Networks
(CNNis) revolutionized this field because these networks learned key details in images
directly from pixels, eliminating the laborious feature extraction process done manually [9].
Subsequently, transfer learning, which uses the knowledge of pre-trained models in massive
datasets, became a popular standard, especially in scenarios where finding medical images
is difficult, and improved diagnostic success despite limited data [10]. Today, ensemble
architectures that combine the predictions of multiple AI models are used; this minimizes
the margin of error or bias of a single model, ensuring that systems provide much more
consistent and reliable results [11].

Cift¢i conducted a study to determine whether a patient has cancer and, if so, whether
it is benign or malignant, using a dataset of 6053 lung tomography scans. He used two
different stages to divide the data into different ratios. In the first stage, VGG-16, Inception
v4, and MobileNetV3 were used, and in the second stage, the AlexNet method was used.
As a result of the study, it was seen that AlexNet gave a result with an accuracy of 96%,
MobileNetV3 with 81%, VGG-16 with 84%, and Inception v4 with 86% [12].

Uziilmez and Citfci conducted a study combining deep learning methods with Uncer-
tainty Quantization (UQ) to detect lung cancer and classify cancerous nodules as benign or
malignant. The study used a dataset of 663,549 lung CT scans and applied two different
methods. In the first method, the performance of different deep learning models was
evaluated without using the Uncertainty Quantization approach. According to the results,
the ResNet50 model achieved an accuracy rate of 96.5%, the AlexNet model 83.7%, the
InceptionV3 model 84.9%, and the VGG16 model 82.6%. Furthermore, the accuracy rate
of the developed 4-layer Convolutional Neural Network (CNN) model was calculated as
97.1%. In the second method, the Bayesian Neural Network-based Uncertainty Quantiza-
tion method was applied to increase the predictive reliability of the models. As a result
of this approach, ResNet50, AlexNet, InceptionV3 and VGG16 models achieved accuracy
rates of 89%, 86%, 91% and 77%, respectively [13].

Seker et al. conducted a study on the automatic classification of lung cancer from
histopathological images. In the study, the performance of Convolutional Neural Network
(CNN), Vision Transformer (ViT), and EfficientNet-B1 deep learning architectures was
compared, and the LIME (Local Interpretable Model-agnostic Explanations) method was
used to improve the interpretability of the model outputs. As a result of the evaluations,
it was determined that ViT and EfficientNet-B1 models showed higher performance than
the CNN model in F1-score, sensitivity, and precision metrics. While the most successful
classification results were obtained with the ViT architecture, the most comprehensive
explanations in terms of visualization and interpretation of model decisions were provided
by the EfficientNet-B1 model. The findings show that transformer-based and modern
deep learning architectures can be effectively used in the diagnosis of lung cancer from
histopathological images [14].
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Shah et al. developed a two-dimensional CNN-based deep learning ensemble to detect
lung nodules. Achieving a 95% accuracy rate, they demonstrated that combining multiple
models is more effective than using single networks [15].

Mikhael et al. introduced a special deep learning system they named Sybil. This model
can predict future lung cancer risk with high precision from a single low-dose CT scan and
demonstrates that it is possible to transition from single-timepoint imaging to longitudinal
risk stratification [16].

Wankhade and Vigneshwari, focusing on the diagnosis of early-stage lung cancer,
combined three-dimensional CNNs with hybrid deep learning modules. Their developed
CCDC-CNN model provided a stronger distinction between benign and malignant nodules
in volumetric data obtained from CT [17].

Said et al. developed a segmentation-oriented classification pipeline by combining
UNETR architectures with self-supervised learning networks. This approach provided
high diagnostic accuracy in lung images obtained from CT [18].

Wani et al. presented a hybrid framework they called DeepXplainer. Combining
CNN-based feature extraction with XGBoost classification, this system increased clinical
interpretability while maintaining predictive performance thanks to gradient-based ex-
plainability mechanisms. They achieved 97.43% accuracy with their proposed method [19].

Chae et al. applied deep learning-based texture analysis to detect interstitial lung
abnormalities in large-scale CT scan datasets and demonstrated the clinical significance of
texture-sensitive convolutional representations [20].

Guan et al. developed an automated PET image analysis framework utilizing differen-
tial activation filters and CNNs. This system demonstrated cutting-edge performance in
pulmonary scan benchmarks [21].

Mohamed et al. proposed the hybrid algorithm EOSA-CNN, which combines an Ebola
optimization-based search strategy with CNN classification. This method achieved high
accuracy in CT-based lung cancer datasets [22].

Rajasekar et al. achieved significant success in the early detection of malignant tissue
microstructures, particularly by using multiple deep learning models in the analysis of
histopathological cross-sectional images [23].

Kusuma achieved 97.3% accuracy in early-stage lung cancer classification by proposing
a hybrid CNN-RNN framework enhanced with the Pelican Optimization Algorithm [24].

Reshma et al. compared deep CNN architectures with traditional CNNs in the classifi-
cation of low-dose CT images and reported 95% accuracy, highlighting the advantages of
deeper network configurations [25].

Mohana Krishna and Puviarasi compared ResNet50 with InceptionV3 for CT-based
lung cancer prediction, achieving 93.09% accuracy and observing that residual connections
provided more stable gradient flow during training [26].

Safta and Shaffie improved pulmonary nodule diagnosis by integrating 3D-LOP
local descriptive features with three-dimensional CNN models and achieved 97.84% accu-
racy [27].

Princy Magdaline and Ganesh Babu combined attention-gated residual U-Net seg-
mentation with k-nearest neighbor classification and achieved 97% detection accuracy in
CT image datasets [28].

Kumaran et al. proposed an explainable ensemble framework integrating VGG16,
ResNet50, and InceptionV3 backbones with Grad-CAM visualization. This study, which
achieved 98.18% accuracy in the IQ-OTH/NCCD dataset, demonstrated the advantages of
multi-architecture feature fusion in terms of diagnostic interpretability [29].

A recent systematic review by Yang et al. published in the journal Applied Sciences
(MDPI) presented a comprehensive taxonomy of deep learning-based segmentation and
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classification methods in lung cancer CT images. This analysis, encompassing CNN-
based, U-Net-based, and Transformer-supported architectures, confirmed that ensemble
learning strategies consistently achieve top-level classification accuracy and supported the
methodological approach followed in this study [30].

The key difference that sets this research apart from similar studies in the literature
can be summarized as follows:

e An ensemble model consisting of VGG16, ResNet50V2, and MobileNetV2, which has
not been used before in lung tumor classification, is proposed.

e  Many similar studies have trained their models on the same publicly available datasets.

o The new dataset, created from 473 patients and 1946 CT images and labeled by the
nuclear medicine physician involved in the study, offers a new alternative to publicly
available datasets.

e Ensemble models are more competitive in terms of performance compared to single
models. Moreover, they have earned a highly competitive place in the literature with
their demonstrated performance.

3. Materials and Methods
3.1. Description of the Data Set

The experimental dataset used in this study consists of 1946 CT images obtained from
a total of 473 patients. All images were collected under clinical conditions and, based on
radiological evaluation, were classified into three diagnostic categories: benign (Benign
CT), malignant (Malignant CT), and normal (Clear CT). All patients whose images were
classified as malignant were diagnosed with lung cancer. Malignant cases constitute the
largest share of the dataset, accounting for 41.7%, while benign and normal cases are
represented at 18.3% and 40.0%, respectively. Table 1 shows the distribution of CT images
in the dataset.

Table 1. Class-wise distribution of CT images in the dataset.

. Avg. Images o
Class Patients Images IPatient Image (%)
Benign 131 356 2.72 18.3%
Malignant 245 812 3.31 41.7%
Normal 97 778 8.02 40.0%
Total 473 1946 411 100%

Labelling followed clinical criteria applied consistently across the dataset by the
nuclear medicine physician co-author. A nodule was classified as benign when it showed
no Fluorodeoxyglucose (FDG) uptake on PET/CT and no change in size across consecutive
scans six months apart, with a minimum detectable size of 3 mm. A nodule was classified
as malignant either through histopathological confirmation of primary lung cancer or
pulmonary metastasis, or when consecutive scans three months apart showed both FDG
uptake and growth in size.

All CT images used in this study were fully anonymized at the point of archival
extraction, in line with the ethics approval and consent waiver for this retrospective study.
As a result, individual patient-level information such as age and sex was not available and
could not be recovered. Scanner-level acquisition parameters, however, were retained: all
images were acquired using a GE Healthcare Discovery IQ PET/CT scanner (GE Medical
Systems, Waukesha, WI, USA), with a tube voltage of 120 kVp, tube current of 227 mAs,
gantry rotation time of 0.70 s, and a reconstructed slice thickness of 2.5 mm. The dataset was
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also collected from a single institution (Ataturk University Hospital), which may introduce
center-specific characteristics related to scanner type and imaging protocol.

Every image in the dataset carries a unique, de-identified patient code, allowing all
images from the same patient to be grouped together regardless of their diagnostic category.
This patient-level grouping ensures that images from a single patient are never split across
different subsets in any experiment, preventing data leakage as detailed in Section 3.2.

3.2. Data Preprocessing

In order to ensure input consistency and compatibility with the selected architec-
tures, a standard preprocessing was applied to all images prior to model training. The
images were loaded from the relevant class directories and converted to three-channel
RGB format, regardless of the original color space. Then, each image was resized to a
resolution of 224 x 224 pixels, which is compatible with the input requirements of the
VGG16, ResNet50V2 and MobileNetV?2 architectures. This resolution is also considered
sufficient for preserving diagnostically critical structural details.

I_resize = resize (I_original, 224 x 224)

After spatial normalization, the pixel density values were scaled to the intervals [0, 1]
by dividing by 255, which is the maximum value that can be represented in 8-bit images.
This step provides a consistent feature scaling between the inputs and contributes to the
stable stabilization of gradient dynamics during the training process.

I_normalize =1_resize/255

All data partitioning in this study was performed at the patient level rather than the
image level. Because a single patient can contribute multiple CT slices, an image-level
split allows near-identical images from the same patient to appear in both the training and
validation sets, which artificially inflates measured performance. To avoid this, patient
identifiers were used as the grouping variable for every split reported in this study. The
two exceptions are the replication of Kumaran et al. [29] and the IQ-OTH/NCCD control
experiment reported in Section 4; both use image-level splits for the reasons given there.

Model configuration was selected using five-fold GroupKFold cross-validation over
the full dataset, with folds constructed so that all images belonging to a given patient
fall entirely within a single fold. This procedure was used to evaluate the stability of
candidate configurations across different patient partitions, since single-split performance
rankings were found to vary substantially between splits. The selected configuration was
then retrained on a separate, patient-level 80/20 split, and the results reported in Section 4
correspond to the validation portion of that split. In both the cross-validation procedure
and the final split, no patient contributes images to more than one subset.

Class labels were converted to one-hot encoding to be compatible with the three-class
softmax output layer and the categorical cross-entropy loss function.

3.3. Data Augmentation

To reduce the risk of overfitting and improve the generalizability of the model to
unfamiliar imaging conditions, data augmentation transformations were applied to training
samples at each epoch. Augmentation was limited to the training subset; validation samples
were not subjected to any geometric transformations to ensure an unbiased performance
evaluation. The implemented augmentation procedures are as follows:

e Random rotation in the range of +15° to simulate patient positioning differences
during CT imaging (rotation_range = 15).
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e  Horizontal shift of up to 10% of image width to account for lateral variations in lung
field positioning (width_shift_range = 0.1).

e  Vertical shift of up to 10% of image height to reflect superior-inferior anatomical
variability (height_shift range = 0.1).

e  Horizontal flip to provide bidirectional symmetry variation (horizontal_flip = True).

e  Zoom change in the range of +10% to simulate image magnification and field of view
variations (zoom_range = 0.1).

e  Nearest neighbor fill for boundary regions resulting from geometric transformations
(fill_mode = ‘nearest’).

The batch size was fixed at 32 for both generators, and only the training batches were
remixed at each epoch.

To maintain data integrity, data augmentation was restricted strictly to the training
set following the split. Consequently, the validation set contained only original, unaltered
images to ensure an unbiased evaluation of the model’s generalization capability.

3.4. Model Architecture

The proposed classification model is based on an ensemble architecture that combines
three pre-trained models (VGG16, ResNet50V2, and MobileNetV2) working on an input
image. Each model functions as an independent feature extractor capturing complementary
features of lung tissue morphology at different levels of abstraction.

Developed by the Oxford University Visual Geometry Group, VGG16 sequentially
applies 3 x 3 convolution filters that gradually deepen across thirteen convolutional layers,
thereby enabling the extraction of low- and mid-level textural features [31].

ResNet50V2 is an improved derivative of the original ResNet50 architecture, featuring
pre-activated residual blocks that implement batch normalization and ReLU activation
before convolution operations. This structure improves gradient flow in deep networks
and supports feature reuse between layers, resulting in more stable convergence behavior
and stronger high-level feature representations [32].

MobileNetV2 performs computationally efficient feature extraction with far fewer pa-
rameters compared to VGG16 and ResNet50V2 by using depth-decomposable convolutions
combined with inverse residual bottleneck structures. The architecture is particularly suc-
cessful in capturing finely detailed spatial features while maintaining low computational
cost [33].

Rather than guessing at a freezing strategy, we tested one. Under identical training
conditions, we compared seven setups—from backbones that were completely frozen (with
only the newly added classification head learning anything) through to backbones left fully
open, where every layer of VGG16, ResNet50V2, and MobileNetV2 was fine-tuned. The
fully frozen version clearly underperformed the others, which tells us the backbones do
need to adapt to lung CT data rather than relying on ImageNet features as-is. Among what
remained, fine-tuning all three networks end-to-end gave the best results and held up most
consistently across the five folds, so that is what we kept for the final model.

All three models are initialized with weights pre-trained on ImageNet and have a
common input size of 224 x 224 x 3. The classification layers of each model are replaced
with a Global Average Pooling layer that reduces the output feature maps to fixed-length
vectors. The three resulting vectors are combined to form an integrated model, which
passes through a fully connected layer of 512 neurons with ReLU activation, a 50% Dropout
regularization, and finally a three-neuron output layer with softmax activation that gener-
ates class probabilities. All architectural components of the proposed ensemble model are
as shown in Figure 1.

https:/ /doi.org/10.3390/app16157585


https://doi.org/10.3390/app16157585

Appl. Sci. 2026, 16, 7585 8 of 19

VGG16
Fully fine-tuned
GlobalAvgPool Benign CT
)
: Fusion
Data preparation
- i Concatenate
Input Pre-processing One-hot encoding (3 classes) ResNet50V2
RGB conversion Dat: tati ST
Lung(CTimage ata augmentation Fully fine-tuned Dropout(0.5) Mali t CT
473 patients, 1946 224 x 224 pixels Batch size 32, shuffle alignan
patents. images GlobalAvgPool Dense(3, Softmax)
Rescale to [0, 1] Validated via 5-fold CV
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EarlyStopping: monitor=val_accuracy, GlobalAvgPool

patience=5, restore best weights
ReduceLRONPlateau: factor=0.5,
patience=3, min_Ir=1e-7

Figure 1. All components of the proposed model.

3.5. Model Training and Optimization

The ensemble model was compiled with the Adam optimizer, which has an initial
learning rate of 1 x 10~>. Adam was chosen because it can perform independent learning
rate updates for each parameter; this feature significantly stabilizes the training process
in medical imaging data. Categorical cross-entropy was used as the loss function for
multi-class classification:

L(y, §) = —Z; yi log(y;)

Model performance was monitored at each epoch separately for both the training and
validation subsets using accuracy, precision, and sensitivity metrics. Training is limited to a
maximum of 30 epochs with a batch size of 32.

Two callbacks were used to prevent overfitting and make training more efficient. Early
Stopping was configured to halt training and restore the best weights if validation accuracy
did not improve over 5 consecutive epochs. ReduceLROnPlateau, on the other hand, halves
the learning rate if the validation loss did not decrease over three epochs, allowing the
model to converge more precisely.

The training parameters of the proposed model are given in Table 2.

Table 2. Training parameters of the proposed model.

Parameter Value
Batch Size 32
Maximum Number of Epochs 30
Initial Learning Rate 1x107°
Optimizer Adam
Loss Function categorical_crossentropy
Cross-Validation Procedure 5-fold GroupKFold (patient-level)
Training/ Validation Separation 80%/20% (patient-level)
Early Stopping patience duration (patience) 5 epochs (val_accuracy, max mode)
ReduceLROnPlateau multiplier 0.5 (patience = 3 epochs)
Minimum Learning Rate 1x 1077

3.6. Performance Metrics

Model performance was evaluated across six complementary metrics. Accuracy gives
the percentage of correctly classified samples among all samples. Precision shows how well
the samples the model identifies as positive match those that are actually positive, while
sensitivity measures how many true positives were detected. The F1 score combines these
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two metrics into a single value, providing a more reliable summary, especially in cases of

unbalanced class distributions.

True Positive (TP): These are cases where the model made a correct prediction.

Benign: There is indeed a benign nodule in the image, and the model recognized it
as benign.

Malignant: There is indeed a malignant nodule in the image, and the model recognized
it as malignant.

Normal: There are no pathological findings in the image, and the model correctly
identified this as normal.

False Positive (FP): These are situations where the model makes something that does

not exist appear to exist.

Benign: Although no benign nodule was detected in the image, the model classified it
as benign.

Malignant: Although no malignant nodule was detected in the image, the model
classified it as malignant.

Normal: Although a nodule was present in the image, the model evaluated it
as normal.

True Negative (TN): These are cases where the model correctly identifies that an image

does not belong to a particular class.

Benign: The image shows no benign nodules, and the model accurately distinguishes
between malignant and normal nodules.

Malignant: The image shows no malignant nodules, and the model correctly distin-
guishes it as either benign or normal.

Normal: A nodule is present in the image, and the model has correctly classified it as
either benign or malignant.

False Negative (FN): This is the most clinically risky type of error, where the model

misses something that already exists.

Benign: The image shows a benign nodule, but the model has misclassified it as either
malignant or normal.

Malignant: The image shows a malignant nodule, but the model has misclassified it as
benign or normal. This type of error is particularly dangerous; missing a malignant
case can lead to delayed treatment.

Normal: Despite the absence of any pathological findings in the image, the model
incorrectly assessed it as either benign or malignant.

Accuracy is a fundamental metric that measures the overall success of a model. It is

defined as the percentage of correctly classified items among all samples and serves as a

quick indicator of performance in balanced datasets.

Accuracy = (TP + TN)/(TP + TN + FP + FN)

Precision measures the accuracy of positive predictions. It expresses the percentage of

examples that are actually positive among those that the model qualifies as positive; high

precision corresponds to a low false positive rate.

Precision = TP/(TP + FP)

https:/ /doi.org/10.3390/app16157585
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Recall/Sensitivity indicates the extent to which the model can capture all true positives
in the dataset. It is defined as the ratio of true positives to the total number of true positives;
high sensitivity indicates a low false negative rate.

Recall/Sensitivity = TP /(TP + FN)

The F1 score is the harmonic mean of precision and recall. It offers a more reliable
measure than the accuracy metric when class distribution is uneven, as it takes into account
both false positives and false negatives.

F1 =2 x (Precision x Recall)/(Precision + Recall)

The ROC curve and AUC visually demonstrate the model’s ability to discriminate
between classes. The AUC value numerically expresses the model’s capacity for accurate
classification; the higher the AUC value, the more successful the model.

AUC ~ ¥; (FPR;,; — FPR)) - (TPRyy; + TPR;)/2

The Confusion Matrix is a table that details the performance of a classification model
on a test set where the actual class labels are known. Each row of the matrix represents
the predicted class, and each column represents the actual class; this structure allows for a
visual examination of the algorithm’s error patterns.

3.7. Model Interpretability

To check whether the ensemble is actually looking at clinically meaningful regions
when it calls a case malignant, we applied Grad-CAM to the final convolutional layer of
each backbone (VGG16: block5_conv3; ResNet50V2: post_relu; MobileNetV2: out_relu)
and averaged the three activation maps into a single fused attention map. We focus this
analysis on malignant cases, since correctly localizing malignancy carries the greatest
clinical weight.

4. Results

Before training the final model, the stability of the selected configuration was assessed
using five-fold, patient-level GroupKFold cross-validation over the full dataset. Table 3
reports the accuracy and macro F1 score obtained in each fold, and Table 4 reports the
corresponding class-wise precision, recall, and F1 score, averaged across the five folds.

Table 3. Five-fold cross-validation results by fold.

Fold Accuracy Macro F1 Epochs
1 0.8769 0.8437 12
2 0.9049 0.8840 11
3 0.9460 0.9178 22
4 0.8715 0.8529 23
5 0.8715 0.8275 14
Mean + SD 0.8942 + 0.0321 0.8652 + 0.0359 16.4 + 5.7

Table 4. Class-wise precision, recall, and F1 score (mean =+ SD across five folds).

Class Precision Recall F1 Score
Benign 0.7682 4 0.1063 0.7223 =+ 0.0875 0.7412 £ 0.0743
Malignant 0.9284 4 0.0487 0.8892 =+ 0.0530 0.9069 =+ 0.0287
Normal 0.9163 4 0.0394 0.9816 4 0.0294 0.9475 4 0.0283
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The variation across folds is fairly small (£3.21 percentage points in accuracy), which
tells us performance here is not riding on one lucky split—it holds up across different
groups of patients. Benign is the exception: precision swings the most from fold to fold
(0.7682 £ 0.1063), which fits with there being fewer benign patients in the dataset and the
visual overlap between benign nodules and normal tissue we discuss in Section 5. This
cross-validation was about confirming the configuration is stable, not about producing the
headline number—the figures reported for the rest of this section come from retraining
the same setup on a separate, patient-level 80/20 split, as described in Section 3.2. The
resulting class-based classification report on the validation set is presented in Table 5.

Table 5. Class-based classification report in the validation set.

Class Precision Recall F1 Score
Benign 0.8596 0.6901 0.7656
Malignant 0.8750 0.9545 0.9130
Normal 0.9395 0.9484 0.9439
Accuracy 0.9062
Macro Avg 0.8914 0.8643 0.8742
Weighted Avg 0.9054 0.9062 0.9037

Broken down by class, the model reached 85.96% precision and 69.01% recall (F1:
0.7656) on benign samples, 87.50% precision and 95.45% recall (F1: 0.9130) on malignant
samples, and 93.95% precision and 94.84% recall (F1: 0.9439) on normal samples. Overall
accuracy came to 90.62%, with macro-averaged precision, recall, and F1 of 89.14%, 86.43%,
and 0.8742.

The three backbones clearly complement each other here, but performance is not the
same across classes. Malignant cases stand out, with recall reaching 95.45%; the clinical
significance of this figure is discussed in Section 5. Benign cases are the weaker spot: the
lower recall there suggests the model still confuses some benign nodules with normal
tissue. The corresponding accuracy and loss curves are as shown in Figure 2.
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Figure 2. Accuracy and loss graphs.

The corresponding confusion matrix and ROC curves are as shown in Figure 3.
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Figure 3. Confusion matrix and ROC curve graphs.

According to the confusion matrix, 49 of 71 benign samples, 126 of 132 malignant
samples, and 202 of 213 normal samples were correctly classified, resulting in a total of
39 misclassifications across the validation set. Receiver Operating Characteristic (ROC)
analysis yielded an Area Under the Curve (AUC) of 0.9847 for the malignant class and
0.9786 for the normal class, alongside a micro-averaged AUC of 0.9672 across all three
classes, demonstrating strong overall discriminative capability. The benign class showed
a lower AUC of 0.9155, which aligns with its lower precision and recall relative to the
other categories.

Errors within the benign class were distributed roughly evenly between the malignant
and normal classes (10 and 12 samples misclassified, respectively) rather than skewed
toward a single direction. This pattern is consistent with the literature and likely reflects
the morphological overlap between benign nodules and both malignant lesions and normal
parenchyma at the current imaging resolution. By contrast, malignant cases were classified
with high recall; only 6 of 132 samples were misclassified (5 as benign, 1 as normal),
reflecting the model’s strong sensitivity to malignant tissue patterns. Of the 213 normal
samples, 11 were misclassified (8 as malignant, 3 as benign); the higher rate of normal-to-
malignant confusion slightly increases the false-positive rate for this class, but this trade-off
does not carry the critical clinical risk associated with missing an actual malignant case.

During training, the loss decreased consistently across epochs, and the validation
loss stabilized following the learning rate reductions triggered by the ReducelLROn-
Plateau callback, indicating that the optimization configuration effectively managed
network convergence.

To empirically validate the proposed ensemble architecture, we evaluated each back-
bone on its own before combining them into the full ensemble. The results are in Table 6.

The ensemble beats every individual backbone on both metrics. MobileNetV2 stands
out here—it performed noticeably worse than the others on its own (F1: 0.5555). We kept
it anyway, rather than swapping in VGG19 or ResNet50, even though both scored higher
alone (F1: 0.8335 and 0.8006). The reasoning: VGG19 and ResNet50 are close relatives of
VGG16 and ResNet50V2, which are already in the ensemble, so they would likely make the
same kinds of mistakes rather than different ones. MobileNetV2 works differently—it is
built on depthwise separable convolutions—so we picked it for that architectural diversity,
not for its solo accuracy. And that choice paid off: its presence did not stop the ensemble
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from reaching the best overall result, which fits with the idea that what drives ensemble
performance is diversity across architectures, not how strong any one piece is on its own.

Table 6. Ablation study results—individual backbone performance.

Backbone Accuracy F1 Score
VGG16 0.8670 0.8356
VGG19 0.8646 0.8335
ResNet50 0.8389 0.8006
ResNet50V2 0.8598 0.8284
MobileNetV2 0.7572 0.5555
EfficientNetBO 0.5385 0.3218
VGG16 + ResNet50V2 + MobileNetV2 0.9062 0.8742
(Proposed model)

Freezing strategy was not something we assumed—we tested it. Under identical train-
ing conditions, we ran five-fold cross-validation on seven setups: fully frozen backbones,
three intermediate points (25%, 50%, 75% of layers trainable), the layer-specific scheme
originally considered (VGG16: first 15 layers, ResNet50V2: first 50, MobileNetV2: first 100),
a two-phase warm-up variant, and fully open fine-tuning. Table 7 has the full comparison.

Table 7. Comparison of freezing strategies under five-fold cross-validation (mean + SD).

Configuration Accuracy (%) Macro F1 Benign F1 Malignant F1 Normal F1
Fully frozen (0% trainable) 8494 + 376  0.798 4+ 0.048 0597 & 0.093  0.855 4 0.040  0.942 + 0.028
25% trainable 88.64 +2.75 0.85240.030 0.707 - 0.053  0.906 & 0.028  0.942 + 0.024
50% trainable 8850 +3.67  0.8554 0.039 0.720 & 0.059  0.903 4+ 0.033  0.942 + 0.029
75% trainable 8720 +3.69 0.83740.037 0689+ 0.046 0.884 4 0.040  0.939 + 0.032
Layezzp/%céf/“ljg’g)heme 8736 £2.16  0.837 4+ 0.021 0.687 & 0.043  0.882 4+ 0.027  0.943 + 0.022
Two-phase (warm-up + partial) ~ 87.26 +2.85 0.840 +0.029 0.700 +0.037  0.881 +0.030  0.940 & 0.026
Fully open (100% trainable) 89.42 +321  0.865+0.036 0.741 +0.074 0.907 +0.029  0.948 + 0.028

(Adopted)

Freezing everything performed clearly worse than every other option, so some adap-
tation to lung CT data is genuinely needed. Beyond that, the differences were fairly small,
but fully fine-tuning all three backbones came out on top, with the highest accuracy and
macro F1, and it held up consistently across folds. That is what we kept for the final model.

To address the concern regarding cross-dataset comparability, the ensemble configu-
ration proposed by Kumaran et al. [29] was trained and evaluated on our dataset using
the training configuration described in their own study, so that the architecture was as-
sessed under the settings its authors intended rather than under settings tuned for our
model. Since patient identifiers are available for our institutional dataset, we applied the
same patient-level, leakage-free split used throughout this study to the Kumaran et al. [29]
replication as well, rather than following their original image-level protocol. This ensures a
fully matched comparison in terms of data partitioning. Table 8 reports the results of this
cross-dataset comparison with Kumaran et al. [29].
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Table 8. Cross-dataset comparison with Kumaran et al. [29].
Stud Model Dataset Accurac Macro F1
y y
Kumaran et al. [29] (reported) Vﬁilci;izi\\{gw [Q-OTH/NCCD 98.18% 0.969
Our dataset
Kumaran et al. [29] V(J;rilfeﬂfiiill\\lle;w (Their own criteria) 80.77% 0.758
p (Patient-level)
VGG16+ResNet50V2 IQ-OTH/NCCD o
Proposed model +MobileNetV?2 (Our criteria) 96.82% 0.930
VGG16+ResNet50V2 Our dataset o
Proposed model +MobileNetV2 (Patient-level) 90.62% 0.874

The configuration proposed by Kumaran et al. [29] showed a substantial decline in
performance when transferred to our dataset (98.18% to 80.77% accuracy), whereas the
proposed model’s performance on IQ-OTH/NCCD remained comparable to, and in fact
slightly exceeded, its performance on our own dataset (90.62% to 96.82% accuracy). This
asymmetry suggests that the proposed architecture generalizes more robustly across differ-
ent imaging sources than the compared configuration, and that its reported performance is
not confined to a single dataset.

One methodological point should be noted regarding this comparison. Since patient
identifiers are available for our institutional dataset, the same patient-level, leakage-free
split used throughout this study was also applied to the Kumaran et al. [29] replication,
rather than the image-level protocol used in their original work. This ensures that the
two models are compared under an identical, matched data-partitioning scheme, so the
reported gap (90.62% vs. 80.77%) cannot be attributed to any difference in splitting strategy
between the two configurations. A separate caveat applies only to the IQ-OTH/NCCD
control experiment: as this public dataset does not provide patient identifiers, an image-
level split was necessarily used there. The 96.82% accuracy reported for that experiment
should therefore be interpreted with the possibility of residual image-level leakage in mind,
unlike all other results in this study.

Figure 4 shows a representative Grad-CAM visualization for a malignant case, illus-
trating the image regions contributing most to the model’s malignant classification decision.

Malignant — correctly classifiad
(p=0.968)

Figure 4. Grad-CAM visualization for a representative malignant case.

To get a sense of where the model is actually looking when it flags a case as malignant,
Grad-CAM was applied to a representative example. The highlighted region lines up closely
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with the perihilar /mediastinal area containing the lesion, consistent with the model’s strong
overall recall for malignant cases (95.45%).

5. Discussion

The results show that ensemble transfer learning is a genuinely competitive approach
for classifying lung cancer from CT images. Table 9 places our results alongside those
reported in the literature, though, as discussed below, these comparisons come with
real caveats.

Table 9. Summary of literature studies on lung cancer classification from CT images.

Study Dataset Method Accuracy

MobileNetV3 81%
o VGG16 84%
Giftei (2022) [12] TCIA InceptionV4 86%
AlexNet 96%

Uziilmez and Ciftci (2024) [13] LUNA16 4-layer CNN 97.1%

CNN 87.93%

Seker et al. (2024) [14] (I:{Zizggoa(ﬁ%fle) ViT 98.40%

P 8y EfficientNet-B1 96.97%

Shah et al. (2023) [15] LUNA1l6 Ensemble 2D CNN for nodule detection. 95.00%

Wankhade and Vigneshwari

(2023) [17]

LIDC-IDRI CCDC-HNN: 3D-CNN hybrid 95.00%

Wani et al. (2024) [19]

Survey Lung Cancer

(Kaggle) DeepXplainer: CNN + XGBoost 97.43%

Hybrid CNN-RNN + Pelican

Kusuma et al. (2024) [24] IQ-OTH/NCCD Optimization 97.30%
IQ-OTH/NCCD o
Reshma et al. (2024) [25] (Mendeley) Deep CNN 95.00%
Mohana Krishna and . o
Puviarasi (2024) [26] IQ-OTH/NCCD ResNet50 vs. InceptionV3 93.09%
Safta and Shaffie (2024) [27] LIDC-IDRI 3D-LOP + 3D-CNN 97.84%
Kumaran et al. (2024) [29] IQ-OTH/NCCD VGG16 + ResNet50 + InceptionV3 98.18%
Proposed Model IQ-OTH/NCCD VGG16 + ResNet50V2 + MobileNetV?2 96.82%
Proposed Model Own daﬁ:f/eetl)(Pa“em VGG16 + ResNet50V2 + MobileNetv2  90.62%

Direct numerical comparisons across studies in Table 9 should be interpreted with
caution, as each study was evaluated on a different dataset. Performance differences
likely reflect variations in dataset size, diversity, and clinical characteristics, not only
architectural choices.

Most referenced studies used public benchmarks such as LUNA16, LIDC-IDRI, or
IQ-OTH/NCCD. In contrast, this study was conducted on CT images from 473 patients
collected at Atattirk University Hospital. Results obtained on such institutional data may
better reflect local clinical conditions and patient demographics.

To establish a controlled baseline within our dataset, we conducted an ablation study
in which each backbone model was trained and evaluated independently (Table 6), and
a direct re-implementation of the most closely related ensemble configuration, that of
Kumaran et al. [29], trained on our dataset under the settings reported in their own
study (Table 8). This configuration showed a substantial drop in performance when
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evaluated on our institutional data (80.77% accuracy, macro F1 0.758) compared to the
98.18% originally reported, reinforcing the view that the accuracy figures in Table 9 are not
directly comparable across studies.

The ensemble’s strong performance can largely be explained by how differently its
three backbones represent the input. ResNet50V2’s pre-activated residual blocks give it
a more stable gradient flow during fine-tuning than a standard ResNet50 would offer,
which in turn helps it pick up higher-level features tied to lung parenchyma. MobileNetV2
works differently: its inverted residual bottlenecks let it stay parameter-efficient while
still picking up fine spatial detail. Together with VGG16’s tissue-sensitive deep features
and the skip-connection-rich representations from ResNet50V2, the three networks end up
covering somewhat different parts of the feature space. For the classifier head, we tested
several configurations and settled on a single 512-neuron Dense layer; this was mostly
an empirical decision, and combined with 50% Dropout, it simply gave more consistent
validation results than the deeper heads we tried.

A common shortcoming in ensemble studies in this area is reporting only the final
combined accuracy, without checking whether each backbone is actually contributing.
We tried to avoid that here: the freezing-strategy ablation in Section 4 (Table 7) and the
per-backbone breakdown in Table 6 both indicate that the three models are contributing in
genuinely different ways, not simply combined for convenience.

Clinically, the recall on malignant cases is probably the number that matters most. Mis-
taking a malignant case for a benign one is a much costlier error here than the reverse, since
it can delay diagnosis and shrink the window for effective treatment. The model reached
95.45% recall for the malignant class, meaning the vast majority of true malignant cases
were correctly caught, exactly the kind of error the system needs to keep to a minimum.

Benign cases were where the model struggled most. That is not entirely surprising:
some benign lesions look a lot like normal parenchymal variation at the resolution typical
CT imaging offers, and this overlap shows up throughout the literature. It probably did not
help that benign was also our smallest class (356 of 1946 images, 18.3%), largely because
relatively few benign-nodule patients had scans with nodules clear enough to include in
the dataset in the first place.

Interestingly, the benign misclassifications were not skewed toward one direction:
errors split fairly evenly between malignant (10 cases) and normal (12 cases), which fits with
the morphological-overlap explanation above rather than pointing to some systematic bias.

This study did not separately annotate nodule boundaries, so a size-based analysis
was not possible. That said, small nodules and low contrast-to-noise ratios are a known
source of misclassification in CT-based analysis, so some of the benign errors we see may
stem from this; it is a natural thing to test once nodule-level size annotations are available.

Two paths seem worth pursuing in the meantime. Spatial attention, which weights
small, low-contrast regions more heavily, could help the model pick up nodules it currently
misses. Multi-scale feature fusion is a related option, since fine detail lost in coarser feature
maps is often what a small nodule needs to be recognized. On the clinical side, a cost-
sensitive decision threshold at inference time, rather than retraining, offers a way to trade
off benign recall against malignant recall as needed.

6. Conclusions

This study set out to build a multi-backbone ensemble for classifying lung cancer from
CT images, bringing together VGG16, ResNet50V2, and MobileNetV2. Tested on 1946 CT
images from 473 patients, the model reached 90.62% accuracy with a macro F1 score of
0.874. Combining the three backbones gave a modest but consistent edge over any single
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model on its own, and this was not just assumed: it was checked empirically through
cross-validation and ablation.

Data augmentation, ReduceLROnPlateau, and EarlyStopping together kept training
stable without needing synthetic sampling methods like SMOTE. The model’s recall on
malignant cases, 95.45%, means it rarely misses an actual cancer, which is the error that
matters most clinically. Benign cases were harder: they are both underrepresented in the
dataset and morphologically similar to normal tissue, and closing that gap is a natural next
step. Spatial attention and a cost-sensitive inference threshold, discussed in Section 5, offer
concrete starting points for that work.

The ablation work backs up the design choices throughout. Each backbone on its own
performed noticeably worse than the full ensemble (Table 6), and a systematic comparison
of freezing strategies confirmed that fully fine-tuning all three backbones beat both frozen
and partially frozen setups (Table 7). Reproducing Kumaran et al.’s [29] closely related
ensemble under the settings reported in their own study showed that their reported
numbers did not carry over to our institutional data, which says something important
about comparing across datasets rather than within one.

The proposed architecture was also applied to IQ-OTH/NCCD, an existing public
dataset, and achieved strong results there as well (96.82% accuracy). The current framework
relies solely on CT images, though; folding in complementary modalities such as PET/CT,
which already informed the ground-truth labeling in this study, may further improve
diagnostic accuracy, particularly for the benign class where morphological overlap with
normal tissue was most pronounced.

As the model was developed and evaluated on retrospective, single-center data,
claims of clinical applicability should be regarded as preliminary until confirmed through
multicenter validation and prospective clinical studies.

Future work should prioritize multicenter validation across different scanners and
institutions, exploration of more advanced architectures, extension of the explainability
analysis introduced here through additional techniques, and prospective clinical evaluation
to establish real-world diagnostic utility.
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