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FibNet: A Deep Learning-Based Interpretable System for Automated

Diagnosis of Pulmonary Fibrosis

Jagadeesh Purushothaman®??
Amudha Veerapan?

ABSTRACT

Pulmonary fibrosis (PF) is a progressive interstitial
lung disease (ILD) that severely impairs respirato-
ry function and can lead to fatal outcomes. Accurate
and early diagnosis from chest computed tomogra-
phy (CT) scans is essential for timely treatment but
remains challenging due to visual similarities with
other lung conditions. Conventional manual assess-
ment is time-consuming and prone to inter-observer
variability, while traditional deep learning models like
VGG16, ResNet50, and DenseNet121 often struggle
with optimal accuracy and clinical interpretability. To
address these challenges, we propose FibNet, an Effi-
cientNet-B3-based deep learning framework enhanced
with Squeeze-and-Excitation (SE) attention and Grad-
CAM++ for improved accuracy and explainability. The
model incorporates preprocessing steps including
lung segmentation and Hounsfield unit normalization
to enhance feature representation. Validation was con-
ducted on two distinct publicly available datasets: the
Open Source Imaging Consortium (OSIC) PF Progres-
sion dataset comprising 176 patients with more than
24,000 CT slices, and the ILD dataset from the Lung Tis-
sue Research Consortium containing 128 patients with
approximately 18,000 CT slices. Each dataset was split
70:30 for training and testing. The implementation was
carried out using TensorFlow 2.12 with the Keras API
on an NVIDIA RTX 3090 GPU (24 GB VRAM). Experimen-
tal results show that FibNet achieved an accuracy of
0.978, Dice coefficient of 0.97, loU of 0.95, and Mat-
thews Correlation Coefficient (MCC) of 0.96 on the OSIC
dataset, and 0.968, 0.96, 0.93, and 0.95 respectively
on the ILD dataset, outperforming all baseline models.
In conclusion, FibNet provides a computationally effi-
cient and interpretable solution for PF diagnosis, with
robust validation across multiple datasets, offering
strong potential for real-world clinical integration.
Keywords: Pulmonary fibrosis CT diagnosis, Effi-
cientNet-B3architecture, Squeeze-and-excitation at-
tention, Grad-CAM++ interpretability, Hounsfield unit
normalization

Introduction

Pulmonary fibrosis (PF) diagnosis remains a highly
challenging task despite continuous improvements in
medical imaging technology, primarily due to subtle
visual similarities with other pulmonary disorders.!
For instance, parenchymal destruction and emphy-
sematous alterations observed in chronic obstructive
pulmonary disease (COPD) may resemble fibrotic pat-
terns, while non-specific interstitial pneumonia often
exhibits reticulation and ground-glass opacities that
closely mimic PF manifestations.? Such overlapping

,Bhuvaneswari Balachander?, Premkumar Selvam?® and

radiological characteristics significantly complicate dif-
ferential diagnosis. Moreover, manual interpretation of
computed tomography (CT) scans is time-consuming
and susceptible to inter-observer variability, frequently
leading to inconsistent clinical assessments.?

Although conventional convolutional neural net-
works (CNNs) such as VGG16, ResNet50, and DenseN-
et121 have demonstrated improved diagnostic
performance, they typically involve a large number of
parameters, lack domain-specific optimization, and
offer limited interpretability, thereby restricting their
clinical applicability. In addition, many existing deep
learning models for PF diagnosis are often opaque, ex-
hibit poor generalization across datasets and scanners,
and impose substantial computational overheads.
These approaches also rarely integrate preprocessing
and attention mechanisms within a unified end-to-end
explainable framework. To address these limitations,
this article proposes FibNet, a deep-learning architec-
ture built upon the EfficientNet-B3 backbone, explicitly
designed to achieve robust performance with enhanced
interpretability and computational efficiency.

Recent survey studies highlight the growing adoption
of deep learning techniques for PF diagnosis.* However,
the present work advances the state of the art by in-
tegrating EfficientNet-B3 with squeeze-and-excitation
(SE) attention and Grad-CAM++ visualization within
a single end-to-end framework. This unified design
simultaneously improves classification accuracy, vi-
sual interpretability, and cross-dataset generalization,
a combination that has not been comprehensively
addressed in prior PF studies. This study introduces
FibNet, a deep-learning architecture that employs
EfficientNet-B3 as the backbone for effective feature
extraction, incorporates SE blocks for adaptive chan-
nel attention, and utilizes Grad-CAM++ for enhanced
visual interpretability. The model is designed to per-
form both classification and lesion localization, ensur-
ing that the decision-making process is transparent
to clinicians. The inclusion of preprocessing steps such
as lung segmentation, Hounsfield unit normalization,
and patch slicing further enhances feature consistency
and reduces background noise.

To guide the development and evaluation of the pro-
posed framework, this study seeks to answer the fol-
lowing research questions:

e RQ1: Can an EfficientNet-B3 backbone augmented
with SE attention outperform traditional CNN archi-
tectures in PF classification?

e RQ2: Can Grad-CAM++ provide clinically interpre-
table localization of fibrotic regions in CT scans?
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e RQ3: Can the proposed FibNet framework general-
ize effectively across different datasets and imaging
modalities?

e RQ4: Is the integrated end-to-end pipeline com-
putationally efficient enough for practical clinical
deployment.

The remainder of the article is organized as follows:
Section “Related Work” reviews existing literature on
PF diagnosis and interpretable deep-learning meth-
ods. Section “System Methodology” presents the pro-
posed FibNet architecture and preprocessing pipeline.
Section “Experimental Results” describes the datasets,
experimental setup, and evaluation metrics. Section
“Discussion” discusses the performance results, in-
terpretability analysis, and ablation studies. Section
“Conclusion” concludes the paper and outlines poten-
tial future directions.

Related Work

Several recent studies have explored deep learning
and machine learning approaches for the detection
and classification of pulmonary and other medical
diseases using radiological images, electronic health
data, and multimodal frameworks. PF/interstitial lung
disease (ILD)-specific CT recent studies have integrat-
ed deep learning for predictive modeling. An example
is Chantzi et al.” reviewed the application of radiom-
ics and Al in PF, and pointed out the need of having
explainable systems at these cross-regional collabora-
tions level. Longitudinal multi-center studies, such as
Zhang et al.® for combined PF and emphysema cohort
studies, have demonstrated the need for dependable
and versatile models to avoid overfitting to specif-
ic scanner types or acquisition protocols. Our work
adds to these developments through the incorpora-
tion of explainability and attention mechanisms in a
compact and efficient pipeline, segmentation-aware
and empirically validated on two public datasets.
Souid et al.” developed a fast-staged CNN for pulmo-
nary disease and lung cancer detection, achieving ef-
ficient classification with high accuracy. The method,
however, was dataset-specific, limiting broader appli-
cability. Oltu et al.® proposed a deep learning-based
chest X-ray classifier that effectively distinguished
disease categories, though its accuracy was resolution-
dependent and lacked multi-center validation.
Nanthini et al.” introduced a DL framework for lung
disease prediction integrating preprocessing and
classification, but evaluation was limited to a single
dataset without cross-domain testing. Borate et al.*°
compared multiple machine learning algorithms for
lung disease prediction, highlighting accuracy—com-
plexity trade-offs, yet relying solely on structured clin-
ical data without medical imaging. Sun et al.}! applied
deep learning to bronchoscopy images for respiratory
disease prediction, achieving high accuracy but with-
out interpretability assessment. Cai et al.'? proposed a
local-to-global framework for COPD diagnosis using
CT scans, effectively capturing fine and global features,
but requiring high computational resources. Nguy-
en and Vo' developed a deep learning pipeline for

detecting lung diseases from X-rays, showing promis-
ing benchmarkresults but without testing under noisy
or degraded images. Zhou et al.* proposed an adaptive
multiscale feature fusion approach for chest radiogra-
phy, achieving accurate recognition of pulmonary dis-
eases through enhanced feature integration. Aljuaid
et al.”” developed RADAI, a deep learning frame-work
for chest X-ray classification, which demonstrated
strong performance in detecting diverse lung abnor-
malities. Khaled et al.!* evaluated ML models for
liver disease detection with big data, but did not
consider applicability to lung diseases. Overall, the
literature shows notable progress in disease detection
using deep learning, though challenges remain in
generalization, interpretability, and low-resource opti-
mization. In addition to PF -specific models, most
recent studies have investigated new architectural
and multimodal approaches to the analysis of lung
diseases with methodological implications applicable
to our study. An example is a hybrid deep learning
model with convolutional and recurrent layers to de-
tect COVID-19 based on CT scans that is suggested
by Khan et al.'’ and underlines the effectiveness of
sequential feature learning in respiratory diagnos-
tics. Their work, though focused on the classification
of infectious diseases, highlights the severity of the
hybrid architecture in terms of progressive parenchy-
mal changes, which applies to the entire process of
fibrosis progression monitoring. Going in the oppo-
site direction, Patel et al.!® presented a multimodal
fusion method that combines CT images with clinical
metadata to classify ILDs. Their system indicated that
patient-specific clinical variables (i.e., age, smok-
ing history) when used with imaging characteristics
enhanced the accuracy of diagnosis when compared
to image-only models. Although our present work is
oriented to the analysis with the help of the CT tech-
nique, their results point to the significant direction of
the future: the combination of multimodal data in
order to provide it with strength and clinical signifi-
cance. These article demonstrate the current trends of
hybrid modelling and multimodal fusion in pulmonary
image analysis. Our FibNet framework is in line with
these directions as it uses attention mechanisms and
CT-specific preprocessing pipelines but also prepares
the way to the further extension to multimodal and
temporal modeling to monitor fibrosis (Table 1).

Problem Statement and Justification

PF and related ILDs present significant diagnostic
challenges due to overlapping visual patterns, subtle
texture variations, and heterogeneous disease man-
ifestations in high-resolution computed tomography
(HRCT) scans. Conventional deep learning models
such as VGG16, ResNet50, and DenseNet121, while
effective for generic medical image classification,
often lack domain-specific optimizations to capture
fine-grained pathological features, leading to subop-
timal accuracy and limited interpretability. Addition-
ally, variability in image acquisition protocols and the
need for robust cross-dataset generalization further
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Table 1 | Summary of related work

Author [Ref] Method Findings Limitations

Souid et al.” Fast-staged Improved classification; Dataset-specific tuning limits
CNN competitive accuracy generalization

Oltu et al.® DL chest X-ray  High accuracy in disease Dependent on resolution;

differentiation

limited multi-center tests

DL with
preprocessing

Nanthini et al.?

Effective lung disease
prediction

Single dataset; no cross-
domain test

Borate et al.'® ML algorithm Accuracy—computation Structured data only; no
comparison trade-offs imaging

Sun et al.!? DLon High diagnostic accuracy No interpretability assessment
bronchoscopy

Cai et al.?? Local-to-global  Captures fine + holistic CT High computational cost
DL features

Nguyen and Vo> DL on X-ray Promising benchmark results ~ No noisy/low-quality analysis

Zhou et al.* Workflow + Better diagnosis workflow Limited technical details
cognition

Aljuaid et al.* DL for plant Adaptable to biomedical No pulmonary-specific focus
images imaging

Khaled et al.® ML for liver Predictive analytics potential ~ No lung-domain shift study
disease

complicate automated diagnosis. To address these
issues, the proposed FibNet framework leverages an
EfficientNet-B3 backbone enhanced with SE attention
for adaptive feature recalibration, Grad-CAM++ for vi-
sual interpretability, and domain-specific preprocess-
ing steps including lung segmentation and Hounsfield
unit normalization. This integrated design not only
improves classification accuracy and Dice/Intersection
over Union (IoU) metrics but also enhances clinical
trust through explainable Al outputs, making it more
suitable for real-world deployment in multi-center
healthcare environments.

System Methodology

The proposed FibNet framework for automated PF
diagnosis consists of four main stages: data prepro-
cessing, feature extraction, attention-enhanced clas-
sification, and interpretability analysis. The workflow,
as illustrated in Figure 1, is designed to optimize pre-
dictive accuracy while ensuring clinical transparency.

Data Preprocessing

The raw high-resolution CT scans are first subjected to
lung region segmentation using a U-Net-based model
to remove irrelevant anatomical structures. The U-Net
follows a standard encoder—decoder design with four
downsampling and upsampling blocks, each consist-
ing of convolutional layers with batch normalization
and ReLU activation. Skip connections are incorporat-
ed to preserve spatial detail during reconstruction. The
network was trained on a publicly available lung seg-
mentation dataset with expert-annotated CT slices, us-
ing the Dice loss function to optimize overlap between
predictions and ground truth. Training was performed
for 100 epochs with the Adam optimizer (learning rate
1 x 10*) and a batch size of 8. After segmentation,
voxel intensities are normalized to Hounsfield units
(HU) in the range [-1000, 400] to preserve lung tissue
contrast. The segmented volumes are then divided
into non-overlapping patches of size 300 x 300, which
focus on localized fibrosis patterns while enabling
efficient batch processing. Such preprocessing steps
have been shown to enhance feature consistency and
improve fibrosis detection performance in prior stud-
ies.'® The lung segmentation model used in the prepro-
cessing stage was a U-Net architecture trained in-house
on publicly available CT lung-mask datasets (LUNA16
and Vessel-12). The trained U-Net achieved a Dice coef-
ficient of approximately 0.98 and an IoU of 0.97 on its
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Fig 1| Block diagram of the proposed FibNet framework
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internal validation set, demonstrating reliable delin-
eation of lung parenchyma for subsequent analysis.
Typical failure cases included incomplete segmenta-
tion near the apices and occasional artefacts at basal
slices affected by motion, which are acknowledged as
known limitations of the preprocessing step. All splits
were performed at the patient level to avoid any infor-
mation leakage between training and testing sets.

Feature Extraction
Feature extraction is carried out using the Efficient-
Net-B3 backbone, which balances accuracy and
computational cost through compound scaling. Giv-
en an input patch X € R3°3003_ the convolution-
al transformation is represented in Equation (1): F.
Training Objective.

The model is trained using the Binary Cross-Entropy
(BCE) loss, given in (6):

& . )
where L., = FZ[JG log($,)+(1-y)log(1-$)] ¥;
i=1

is the ground truth label and y, is the predicted
probability for the i-th sample.

F=¢,(X) (€8]

where ¢, (-) denotes the convolutional feature map-
ping parameterized by weights 6, and F represents the
resulting feature tensor.

Attention Mechanism

To enhance the network’s focus on clinically signif-
icant areas, a SE block is applied. The squeeze oper-
ation aggregates global channel information using
Equation (2):

1 H_ W

z,= HxWZZE(i,j) Q)

=1 =1

Algorithm 1 | Proposed FibNet workflow

1: Input: CT scan slices from OSIC and ILD data-
sets

2: Perform lung segmentation to isolate lung re-
gions

3: Apply Hounsfield unit normalization for in-
tensity standardization

4:  Slice CT scans into patches of 300 x 300 pixels

5: Pass preprocessed images to EfficientNet-B3
backbone

6: Integrate SE attention mechanism

7: Generate deep feature maps from backbone

output

8: Perform classification using fully connected
layers

9: Apply Grad-CAM++ to visualize fibrosis-rele-
vant regions

10: Evaluate using Accuracy, Dice, IoU, and MCC
11: Output final fibrosis prediction and interpret-
ability maps

PREMIER JOURNAL OF SCIENCE ORIGINAL RESEARCH

where F, is the c-th channel of the feature map. The
excitation step adaptively reweights channels as
shown in Equation (3):

s, =G(Wz§(W]zc)) (3)

where W, W, are learnable weights, 6 is the ReLU
function, and o is the sigmoid activation.

The SE block was preferred over more complex mech-
anisms such as CBAM, since it provides lightweight
channel recalibration that effectively highlights subtle
fibrosis-related texture patterns while avoiding addi-
tional spatial attention overhead.

Classification Layer

The refined features are flattened and passed through a
fully connected layer with sigmoid activation for bina-
ry classification, computed using Equation (4):

y=c(W,F'+b,) )

where F' is the attention-modulated feature vec-
tor, Wf and bf are classifier parameters, and ¥ is the
predicted probability of fibrosis.

Interpretability Analysis

Grad-CAM++ is employed to generate pixel-level
heatmaps highlighting regions contributing most to
the model’s decision. The class-specific importance
weights are calculated using Equation (5):

azyc 62yc . aSyc
f=— [ 2—+ Al
APYE / o 224 o

L

where A, denotes the k-th feature map and y© is
the class score were extracted from this dataset, with
expert-annotated labels for each class.

The complete pipeline is outlined in Algorithm 1,
which details each stage from raw CT input to fibrosis
prediction and interpretability generation.

Experimental Results

This section presents a comprehensive evaluation
of the proposed FibNet model across multiple publicly
available datasets. Detailed analyses include perfor-
mance metrics, interpretability assessment, ablation
studies, computational efficiency, and training behavior.

Dataset Summary

In this study, two publicly available and widely rec-
ognized datasets were used to train and evaluate the
proposed FibNet model for the automated diagnosis of
PF (Table 2). The first dataset, OSIC Pulmonary Fibro-
sis Progression, contains HRCT scans of 176 patients
diagnosed with PF. Along with imaging data, the data-
set provides Forced Vital Capacity (FVC) values and
risk of fibrosis progression, which are essential for
correlating imaging features with clinical severity.
A total of more than 24,000 CT slices were utilized,
ensuring adequate variability in both disease pre-
sentation and scan quality. The second dataset, ILD
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Table 2 | Dataset summary

Dataset Patients CT Slices Labels
OSIC Pulmonary Fibrosis 176 24,000+ FVCvalues, fibrosis risk
ILD Dataset 128 18,000 Fibrosis, ground-glass, reticulation

Dataset (Lung Tissue Research Consortium), comprises
CT scans from 128 patients with various ILD patterns.
These include fibrosis, ground-glass opacities, and re-
ticulation — key radiological manifestations relevant
to differential diagnosis in fibrotic lung disorders.
Approximately 18,000 CT slices.

For model development, a 70:30 split wasapplied
to both datasets, allocating 70% of the data for train-
ing and 30% for testing. Although the datasets provide
valuable diversity, the distribution of classes is imbal-
anced (e.g., fibrosis cases outnumber ground-glass
and reticulation). To address this, we applied stratified
splitting to preserve class ratios across training and
testing, used class-weighting in the loss function to
penalize underrepresented categories, and performed
patch-level data augmentation (random rotations,
flips, and scaling) to synthetically increase minori-
ty class samples. These strategies mitigated bias and
supported balanced learning, ensuring that FibNet’s
results were not skewed toward dominant classes.

This study considers the detection of PF as a bina-
ry classification problem at the level of data patches
(300 x 300 pixel areas taken from CT slices). Starting
with the OSIC dataset, the ground-truth labels were
based on clinically documented declines in Forced Vi-
tal Capacity (FVC) (10% over a 6-month period), and
patches from the patients with marked declines in FVC
were labeled as fibrotic, while the others were labeled
as non-fibrotic. Regarding the ILD dataset, expert ra-
diologist annotations at the slice level were used to
label patches with fibrosis (honeycombing and retic-
ular) as positive and those without such patterns as
negative. This binary mapping prioritizes clinically sig-
nificant fibrotic areas and ensures consistency across
the datasets, and the validity of the mapping was con-
firmed with Grad-CAM++ glass mapped aligned to ar-
eas where radiologists marked for fibrosis.

In order to stop any cross-slice or cross-patch leak-
age, all data was split at the patient level. The OSIC
dataset has 176 patients, 24,350 slices, and 583,200
patches, and the ILD dataset has 128 patients, 18,240
slices, and 437,760 patches. Each dataset was split
into training and testing sets using a 70:30 ratio. To ad-
dress class imbalance, we utilized stratified splitting,
a class-weighted loss during training, and patch-level
augmentation (random rotation, flipping, and scaling)
for the underrepresented classes. Class hyperparame-
ters were fine-tuned using fivefold cross-validation on
the training set, along with early stopping (patience =
10 epochs) based on validation loss.

Model Configuration
The proposed FibNet model is designed to achieve high
accuracy in automated PF diagnosis while maintaining
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computational efficiency for potential clinical deploy-
ment. As shown in Table 3, the backbone architecture
chosen for FibNet is EfficientNet-B3, selected for its
optimal trade-off between model complexity and per-
formance (Figure 2).

This architecture allows extraction of deep hierar-
chical features from CT images while using fewer pa-
rameters compared to conventional CNN architectures.
The model processes input CT slices resized to 300 x
300 pixels to balance detail preservation and compu-
tational load. Preprocessing steps include lung seg-
mentation to remove irrelevant anatomical structures,
Hounsfield unit normalization to standardize intensi-
ty ranges, and patch slicing to enhance local feature
learning. A SE block is incorporated into the proposed
network to dynamically adjust channel-wise feature
activations, thereby enhancing sensitivity to fibrosis-
specific patterns such as honeycombing and reticula-
tion. To ensure model interpretability, Grad-CAM++ is
utilized for generating classdiscriminative heatmaps
that visually emphasize regions contributing most to
the prediction, supporting clinical validation and trust.
The network parameters are optimized using the
Adam optimizer with an initial learning rate of 1 x 104,
while the Binary Cross-Entropy loss function guides the
binary classification process. Training is performed
with a mini-batch size of 16 over 50 epochs. All ex-
periments are executed onan NVIDIA RTX 3090 GPU
(24 GB VRAM), employing TensorFlow 2.12 with the
Keras high-level API for model development. This con-
figuration ensures scalability, enabling deployment in
both research and clinical environments.

Statistical Analysis

All reported performance metrics Accuracy, Dice coeffi-
cient, IoU, and Matthews Correlation Coefficient (MCC)
are presented together with 95% confidence intervals
computed via a nonparametric bootstrap resampling
of the held out test set (1,000 replicates) to quantify
sampling variability. ROC AUC values for FibNet and
each baseline model were compared using the DeLong
test to determine the statistical significance of observed

Table 3 | Model configuration — proposed FibNet
Component Configuration Details

Backbone architecture EfficientNet-B3

Input size 300 x 300 pixels

Preprocessing steps Lung segmentation, Hounsfield unit

normalization, patch slicing

Attention mechanism SE block

Interpretability tool Grad-CAM++

Optimizer Adam (learning rate = 0.0001)

Loss function Binary cross-entropy

Batch size 16

Training epochs 50

Hardware used NVIDIA RTX 3090 GPU, 24 GB VRAM

Framework TensorFlow 2.12 with Keras API
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Fig 2| Sample chest X-ray test images

differences. Hyperparameters including learning
rate {103, 104, 5 x 10°°}, weight decay {10%, 5
x 107°}, and dropout rates {0.2, 0.3, 0.4} were se-
lected through a fivefold cross validation performed
strictly on the training set, thereby preventing any
leakage of information from the test data and reducing
the risk of over tuning.

Segmentation Performance of U-Net

To validate the preprocessing stage, the U-Net lung
segmentation model was quantitatively evaluated on
its validation set. The model achieved a Dice coeffi-
cient of 0.985 and an IoU of 0.972, indicating highly
accurate delineation of lung boundaries. These results
confirm that the segmentation step reliably isolates
lung regions and minimizes background noise, there-
by providing high-quality inputs for subsequent fibro-
sis classification and localization with FibNet. Table 4
compares the proposed U-Net performance with tra-
ditional segmentation techniques and a CNN-based
baseline. While thresholding and region growing
achieved moderate Dice and IoU scores, and CNN-
based approaches showed improvement, the U-Net
significantly outperformed them across both metrics,
highlighting its suitability for robust lung segmenta-
tion in the preprocessing pipeline.

PREMIER JOURNAL OF SCIENCE ORIGINAL RESEARCH

Saemple Chest X ray Test Images with Dimensions

Performance on OSIC Pulmonary Fibrosis
Progression Dataset

The performance of the proposed FibNet model was
evaluated on the OSIC Pulmonary Fibrosis Progres-
sion dataset using four key metrics: Accuracy, Dice
Coefficient, Intersection over Union (IoU), and MCC.
As shown in Table 5 and illustrated in Figure 3, Fib-
Net consistently outperformed the baseline models —
VGG16, ResNet50, and DenseNet121 — across all eval-
uation metrics. The Accuracy metric reflects the overall
proportion of correctly classified samples, with FibNet
achieving a value of 0.978, surpassing DenseNet121
(0.901) by a significant margin. The Dice Coefficient,
a measure of spatial overlap between predicted and
ground truth regions, reached 0.97 for FibNet, in-
dicating excellent segmentation alignment for fibro-
sis-affected areas. The IoU score for FibNet was 0.95,
showing high agreement between predicted and actual
lesion regions. Furthermore, the MCC score of 0.96 for
FibNet demonstrates robust predictive capability even
in the presence of class imbalance. In addition, paired
t-tests were conducted to evaluate the statistical signif-
icance of FibNet’s improvements over the baselines. All
comparisons yielded P < 0.01, confirming that the ob-
served performance gains are statistically significant.

Performance on ILD Dataset (LTRC)

The proposed FibNet model was also evaluated on the
ILD Dataset from the Lung Tissue Research Consortium
(LTRC) to examine its generalizability across different
data sources and annotation protocols. As shown in
Table 6 and illustrated in Figure 4, FibNet achieved
an Accuracy of 0.968, exceeding DenseNet121 (0.880)

Table 4 | Comparison of lung segmentation performance

Method Dice Coefficient loU

Thresholding + morphology 0.872 0.801
Region growing 0.896 0.824
CNN-based baseline 0.941 0.902
Proposed U-Net 0.985 0.972

Metrics
. Accuracy
= Dice Coefficient
L1
<

Loo

ResNet30

DenseNetl2l

Proposed (FibNet)

Model

Fig 3 | Performance comparison on OSIC pulmonary fibrosis progression dataset

DOI: https://doi.org/10.70389/PJS.100256 | Premier Journal of Science 2026;16:100256


https://doi.org/10.70389/PJS.100256
https://doi.org/10.70389/PJS.100256

PREMIER JOURNAL OF SCIENCE

ORIGINAL RESEARCH

Table 5 | Performance on OSIC pulmonary fibrosis progression dataset

Model Accuracy Dice Coefficient loU mcc
VGG16 0.872 0.84 0.73 0.75
ResNet50 0.889 0.86 0.75 0.78
DenseNet121 0.901 0.87 0.77 0.80
Proposed (FibNet) 0.978 0.97 0.95 0.96

and other baseline models. Its Dice Coefficient of 0.96
indicates strong spatial overlap between predicted fi-
brosis regions and ground truth annotations, while an
IoU of 0.93 confirms precise localization of fibrosis-re-
lated patterns. The MCC score of 0.95 demonstrates
robust performance even in the presence of class im-
balance. As with the OSIC dataset, paired t-tests were
used to assess statistical significance. All comparisons
produced P < 0.01, indicating that FibNet’s improve-
ments are not only numerically higher but also statis-
tically significant.

Interpretability Evaluation Using Grad-CAM++

To ensure transparency and clinical trust in the predic-
tions made by FibNet, Grad-CAM++ was employed to
visualize the regions within CT scans that contributed
most to the model’s decisions. The evaluation consid-
ered two key metrics: Region Correctness (%), defined
as the percentage of cases in which the peak activa-
tion areas of the Grad-CAM++ heatmaps overlapped
with radiologist-annotated fibrosis regions within a
predefined threshold, and Mean IoU, which quanti-
fies the spatial overlap between the model-generated

Table 6 | Performance on ILD dataset (LTRC)

Model Accuracy Dice Coefficient loU mcc
VGG16 0.854 0.81 0.69 0.72
ResNet50 0.867 0.83 0.71 0.74
DenseNet121 0.880 0.85 0.73 0.77
Proposed (FibNet) 0.968 0.96 0.93 0.95

Metrics
W Accuracy
s Dice Coefficient
- ouU
- MCC

Score

ResNet50

Model

DenseNet121

Fig 4| Performance comparison on ILD dataset (LTRC)

Proposed (FibNet)
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heatmaps and ground truth masks. As shown in Table
7 and illustrated in Figure 5, FibNet achieved consis-
tently high region correctness values across all case
types for both datasets. On the OSIC dataset, fibrotic
regions were correctly highlighted in 98.2% of cases,
with a mean IoU of 0.94, while non-fibrotic lung areas
and honeycombing patterns also scored above 97%
correctness with IoUs of 0.93 and 0.95, respectively.
The ILD dataset results were similarly strong, with fi-
brotic regions reaching 97.5% correctness and a mean
IoU of 0.92, demonstrating that the model reliably
identifies fibrosis-related features even across diverse
imaging sources. These findings indicate that FibNet
not only excels in classification performance but also
produces spatial explanations that align closely with
expert clinical interpretation.

Ablation Study — OSIC + ILD Combined

An ablation study was conducted to assess the contri-
bution of each component in the proposed FibNet ar-
chitecture using the combined OSIC and ILD datasets.
Components were added sequentially to the baseline
EfficientNet-B3 model to isolate their individual and
cumulative effects. Performance was evaluated using
Accuracy, Dice Coefficient, IoU, and MCC, as shown in
Table 7 and visualized in Figure 6. Starting with the
EfficientNet-B3 baseline, the model achieved an Ac-
curacy of 0.901 and a Dice of 0.87. Integrating the SE
attention block improved Accuracy to 0.923, reflect-
ing better channel-wise feature recalibration. Adding
Grad-CAM++ did not change the numerical scores but
enhanced spatial interpretability, offering visual ex-
planations without computational trade-offs. Apply-
ing advanced preprocessing (lung segmentation and
Hounsfield unit normalization) further raised Accu-
racy to 0.940 and IoU to 0.82, highlighting the value
of standardized, noise-reduced inputs. Finally, the full
Proposed FibNet configuration achieved the best per-
formance — accuracy 0.973, dice 0.96, IoU 0.94, MCC
0.95 — demonstrating the cumulative benefit of all en-
hancements (Table 8).

Model Complexity and Inference Speed

To assess computational efficiency and potential for
clinical deployment, the complexity and runtime char-
acteristics of FibNet were compared with popular CNN
architectures. Table 9 reports the number of parame-
ters, floating point operations (FLOPs), average infer-
ence time per CT scan, and GPU memory usage during

Table 7 | Interpretability evaluation using grad-CAM++

Dataset Case Type Region Mean loU
Correctness (%)
0sIC Fibrotic regions 98.2 0.94
0sIC Non-fibrotic lung 98.7 0.93
0sIC Honeycombing area 97.9 0.95
ILD Fibrotic regions 97.5 0.92
ILD Non-fibrotic lung 98.0 0.91
ILD Honeycombing area 97.2 0.93
7
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non fibrosis

Fig 5 | Fibrosis detection visualizations using Grad-CAM++ for OSIC and ILD datasets

Metrics

—e— Accuracy 0.973

-~ Dice Coefficient

—— lou 0950
0.95

-~ MCC

0.80

0.75
EfficientNet-B3 + SE Attention + Grad-CAM++ + P
(baseline) Block

(FibNet)
Configuration

Fig 6 | Ablation study results on combined OSIC and ILD datasets

Table 8 | Ablation study — OSIC + ILD combined

Configuration Accuracy Dice Coefficient loU McCC
EfficientNet (baseline) 0.901 0.87 0.77 0.80
+ SE Attention 0.923 0.89 0.79 0.83
+ Grad-CAM++ 0.923 0.89 0.79 0.83
+ Preprocessing 0.940 091 0.82 0.86
Proposed (FibNet) 0.973 0.96 0.94 0.95

Table 9 | Model complexity and inference speed

Model Parameters (M) FLOPs (G) Time/Scan (s) Memory (GB)
VGG16 138 15.3 0.72 1.8
ResNet50 25.6 4.1 0.54 1.5
DenseNet121 8.1 2.9 0.51 1.4
Proposed (FibNet) 12.4 3.5 0.49 13

8

testing. Among the evaluated models, VGG16 has the
highest parameter count (138M) and computational
cost (15.3G FLOPs), resulting in the slowest inference
time (0.72 s) and highest memory usage (1.8 GB).
DenseNet121, with only 8.1M parameters, is the most
lightweight but sacrifices some accuracy compared to
the proposed model. FibNet achieves an optimal bal-
ance between performance and efficiency, requiring
12.4M parameters and 3.5G FLOPs — less than Res-
Net50 — while attaining the fastest inference speed
(0.49 s) and lowest memory usage (1.3 GB) among the
higher-accuracy models. This combination of accuracy
and efficiency, as illustrated in Figure 7, supports its
feasibility for real-time or near-real-time clinical use.

Training and Validation Accuracy/Loss Analysis

The training and validation performance of the pro-
posed FibNet model was monitored over 50 epochs
to evaluate convergence behavior and generalization
capability. Table 10 presents accuracy and loss val-
ues at intervals of 5 epochs, along with the difference
between training and validation accuracy to assess
overfitting tendencies. The results indicate a steady
improvement in both training and validation accuracy,
starting from 0.884 and 0.872 at epoch 5 to 0.981
and 0.973 at epoch 50, respectively. The accuracy dif-
ference remains consistently low (between 0.006 and
0.012), reflecting minimal overfitting. Loss values also
exhibit a smooth decline, with training loss decreasing
from 0.223 to 0.071 and validation loss from 0.236
to 0.083, demonstrating stable learning dynamics.
Importantly, no signs of overfitting were observed, as
validation accuracy closely tracked training accuracy
throughout and validation loss showed no divergence
or plateauing trend. Similarly, underfitting was ruled
out because both training and validation accuracies
improved consistently without stagnation. These
observations, as illustrated in Figure 8, confirm that
FibNet maintained a good balance between learning
capacity and generalization. The applied regulariza-
tion techniques (dropout, weight decay) and prepro-
cessing steps (lung segmentation, HU normalization,
patch slicing) effectively prevented overfitting while
ensuring robust convergence.

Comparative Studies with State-of-the-Art Methods

To contextualize FibNet’s performance, Table 11 sum-
marizes key reported values from recent state-of-the-
art studies, including radiomics-based approaches,
alongside our results. Radiomics frameworks (e.g.,
Liu et al.,"” 97.01% AUC with low FPR) leverage hand-
crafted texture and intensity features extracted from
CT images, achieving strong diagnostic accuracy but
requiring complex feature engineering pipelines. Sim-
ilarly, Kim et al." reported 94.5% accuracy for nodule
classification, while He et al.” achieved 95.94% accu-
racy and 89.00 F1 score using deep learning-based
pipelines. Zhang et al.”® presented an AUC of 0.87 for
chest CT lesion classification. In contrast, FibNet ad-
vances the field by reporting a comprehensive suite of
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Table 10 | Training and validation accuracy/loss - proposed FibNet
Epoch Train Acc. Val. Acc. Acc. Diff. Train Loss Val. Loss
5 0.884 0.872 0.012 0.223 0.236
10 0.912 0.905 0.007 0.187 0.194
15 0.928 0.921 0.007 0.162 0.170
20 0.941 0.934 0.007 0.143 0.152
25 0.950 0.944 0.006 0.128 0.137
30 0.958 0.951 0.007 0.112 0.121
35 0.964 0.958 0.006 0.102 0.111
40 0.968 0.962 0.006 0.092 0.101
45 0.975 0.969 0.006 0.080 0.090
50 0.981 0.973 0.008 0.071 0.083

Table 11 | Comparative studies with state-of-the-art methods

Study Reported Value(s)

Liu et al. ROCAUCup to 97.01%, FPR<7.5%

Kim et al.”® Nodule classification accuracy 94.5% (from 72.7%)
He etal.?! Accuracy 95.94%, F1 89.00

Zhang et al.”? Chest CT lesion AUC 0.87

Proposed (FibNet) Accuracy 0.978, Dice 0.97, loU 0.95, MCC 0.96

segmentation-aware metrics — accuracy 0.978, dice
0.97, IoU 0.95, and MCC 0.96 — that jointly capture
classification reliability and spatial agreement with
ground truth, thereby strengthening both robustness
and interpretability for clinical integration.

Discussion

The results of the experiment have a clear answer to
all research questions set: the accuracy of Efficient-
Net-B3 with SE attention is higher than that of VGG16,
Resnet50, and DenseNet121 (RQ1), the value of com-
bining EfficientNet-B3 with SE attention is justified by
the presence of Grad-Cam++ heatmaps with over 97%

DOI: https://doi.org/10.70389/PJS.100256 | Premier Journal of Science 2026;16:100256

region correct and IoU scores of more than 0.91 (RQ2),
and the consistency of the results across OSIC and ILD
datasets (RQ3) indicates the high level of generaliza-
tion and with only 12.4M parameters and an inference
speed of 0.49 s per scan (RQ4), the framework proves to
be computationally viable for clinical integration. The
experimental evaluation of the proposed FibNet frame-
work demonstrates its strong performance in automat-
ed PF diagnosis across diverse datasets. On the OSIC
Pulmonary Fibrosis dataset, FibNet achieved an accu-
racy of 0.978, Dice coefficient of 0.97, IoU of 0.95, and
MCC of 0.96, clearly surpassing traditional backbones
such as VGG16, ResNet50, and DenseNet121. Similar-
ly, on the ILD dataset, FibNet maintained robust gener-
alization with an accuracy of 0.968, Dice coefficient of
0.96, IoU of 0.93, and MCC of 0.95, indicating consis-
tent segmentation and classification quality across dif-
ferent imaging sources. Interpretability analysis using
GradCAM++ further supports the clinical reliability of
FibNet. The model achieved region correctness values
exceeding 97% for both fibrotic and non-fibrotic re-
gions, with mean IoU scores ranging between 0.91 and
0.95. These results demonstrate that FibNet not only
predicts fibrosis accurately but also localizes disease
patterns effectively, enabling radiologists to visualize
model reasoning. The ablation study confirms the ef-
fectiveness of each architectural component. Starting
from the EfficientNet-B3 baseline (accuracy 0.901), the
addition of SE attention and preprocessing steps such
as lung segmentation and Hounsfield unit normaliza-
tion led to steady performance gains, culminating in
the full FibNet configuration with 0.973 accuracy, 0.96
Dice, 0.94 IoU, and 0.95 MCC. This highlights the syn-
ergistic benefit of combining attention, interpretability,
and domain-specific preprocessing. From a computa-
tional perspective, FibNet strikes an optimal balance
between complexity and efficiency. With 12.4 million
parameters, 3.5 GFLOPs, and a memory footprint of
just 1.3 GB, it processes a single scan in 0.49 s — fast-
er than all comparative baselines while retaining su-
perior accuracy. This efficiency makes FibNet suitable
for real-time or near-real-time clinical deployment.
Training dynamics reveal a stable convergence pattern.
Starting with a training accuracy of 0.884 and valida-
tion accuracy of 0.872 at epoch 5, both metrics steadily
improved, reaching 0.981 and 0.973 respectively by
epoch 50. The accuracy gap between training and val-
idation remained below 0.012 throughout, indicating
minimal overfitting. Correspondingly, training and val-
idation losses decreased consistently from 0.223 and
0.236 at epoch 5 to 0.071 and 0.083 at epoch 50,
confirming effective optimization and generalization.

Generalizability and Clinical Adaptability

FibNet shows excellent generalizability across the CT
domain, obtaining a high level of respect across the
OSIC and ILD data sets. The Wingman is empowered
by CT scans, but the model’s modular pipeline (i.e.
lung segmentation, intensity normalization, atten-
tion-based feature extraction, and visualization) is
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flexible and can be tuned to other imaging technologies
like X-rays and MRIs, assuming proper domain adjust-
ing retraining and fine-tuning are made. The upcom-
ing plans are to analyze and test the transfer learning
and multimodal techniques to analyze FibNet’s versa-
tility beyond thoracic CT.

Limitations and Future Directions

FibNet’s strong performance on public datasets is
not without a variety of limitations. FibNet’s develop-
ment was constrained to solely public, retrospective
CT datasets, indicating that there is little to no antic-
ipation of clinical variability or consideration given to
differing scanners, patient demographics, or scanning
protocols. Likewise, the absence of direct multi-center
prospecting validation and radiologist comparison
leaves a clinical gap in readiness evidence. More work
will be focused on external validation using a variety
of multi-center datasets, the fusion of multi-modal
clinical data (such as pulmonary function tests and
pertinent patient history), and partnerships with ra-
diologists in order to improve the interpretability of
the heatmaps. Additional technical work will focus on
refining domain adaptation to strengthen cross-device
imaging variability and investigating downsized op-
tions to improve accessibility for under-resourced clin-
ical settings.

Conclusion

This study introduced FibNet, a deep learning frame-
work integrating EfficientNet-B3, SE attention, and
Grad-CAM++ for automated PF detection and interpret-
ability. The model achieved high performance across
datasets, recording 97.8% accuracy on the OSIC data-
set and 96.8% on the ILD dataset, with consistently
high Dice and IoU scores, demonstrating robustness
in segmenting and classifying fibrotic patterns. De-
spite these promising results, the study has limita-
tions, including reliance on publicly available data-
sets that may not fully capture demographic diversity,
scanner heterogeneity, or real-world clinical variabil-
ity. In addition, external validation on independent

ORIGINAL RESEARCH

multi-center datasets and collaboration with radiolo-
gists for expert-driven assessment were not performed,
which constrains claims of clinical applicability. Vari-
ations in CT image resolution, slice thickness, and ac-
quisition protocols were also not explicitly evaluated,
representing another factor that may affect generaliz-
ability.

Future work will focus on addressing these limita-
tions by expanding dataset diversity, incorporating
multimodal clinical data such as pulmonary function
tests, conducting external validation across indepen-
dent cohorts, and engaging with radiologists to ensure
real-world clinical reliability. Moreover, harmonization
strategies and domain adaptation methods will be
explored to mitigate biases introduced by differences
in CT acquisition protocols. Finally, to enable deploy-
ment in low-resource healthcare environments, techni-
cal adaptations such as model pruning, quantization,
knowledge distillation, and the use of lightweight in-
ference frameworks (e.g., TensorRT, ONNX, and edge
Al platforms) will be implemented to reduce compu-
tational cost and memory footprint while maintaining
diagnostic accuracy.
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