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PURPOSE

This study aimed to develop a hybrid decision support framework combining deep learning (DL)
and machine learning (ML) to automatically classify olfactory fossa depth on paranasal computed
tomography (CT) images according to the Keros classification. The goal was to enhance accuracy,
reduce observer variability, and support safer endoscopic sinus surgery.

METHODS
A retrospective dataset of 481 individuals (1,549 cropped coronal CT slices) was analyzed and
labeled as Keros types I-lll by an experienced radiologist. Deep features were extracted using

DenseNet121, DenseNet169, and DenseNet201 architectures enhanced with convolutional block
attention modules (CBAMs) and squeeze-and-excitation (SE) blocks. Four feature selection tech-
niques—SHapley Additive exPlanations, recursive feature elimination (RFE), principal component
analysis, and SelectkKBest—were applied to reduce dimensionality. Selected features were classi-
fied using support vector machines (SVMs), random forest, XGBoost, logistic regression, and Naive
Bayes. Five-fold cross-validation was used to assess accuracy, precision, recall, and F1-score metrics.

RESULTS

Among the baseline models, DenseNet169 achieved the highest accuracy (88.37%). After feature
selection, the RFE + SVM and RFE + logistic regression combinations yielded the best performance
with an accuracy of 97.90%, demonstrating a substantial improvement over DL models alone. The
most effective feature selection technique was RFE, and SVMs consistently produced well-balanced
classification results.

CONCLUSION

Integrating CBAM-SE-enhanced DenseNet architectures with optimized feature selection and clas-
sic ML classifiers enables highly accurate and reliable automatic classification of Keros types. The
proposed hybrid approach outperforms conventional DL models and provides a robust framework
for objective radiological assessment.

CLINICAL SIGNIFICANCE

Accurate preoperative identification of olfactory fossa depth is essential for preventing complica-
tions such as cribriform plate injury and cerebrospinal fluid leakage during endoscopic sinus sur-
gery. The proposed system offers an efficient, reproducible, and objective tool that may enhance
surgical planning, reduce operator dependency, and increase patient safety.

KEYWORDS
Keros classification, olfactory fossa, computed tomography, deep learning, convolutional block at-
tention modules, squeeze-and-excitation blocks, feature selection, machine learning

You may cite this article as: Akdemir Z, Canayaz M, Yalinkili¢ A, Orak S. Keros-Net: a convolutional block attention module-squeeze-and-excitation-integrated
hybrid learning framework for olfactory fossa depth classification. Diagn Interv Radiol. 18 March 2026 DOI: 10.4274/dir.2026.263749 [Epub Ahead of Print].


https://orcid.org/0000-0001-7958-7235 
https://orcid.org/0000-0001-8120-5101
https://orcid.org/0000-0003-2702-5905
https://orcid.org/0000-0002-1926-1708 

ndoscopic surgery of the sinonasal
Eregion has become increasingly com-

mon in recent years. Because of its
close relationship with the skull base and
neighboring structures, this area carries
considerable risk in terms of anatomical
variations and complications. Surrounding
landmarks include the anterior skull base,
cribriform plate, lamina papyracea, optic
nerve, and internal carotid artery. To reduce
complications, surgeons must have detailed
anatomical knowledge and make effective
use of advanced imaging techniques.'?
Thus, radiological assessment before and
during surgery plays a key role in identifying
complex variations and localizing patholo-
gy with precision.

Among the important structures in this
region, the anterior ethmoidal artery (AEA)
is particularly vulnerable during anterior
skull base procedures.? Injury to the AEA may
lead to severe outcomes, including epistaxis,
vision loss, intracranial hemorrhage, or ce-
rebrospinal fluid (CSF) leakage.* Therefore,
careful evaluation of anatomical landmarks
and classification of the AEA's course are cru-
cial for improving surgical safety.>”

The Keros classification is especially rele-
vant in this context because it describes the
depth between the ethmoid roof and the
cribriform plate: type I: 1-3 mm, type II: 4-7
mm, and type Ill: 8-16 mm. Type Ill is consid-
ered the most critical variation, as a deeper
cribriform plate position increases the risk of
serious complications.? Preoperative assess-
ment using this classification helps reduce
the likelihood of intracranial penetration and
supports safer, more controlled interven-
tions.3*13

* This study introduces the first hybrid frame-
work that integrates convolutional block
attention module- and squeeze-and-exci-
tation block-enhanced DenseNet architec-
tures with multiple feature selection strate-
gies for automatic Keros classification from
paranasal computed tomography scans.

* The proposed model achieved a substan-
tial performance improvement, increasing
baseline DenseNet accuracy from 83%-88%
to up to 97.9% using recursive feature elim-
ination combined with support vector ma-
chines or logistic regression.

* By reducing inter-observer variability and
providing objective, automated assessment
of olfactory fossa depth, the framework of-
fers strong potential as a clinical decision
support tool for safer endoscopic sinus sur-

gery.

Computed tomography (CT) of the para-
nasal sinuses is routinely used not only for
evaluating sinonasal disease before surgery
but also for mapping anatomical structures
and their relationships, thereby improving
surgical planning and reducing complica-
tions.® Accurate classification of olfactory
fossa depth remains essential for preventing
complications such as cribriform plate dam-
age and CSF leakage; however, manual in-
terpretation of CT images can vary between
radiologists and over time, introducing sub-
jectivity into the assessment.

In parallel with these developments, ar-
tificial intelligence (Al) has rapidly gained
importance in medicine. Al-based decision
support systems are increasingly used in
medical imaging to improve diagnostic accu-
racy, reduce intraoperative risks, and support
physicians by easing workloads. Machine
learning (ML) and deep learning (DL), partic-
ularly deep convolutional neural networks
(CNNs), enable automatic feature extraction
and robust classification from CT, magnetic
resonance imaging, and ultrasound, facilitat-
ing more objective and reproducible imag-
ing-based assessments.

Motivations

Given that manual Keros assessment is
time-consuming and subject to inter-observ-
er variability—especially in cases with subtle
anatomical differences—there is a clear need
for automatic, objective, and reproducible
classification methods. In this context, Al
offers an opportunity to reduce subjectivity,
increase efficiency, and, ultimately, improve
surgical outcomes. Our motivation was to
address these challenges by developing a
reliable decision support framework that can
integrate seamlessly into clinical practice.

Contributions

To the best of our knowledge, this is the
first study to apply a hybrid DL and ML ap-
proach for automatic olfactory fossa depth
classification based on the Keros system. We
propose DenseNet architectures enhanced
with convolutional block attention modules
(CBAMs) and squeeze-and-excitation (SE)
blocks for deep feature extraction, followed
by feature optimization using SHapley Ad-
ditive exPlanations (SHAP), recursive feature
elimination (RFE), principal component anal-
ysis (PCA), and SelectKBest and classification
using supervised algorithms including sup-
port vector machines (SVMs), random for-
est, logistic regression, Naive Bayes, and XG-
Boost. This integrated pipeline achieved an

accuracy of 97.9% and demonstrated strong
performance in anatomically critical regions,
supporting its robustness and potential for
clinical application as an explainable and
efficient decision support tool for surgical
planning in sinonasal disease.

Related research

In their review, Alsalama et al." provided
an overview of imaging and modeling tech-
niques based on paranasal sinus anatomy,
emphasizing automatic segmentation and
classification approaches. They highlighted
that sinus morphology can support individ-
ual identification and demographic profiling
(e.g., age and sex) when conventional meth-
ods are unavailable and discussed the role of
three-dimensional (3D) modeling in predict-
ing demographic traits such as age, sex, and
ethnicity, underlining the reliability of sinus
structures for forensic identification and de-
mographic inference.™

Wang et al.”® created a CT dataset of
242 patients with chronic rhinosinusitis
with nasal polyps (CRSwWNP) and applied
a customized 3D nnU-Net v2 (Division of
Medical Image Computing, German Cancer
Research Center (DKFZ), Heidelberg, Ger-
many model for segmentation and deep
feature extraction. They reported strong
performance (Dice 92.8%, Intersection
over Union 86.64%, accuracy 99.69%, pre-
cision 92.63%, recall 93.22%) while noting
that the dataset consisted only of surgical
CRSWNP cases, which may limit generaliz-
ability to broader clinical populations and
across centers.'

In our study, we used high-resolution
paranasal CT scans from a larger and more
diverse population, with careful cropping
to standardize inputs. To improve sensitivity
to subtle or low-contrast regions, DenseNet
was augmented with CBAMs and SE atten-
tion blocks, enabling more effective focus on
anatomically subtle structures and improv-
ing classification performance across patient
subgroups.

Similarly, Lee et al.'® proposed a CNN-
based model to automatically compute the
Lund-Mackay score (LMS) by segmenting
sinus regions on CT and directly generating
LMS values. Using 1,399 patients and manual
segmentations of 77 scans for training, they
achieved an average Dice score of 0.85, with
LMS prediction accuracy across regions rang-
ing from 86% to 99%, suggesting that auto-
mation can standardize scoring and support
clinical decision-making.
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Beyond paranasal sinus analysis, Gogus
et al.”” introduced a hybrid model combin-
ing CBAMs with Swin Transformer blocks for
femoral stem implant classification, outper-
forming architectures such as DenseNet201,
VGG19, and InceptionV3. Their MSFT-Net
addressed inter-class morphological simi-
larity through attention mechanisms and
transformer layers, paralleling our approach
in leveraging attention to improve feature
extraction from complex medical images. In
our framework, CBAMs and SE blocks sim-
ilarly enhance focus on subtle regions such
as the lateral lamella in paranasal CT, improv-
ing sensitivity and classification accuracy;
together, these findings support the value
of attention-enhanced designs for reliable
performance in anatomically challenging
scenarios.

Methods

We retrospectively reviewed the CT im-
ages of 4,427 patients who underwent
non-contrast paranasal sinus scans between
April 2020 and January 2024, retrieved from
the Picture Archiving and Communication
System. Based on the study criteria, a total of
481 individuals aged 18-67 years (mean age:
29.1 + 10.5 years) were included in the anal-
ysis. Of these, 255 (53%) were men and 226
(47%) women.

Routine paranasal sinus CT examinations
were performed with patients in the supine
position, the head placed in hyperextension.
Axial images were obtained using 64-slice
SOMATOM go.Up and 128-slice SOMATOM
Definition AS multidetector CT scanners (Sie-
mens Healthineers, Erlangen, Germany). The
imaging protocol was as follows; tube volt-
age: 100 kV, effective mAs: 67, slice thickness:
3.0 mm, field of view: 170 mm, pitch: 0.8-1
mm, rotation time: 1 s, and collimation: 128
x 0.6 mm. The bone window settings were
WW: 2,200 and WL: 475. Reconstructions
were performed in the coronal plane perpen-
dicular to the hard palate, with 0.75-mm slice
thickness, using the J70h very sharp bone
filter as standard.

For evaluation, only coronal reformatted
images were used. Classification followed
the Keros system, which defines the depth of
the olfactory fossa as type | (1-3 mm), type Il
(4-7 mm), and type Ill (8-16 mm). In cases of
asymmetry, the side with greater depth was
considered. Ultimately, 1,549 images were
prepared, consisting of 330 for type |, 677
for type Il, and 542 for type lll. Images were
saved in JPEG format, averaging 3.2 slices per
patient.
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All images were uniformly cropped ac-
cording to predefined anatomical reference
points. The superior border included the cris-
ta galli, the lateral borders encompassed the
medial walls of the maxillary sinuses, and the
inferior limit was set at the superior surface
of the palatine process of the maxilla.

Inclusion criteria: Patients over 18 years
of age who underwent paranasal sinus CT
imaging.

Exclusion criteria: Cases with ethmoidal
or frontal mucosal thickening, sinonasal pol-
yps, poor positioning, image artifacts, invert-
ed papilloma, septal or cribriform fractures,
nasolacrimal duct pathologies, osteoma,
foreign bodies, intranasal masses, crista galli
lesions, septal perforation, prior surgery, or
low-quality scans.

All image selection and cropping were
performed by a radiologist with 14 years of
experience.

This research received no specific grant
from any funding agency in the public, com-
mercial, or not-for-profit sectors.

The de-identified participant data and
analysis outputs are available from the cor-
responding author upon reasonable request
and subject to institutional/ethical approv-
als. This study was approved by Van Yiiziinci
Yil University Non-Interventional Clinical Re-
search Ethics Committee (protocol number:
2023/05-03, date: 12.05.2023).

Proposed approach

We developed a three-stage hybrid
framework for the automatic classification of
olfactory fossa depth. First, a labeled dataset
of CT images was created. These images were
then processed using a DenseNet-based fea-

Feature Extraction

7

Dataset | I

w

ture extractor augmented with CBAMs and
SE blocks to extract high-dimensional deep
feature vectors. The CBAMs improved the
model’s ability to attend to spatial and chan-
nel-wise information, whereas the SE blocks
rescaled feature channels to strengthen
discriminative representations. The overall
workflow of the proposed method is illus-
trated in Figure 1.

In the second stage, the extracted deep
features were optimized using four different
feature selection methods: SHAP, RFE, PCA,
and SelectKBest. These methods identified
the most meaningful subsets of features for
classification and reduced model complex-
ity. In the third stage, the selected features
were fed into five different traditional classi-
fiers (SVMs, random forest, XGBoost, logistic
regression, and Naive Bayes). Each combina-
tion was tested using cross-validation and
evaluated with metrics such as accuracy, pre-
cision, recall, and F1-score. Using this frame-
work, high accuracy in Keros classification
was achieved by combining the powerful
feature extraction capabilities of DL with the
flexibility of traditional ML methods.

Dataset and preprocessing

The image data used in this study consist
of high-resolution CT scans acquired in the
coronal plane of the paranasal sinuses, la-
beled as Keros types 1, 2, and 3 by an experi-
enced radiologist. The data were obtained in
anonymized form and used within the scope
of the study after receiving ethical approval.
Basic preprocessing steps such as normaliza-
tion and resizing (e.g., to 256 X 256 pixels)
were applied to prepare the images for clas-
sification. Some examples from the dataset
are shown in Figure 2.

Feature Selection Classification

SVM
Random Forest
XGBoost

Logistic Regression

SHAP
RFE

PCA

SelectKBest Naive Bayes

DenseNetX+CBAM +SE

Figure 1. Structure of proposed model. Schematic overview of the proposed three-stage hybrid framework
for automatic classification of olfactory fossa depth. A labeled computed tomography image dataset is
first constructed and used as input to a DenseNet-based feature extractor augmented with CBAMs and
SE blocks to obtain high-dimensional deep feature vectors. These features are then subjected to feature
selection (SHAP, RFE, PCA, or SelectKBest), and the selected features are finally fed into machine learning
classifiers (SVMs, random forest, XGBoost, logistic regression, or Naive Bayes) for final category prediction.
CBAM, convolutional block attention module; SE block, squeeze-and-excitation block; RFE, recursive feature
elimination; PCA, principal component analysis, SVM, support vector machine, SHAP, SHapley Additive
exPlanations.
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Deep feature extraction

In the feature extraction stage, the
DenseNet architecture was used as the back-
bone. However, this base architecture was
enhanced with attention mechanisms. The
CBAM s optimized the attention distribution
of the input images based on both spatial
and channel features, whereas the SE block
reinforced channel-wise key information.
This design enabled the model to focus
more on anatomically critical regions (e.g.,
the lateral lamella area). As output, a high-di-
mensional deep feature vector was obtained
from each image.

Statistical analysis

Statistical analyses were conducted to
evaluate the performance, reliability, and
generalizability of the proposed hybrid clas-
sification framework. To prevent data leakage
and avoid artificially inflated performance
due to patient-specific anatomical similarity,
all data partitioning procedures were per-
formed at the patient level rather than at the
slice level. All CT slices belonging to a given
patient were assigned exclusively to either
the training or testing set. An 80-20 strati-
fied split was applied at the patient level to

- ..

2a Type 1

2b Type II

preserve the distribution of Keros types, and
model evaluation was performed using five-
fold stratified cross-validation, ensuring strict
patient-level independence across all folds.
Hyperparameters for the classic ML classifi-
ers were selected based on standard config-
urations and maintained across experiments.
Model performance was evaluated using
cross-validation on the training data. Due
to the relatively limited dataset size and the
primary focus on comparative performance
evaluation, exhaustive hyperparameter op-
timization and nested cross-validation were
not applied. Class imbalance was addressed
at multiple stages of the pipeline. During
DL model training, stratified data splitting
was applied to preserve class proportions,
and class weights were computed from the
training labels using a balanced weighting
scheme and incorporated into the loss func-
tion. For the classic ML classifiers trained on
selected deep features, five-fold stratified
cross-validation was employed to maintain
class distribution across folds. In addition,
weighted-averaged precision, recall, and
F1-score metrics were reported to ensure
balanced performance evaluation across all
Keros types. For each experiment, accuracy,
precision, recall, and F1-score were comput-

2¢ Type III

Figure 2. Representative examples of high-resolution coronal computed tomography images of the
paranasal sinuses used in this study, labeled according to the Keros classification: (2a) type 1, (2b) type 2,

and (2¢) type 3.

Table 1. Feature dimensionality before and after feature selection

ed and averaged across folds to obtain stable
performance estimates.

To reduce the dimensionality of the deep
feature vectors and enhance classifier per-
formance, four statistical feature selection
methods were applied: RFE, PCA, SelectK-
Best, and SHAP. RFE was used to iteratively
eliminate less informative features, PCA re-
duced multicollinearity by transforming fea-
tures into orthogonal principal components,
SelectKBest ranked features based on statis-
tical significance, and SHAP values were used
to quantify feature importance and enhance
model interpretability. The dimensionality
of the deep feature vectors before and after
each feature selection method is summa-
rized in Table 1.

Comparative statistical evaluation was
performed between baseline DL models and
feature-selected ML classifiers by examining
improvements in accuracy and metric con-
sistency. Since the objective was predictive
performance rather than inferential hypoth-
esis testing, no parametric or non-paramet-
ric statistical tests were applied. All analyses
were conducted using Python (v3.x), scikit-
learn, SHAP library, XGBoost, NumPy, and
related DL frameworks.

Machine learning classifiers

The selected features were evaluated us-
ing five classic classifiers with different char-
acteristics:

« Support vector machines: Effective in
constructing decision boundaries in high-di-
mensional spaces.

« Random forest: An ensemble model
composed of decision trees, often successful
in handling class imbalance.

+ XGBoost: A tree-based gradient boost-
ing method.

- Logistic regression: Creates linear deci-
sion boundaries and is commonly used as a
baseline comparison model.

- Naive Bayes: A probabilistic model that
assumes features are independent of each
other.

Backbone (CBAMs + SE DenseNet) Deep feature source layer Befor(i ielj)dion STLeitr ()B(;St (n zcll?)O) (n EF1EO0) (tc?[l;| ?50)
DenseNet121 Dense(128) (penultimate layer) nx128 nx 100 N x 100 n x 100 nx 100
DenseNet169 Dense(128) (penultimate layer) nx128 nx 100 nx 100 nx 100 nx 100
DenseNet201 Dense(128) (penultimate layer) nx128 nx 100 nx 100 n x 100 nx 100

CBAM, convolutional block attention module; SE, squeeze-and-excitation; PCA, principal component analysis; RFE, recursive feature elimination; SHAP, SHapley Additive
exPlanations.
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Findings and results

In the experimental findings of the study,
classification was first performed directly
using the DenseNet121, DenseNet169, and
DenseNet201 architectures without apply-
ing any feature extraction or selection meth-
ods. The models were trained and tested for
Keros classification (types 1, 2, and 3). Table 2
presents the comparative results of the base-
line models in terms of accuracy, precision,
recall, and F1-score metrics.

DenseNet169 achieved the highest per-
formance across all metrics, making it the
best baseline model. With an accuracy of
88.37%, it demonstrated a strong general-
ization ability in classifying olfactory fossa
depths.

DenseNet201, with an accuracy of
86.05%, ranked second and exhibited com-
petitive performance, particularly in terms of
precision (0.8645).

DenseNet121 showed the lowest perfor-
mance, with an accuracy of 83.33%. This re-
sult indicates that its shallower architecture
limited its classification capacity.

The accuracy, precision, recall, and F1-
score values of the models are similar. This in-
dicates that the class distribution is balanced
and that the models generally demonstrate
consistent performance across classes. In par-
ticular, the minimal difference between met-
rics in the DenseNet169 model shows that it
produces balanced and reliable outputs.

Second, deep features extracted us-
ing DenseNet architectures enhanced
with CBAMs and SE blocks were optimized
through different feature selection algo-
rithms (RFE, PCA, SHAP, SelectKBest) and
used for Keros classification with traditional
ML classifiers (SVMs, logistic regression, Na-
ive Bayes, etc.). Table 3 presents the compar-
ative results of the models in terms of accu-
racy, precision, recall, and F1-score metrics.

DenseNet169 emerged as the highest-per-
forming model. In particular, the combina-
tions of RFE + SVMs and RFE + logistic re-
gression achieved an accuracy of 97.90%,
indicating a very high generalization capacity.

RFE proved to be the most effective fea-
ture selection method overall, achieving the
highest accuracies with almost all models.

SVMs and logistic regression produced
high and consistent results. The fact that the
accuracy, precision, recall, and F1-Score val-
ues were similar indicates that the models
performed balanced classification.

Comparative evaluation

Table 4 compares the accuracy values of
only the baseline models (without feature
selection or different classifiers) with those
of the best feature selection + ML classifier
combinations.

Models supported with feature selection
and traditional classifiers achieved an accu-
racy improvement of 10%-14% compared
with the baseline models.

Table 2. Performance comparison of the baseline models

Model Accuracy Precision Recall F1 score
DenseNet121 0.8333 0.8342 0.8333 0.8326
DenseNet169 0.8837 0.8902 0.8837 0.8839
DenseNet201 0.8605 0.8645 0.8605 0.8606

The table summarizes the performance of the baseline DenseNet architectures for the classification task.
DenseNet169 achieved the best overall performance among the baseline models (accuracy, 0.8837; precision,
0.8902; recall, 0.8837; F1 score, 0.8839). Accuracy, recall, precision, and F1-score are reported as proportions, with
F1-score representing the harmonic mean of precision and recall.

Table 3. Performance comparison (feature-selected models)

This increase highlights that feature en-
gineering and the choice of an appropriate
classifier are critical, especially for models
operating on complex and imbalanced class-
es.

The simplest architecture, DenseNet121,
achieved 83.33% accuracy as a baseline mod-
el while reaching 97.05% accuracy with fea-
ture selection and SVMs. This demonstrates
that even simpler models can deliver strong
performance when supported with appro-
priate enhancement methods. The graphical
representation of the results is presented in
Figure 3.

These findings demonstrate that the in-
tegration of CBAMs + SE-enhanced deep
feature extraction, feature selection, and
ML classifiers is a powerful and effective
approach for anatomically critical tasks that
influence surgical decisions, such as Keros
classification. In particular, the DenseNet169
+ RFE + SVMs combination yielded the best
results in terms of both accuracy and metric
consistency.

Clinical usability and interface integration

To facilitate real-world clinical adoption,
the proposed Keros classification model was
deployed within a dedicated web-based inter-
face designed for radiologists and endoscopic
sinus surgeons. The interface, developed us-
ing the Flask framework, enables clinicians
to upload cropped coronal CT slices of the
olfactory fossa and instantly obtain Keros
type I-lll predictions with their corresponding
probability estimates. The clean, task-orient-
ed design supports multi-image uploading,
automatic preprocessing, model selection,
and real-time visualization of results.

The interface displays explanatory infor-
mation regarding the clinical relevance of
each Keros type, allowing the prediction to
be contextualized alongside anatomical de-
tail and potential surgical risk. This design
contributes to decision support by present-

Model Feature selection Classifier Accuracy Precision Recall F1 score
DenseNet169 RFE SVM 0.9790 0.9792 0.9790 0.9791
DenseNet169 RFE Logistic Regression 0.9790 0.9791 0.9790 0.9791
DenseNet169 PCA SVM 0.9783 0.9784 0.9783 0.9783
DenseNet201 RFE Naive Bayes 0.9775 0.9775 0.9775 0.9775
DenseNet201 SHAP SVM 0.9767 0.9768 0.9767 0.9767

This table summarizes the performance of feature-selected models based on DenseNet169 and DenseNet201 backbones combined with different feature selection methods
(RFE, PCA, SHAP) and classifiers (SVMs, logistic regression, Naive Bayes). The highest overall performance was achieved by RFE-based DenseNet169 models with SVMs and logistic
regression (accuracy, 0.9790; precision, 0.9792 and 0.9791; recall, 0.9790; F1-score, 0.9791). Accuracy, precision, recall, and F1-score are reported as proportions, with F1-score

representing the harmonic mean of precision and recall.

RFE, recursive feature elimination; PCA, principal component analysis; SHAP, SHapley Additive exPlanations; SVM, support vector machine.
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Table 4. Comparison of base and optimized classification accuracies for DenseNet models

Model Base model accuracy Best combination accuracy Increase (%)
DenseNet121 0.8333 0.9705 (RFE + SVM) +13.7
DenseNet169 0.8837 0.9790 (RFE + SVM) +10.8
DenseNet201 0.8605 0.9775 (RFE + Naive Bayes) +13.4

This table summarizes the effect of combining each DenseNet backbone with the best-performing feature selection
and classifier configuration on classification accuracy. “Base Model Accuracy” indicates the performance of the
convolutional neural network alone, without feature selection or an external classifier, whereas “Best Combination
Accuracy” denotes the highest-performing feature selection—classifier pipeline for that backbone.“Increase (%)”
indicates the percentage improvement in accuracy relative to the corresponding base model. Accuracy values are

reported as proportions.

RFE, recursive feature elimination; SVM, support vector machine.
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Figure 3. Comparison of baseline and optimized accuracy values for three different DenseNet architectures.
The yellow bars indicate the baseline accuracy of the deep networks used without additional processing,
and the orange bars represent the optimized accuracy obtained after applying feature selection and a
machine learning classifier. The most prominent improvement is observed for DenseNet121, where the
accuracy increases from 83.33% in the baseline model to 97.05% in the optimized configuration using
feature selection and a support vector machine, indicating that even the simplest architecture can achieve
high performance when appropriate enhancement methods are applied.

ing the model output together with radio-
logical slice quality, patient history, and rel-
evant anatomical variants. The system stores
previously analyzed scans in a“History” mod-
ule, enabling clinicians to revisit earlier evalu-
ations for comparison or follow-up planning.

Importantly, the interface is optimized for
routine clinical workflow without requiring
graphics processing unit (GPU) hardware, as
the deep feature extraction and model op-
timization steps are embedded within the
pretrained hybrid model. This ensures rapid
inference and seamless integration into stan-
dard radiology workstations. By providing
reproducible, objective Keros grading with
an intuitive user experience, the interface
demonstrates strong potential for use in pre-
operative planning, reducing observer vari-
ability, and improving surgical risk assess-
ment. Taken together, this system represents
a practical and clinician-friendly implemen-
tation of the hybrid classification framework,
supporting its feasibility for real-world de-
ployment in otolaryngology and radiology
settings. A graphical representation of the
interface is presented in Figure 4.

Discussion

In this study, we proposed a hybrid model
to automate Keros classification of olfactory
fossa depth, combining DenseNet with at-
tention mechanisms and multiple feature se-
lection techniques. Unlike earlier studies, our
approach integrated CBAMs and SE blocks
into the DenseNet framework, improving the
model’s focus on critical anatomical regions
such as the lateral lamella and strengthening
the representational quality of the extracted
features. By applying feature selection meth-
ods such as SHAP, RFE, PCA, and SelectKBest,
we were able to filter deep features before
feeding them into conventional ML algo-
rithms. This not only boosted classification
accuracy but also enhanced interpretability
and computational efficiency. The strongest
outcomes were achieved with the RFE +
SVMs and RFE + logistic regression pipelines,
reaching an accuracy of 97.9%, underlining
the robustness of the chosen strategy and its
clinical potential.

Beyond the accuracy values, the study
contributes to the field by showing how au-

tomated approaches can support surgical
planning. Traditional methods, which rely on
manual interpretation, are time-consuming
and subject to variation between observers,
making the assessment of risky anatomical
variations difficult. Our findings demonstrate
that automated feature extraction and clas-
sification can help reduce surgical risks and
improve safety. Moreover, the performance
gain—rising from approximately 83%-88%
in baseline DL models to nearly 98% when
combined with feature selection and classic
classifiers—is a substantial step forward in
clinical applicability. These results confirm
that model success does not depend only
on network depth but also on careful feature
engineering and algorithm choice.

In addition to the technical contributions
of the proposed framework, we developed
a web-based clinical interface to ensure its
applicability in real-world clinical environ-
ments. This interface allows clinicians to up-
load cropped coronal CT slices and instantly
receive Keros type |-l predictions along with
probability estimates, enabling rapid and ob-
jective assessment. Its intuitive design, sup-
port for multiple image uploads, automated
preprocessing, and integrated history man-
agement make it well suited for routine ra-
diology workflows. Importantly, the system
operates without requiring GPU hardware, as
all deep feature extraction and optimization
steps are embedded within the pretrained
hybrid model. By reducing observer variabil-
ity and providing reproducible grading of ol-
factory fossa depth, the interface highlights
the clinical relevance and practical transla-
tional potential of the proposed hybrid deci-
sion support system.

Nevertheless, several limitations should
be acknowledged. First, image labeling and
cropping were performed by a single radiol-
ogist with 14 years of experience. Although
this ensured consistent anatomical localiza-
tion and annotation, it may introduce poten-
tial observer bias, as inter-observer variability
is a known issue in Keros classification. Due
to the retrospective nature of the dataset
and institutional constraints, the inclusion of
a second independent rater and quantitative
inter-rater agreement analysis was not fea-
sible. Future studies will aim to incorporate
multi-reader annotations and inter-observer
agreement metrics, such as Cohen’s kappa,
to further strengthen reliability. Second, all
CT images were obtained from a single cen-
ter using Siemens scanners with relatively
uniform acquisition parameters. Although
this consistency reduces variability related to
imaging protocols, it may limit the general-
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Figure 4. Clinical interface of the proposed decision support system. Overview of the clinical application interface developed for automated Keros classification. (a)
Interface of application. The main interface of the application, allowing clinicians to upload coronal computed tomography slices for analysis. (b) Different models
loading screen. The model selection screen, enabling users to choose among different pretrained hybrid models. (c) Show the results. The results display panel
showing the predicted Keros type and corresponding probability values. (d) Show the history. The history section, where previously analyzed scans are stored for

review and comparison.

izability of the proposed framework to data
acquired from different institutions, scanner
vendors, or acquisition settings. In addition,
the dataset size and single-center design led
to underrepresentation of some categories,
particularly Keros type I. Future multicenter
studies with larger and more heterogeneous
datasets are therefore required to better as-
sess model robustness under real-world clin-
ical conditions. Third, nested cross-validation
was not employed, which may limit the pre-
cision of generalization error estimation. This
aspect should be addressed in future inves-
tigations with larger datasets that allow for
more computationally intensive validation
strategies. Furthermore, as a fixed DenseN-
et + CBAMs + SE architecture was used, the
potential benefits of alternative attention
mechanisms or transformer-based networks
could not be explored. Future research may

investigate these architectures and incorpo-
rate interactive or explainable visualization
tools to further improve interpretability and
user confidence. Despite these limitations,
the proposed framework demonstrates
strong methodological rigor and clinical rel-
evance and represents a meaningful contri-
bution to the literature on Al-assisted radio-
logical assessment of anatomically critical
regions.

We presented a comprehensive mod-
eling framework for Keros classification by
integrating DL-based feature extraction, di-
verse feature selection methods, and classic
ML algorithms. DenseNet, enhanced with
CBAMs and SE blocks, was used to generate
high-quality deep features, which were then
optimized with selection techniques such
as SHAP, RFE, PCA, and SelectKBest. These
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features were classified using SVMs, random
forest, logistic regression, Naive Bayes, and
XGBoost.

Among the tested models, DenseNet169
combined with RFE and SVMs achieved the
highest accuracy at 97.9%. This highlights
the importance of both the architectural
depth of the network and the choice of fea-
ture selection strategy. It is also significant
that models relying solely on DL (approx.
88% accuracy) were markedly improved by
the integration of feature selection and tradi-
tional classifiers. Other performance indica-
tors, including precision, recall, and F1-score
metrics, further confirmed the stability and
reliability of the proposed method.

These findings suggest that combining
deep feature extraction with effective fea-
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ture selection and appropriate ML classifiers
can enable the development of highly ac-
curate clinical decision support systems for
medical image analysis.

Although the results are promising, some
areas remain for further improvement. First,
the dataset was relatively small and drawn
from a single center, limiting generalization.
Larger, multicenter studies are needed to
confirm robustness. Second, this work relied
on a fixed DenseNet + CBAMs + SE design.
Future research may explore other atten-
tion mechanisms, transformer-based archi-
tectures, or multi-scale feature extraction.
Hybrid feature selection methods, such as
SHAP combined with RFE or genetic algo-
rithm-based selection, could also be investi-
gated.

Another important direction concerns ex-
plainability. Although SHAP was employed,
further efforts are needed to enhance inter-
pretability and develop interfaces that clear-
ly communicate the model’s decision pro-
cess to clinicians. Testing the system within
real-time decision support platforms and as-
sessing its usability in surgical planning will
also be essential for successful clinical trans-
lation. Furthermore, the clinical interface de-
veloped in this study demonstrates that the
proposed hybrid model can be effectively
integrated into routine radiology workflows,
enabling rapid, objective, and reproducible
Keros classification to support surgeons in
preoperative planning and risk assessment.
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