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Abstract

Cervical cancer remains a major global public health challenge, and the accurate classifica-
tion of cervical transformation zones (TZs) constitutes a critical step in early detection and
clinical decision-making. However, distinguishing between Type 2 and Type 3 transforma-
tion zones remains particularly challenging due to their high morphological similarity and
the inherent interobserver variability associated with colposcopic assessment. In this study,
we propose a novel Dual-Track Specialist Feature Fusion and Meta-Learning Stacking
Ensemble architecture for the automated classification of cervical transformation zones
using the Intel & MobileODT Cervical Cancer Screening dataset. The proposed framework
integrates a global feature extractor based on ResNet50 (Gatekeeper) with a visual specialist
based on InceptionResNetV2, trained exclusively on the most diagnostically ambiguous
cases (Type 2 and Type 3). The extracted features are fused and processed through a
multi-level stacking scheme composed of Multilayer Perceptron (MLP), Support Vector
Machine (SVM), Gradient Boosting (GB), XGBoost, and LightGBM classifiers at the base
level, followed by an XGBoost meta-learner and a clinically guided probability calibration
strategy designed to maximize diagnostic sensitivity. Experimental results demonstrate
a peak overall accuracy of 91.22%, substantially outperforming the baseline ResNet50
model (70%). Furthermore, the proposed system achieved Recall values of 0.90, 0.90, and
0.94 for Type 1, Type 2, and Type 3 transformation zones, respectively, highlighting its
ability to accurately identify diagnostically challenging cases. Ablation studies, Grad-

W) Check for updates CAM visualizations, and external-image validation experiments confirm that the proposed

architecture improves discrimination between ambiguous categories, learns clinically mean-
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ingful representations, and maintains strong generalization capability across heterogeneous
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scenarios. These findings demonstrate the potential of visual specialization and calibrated
meta-learning strategies for the development of artificial intelligence-assisted colposcopic
decision-support systems.
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1. Introduction

Cervical cancer remains one of the leading causes of cancer-related morbidity and
mortality among women worldwide, with a disproportionately high burden in low- and
middle-income countries, particularly across Latin America [1]; early detection through
organized screening programs represents the most effective strategy for reducing both
incidence and mortality rates. In this context, visual inspection with acetic acid (VIA)
and colposcopy continues to serve as an essential diagnostic tool, especially in resource-
constrained healthcare settings [2]. Accurate identification of the cervical transformation
zone (TZ) is a critical step in the colposcopic assessment process, as the majority of cervical
neoplasias originate within this anatomical region. According to the International Federa-
tion for Cervical Pathology and Colposcopy (IFCPC), transformation zones are classified
into three categories: Type 1, entirely visible on the ectocervix; Type 2, partially visible
with endocervical extension; and Type 3, not fully visible due to its location within the
endocervical canal [3]. While Type 1 transformation zones are generally straightforward
to identify, distinguishing between Type 2 and Type 3 remains a clinically challenging
task. The boundary between these categories is often characterized by subtle variations in
vascularization, acetowhite epithelium, and glandular patterns, leading to considerable
interobserver variability and increased diagnostic uncertainty. Consequently, clinically
significant false-negative cases may occur, particularly in Type 3 transformation zones,
potentially delaying timely intervention and treatment [4].

Artificial Intelligence (AI) has emerged as a promising tool to support the automated
analysis of colposcopic images [5]. However, current deep learning approaches often
apply generic computer vision strategies without sufficient adaptation to the specific
cognitive and visual demands of clinical colposcopy [6]. Consequently, these models tend
to prioritize dominant macroscopic shapes while overlooking the subtle, clinically critical
microtextures—such as fine mosaic patterns, punctation, atypical vessels, and irregular
acetowhite borders—that gynecologists rely on for accurate diagnosis. This lack of fine-
grained morphological sensitivity is particularly detrimental in diagnostically challenging
cases, such as resolving the boundary ambiguity between Type 2 and Type 3 transformation
zones. In clinical practice, accurately distinguishing between these two zones is critical, as
a Type 3 classification dictates a direct change in surgical management, often necessitating
endocervical sampling. Because standard Al architectures fail to mirror this hierarchical
diagnostic reasoning, they struggle to model uncertainty within these ambiguous regions,
ultimately limiting their robustness and real-world clinical applicability [7].

To address these limitations, this study proposes a new Dual-Track Specialist Feature
Fusion and Meta-Learning Stacking Ensemble framework for automated cervical transfor-
mation zone classification. The proposed architecture decomposes the diagnostic task into
two complementary pathways: (i) a global classifier responsible for learning the overall dis-
tribution of transformation zone categories, and (ii) a specialist branch specifically designed
to isolate and model diagnostically ambiguous cases, particularly those located within the
decision boundary between Type 2 and Type 3 transformation zones. By explicitly focusing
on difficult cases, the framework constructs a refined discriminative subspace capable of
improving class separation and reducing inter-class confusion in clinically critical scenarios.

In addition, a clinically oriented probability calibration strategy is introduced to
adapt decision thresholds and prioritize Recall for high-risk categories, particularly Type 3
transformation zones. This design choice acknowledges that, in medical decision-support
systems, minimizing false negatives is often more important than maximizing overall
accuracy. The proposed framework further integrates deep representations extracted
from complementary convolutional architectures and combines them through a multi-
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level stacking ensemble and a second-level meta-learning classifier, thereby enhancing
robustness, generalization capability, and diagnostic reliability.
The main contributions of this work can be summarized as follows:

e  Dual-Track Specialist Ensemble Architecture: A multi-level stacking framework is
proposed that incorporates a dedicated specialist module for the explicit separation of
diagnostically ambiguous classes, achieving validation accuracies ranging from 0.89
to 0.912 and outperforming conventional single-network approaches.

e  Mathematical Isolation of Difficult Cases: A targeted learning mechanism is introduced
to explicitly model the uncertainty region between Type 2 and Type 3 transforma-
tion zones, significantly improving classification performance under high diagnos-
tic ambiguity.

e Risk-Aware Decision Threshold Calibration: A class-specific probabilistic calibration
strategy is implemented to prioritize Recall in clinically critical categories, thereby
reducing the likelihood of false-negative predictions.

The remainder of this paper is organized as follows. Section 2 reviews the related
literature and state-of-the-art approaches. Section 3 describes the proposed methodology,
including image preprocessing, specialist feature extraction, and ensemble design. Section 4
presents the experimental results and performance evaluation. Section 5 discusses the
clinical and computational implications of the findings. Finally, Section 6 concludes the
study and outlines future research directions.

2. Related Work

The application of deep learning to cervical cancer screening and colposcopic image
analysis has evolved considerably over the last decade, driven by the need for accurate,
low-cost, and scalable diagnostic solutions in resource-constrained environments. Recent
advances have enabled the deployment of lightweight convolutional neural networks on
embedded and mobile platforms, facilitating point-of-care screening and telemedicine
applications [8]. Existing studies can be broadly categorized into three major research
directions: (i) image quality assessment and segmentation, (ii) transfer learning using
conventional convolutional neural networks, and (iii) advanced ensemble and transformer-
based architectures.

2.1. Image Quality Assessment and Segmentation Approaches

Image quality remains a critical factor in automated cervical image analysis, as blur,
illumination variability, specular reflections, and anatomical occlusions can significantly
affect classification performance. Consequently, several studies have focused on filtering
and preprocessing images prior to diagnostic analysis. In [9], an Automated Visual Eval-
uation (AVE) framework was proposed using a deep ensemble composed of RetinaNet,
Deep SVDD, and a custom CNN to distinguish acceptable from inadequate cervical images,
achieving an accuracy of 91.6%. Similarly, the framework presented in [10] combined
YOLOv5-based region-of-interest detection with U-Net segmentation of the columnar
epithelium, reporting a validation accuracy of 0.92.

For fine-grained anatomical segmentation, ref. [11] evaluated Mask R-CNN and MaskX
R-CNN architectures across multiple cervical imaging datasets, obtaining Dice coefficients
as high as 0.947. In contrast, ref. [12] developed a radiomics-based colposcopic analysis
framework combining U-Net segmentation and SVM classification, achieving a classifica-
tion accuracy of only 58%, highlighting the performance degradation often observed when
handcrafted features are applied in real-world clinical environments.

Although these approaches improve image quality and anatomical localization, they
frequently rely on computationally intensive preprocessing pipelines and carefully curated
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segmentation stages. As evidenced by [12], classification performance remains highly
dependent on the robustness of the extracted features.

2.2. Transfer Learning with Conventional CNN Architectures

The adoption of transfer learning has become one of the most widely used strategies
for cervical image classification. A comprehensive review presented in [13] documented
the impact of public datasets such as Intel & MobileODT on the development of automated
cervical screening systems. Among early deep-learning approaches, ref. [14] compared
VGG19, ResNet50, and InceptionV3 architectures, reporting the best performance with
InceptionV3, which achieved an accuracy of 96.1% in cervix-type classification.

Subsequent studies attempted to improve conventional CNN architectures through
architectural optimization. In [15], AlexNet was shown to be insufficient for modeling the
complexity of cervical images, achieving only 60.14% accuracy. However, performance
improved significantly after incorporating Particle Swarm Optimization (PSO) and dropout
regularization, surpassing standard ResNet models by 6.22%. Similarly, ref. [16] compared
a transfer-learning-based ResNet50 model, which achieved 82.67% accuracy, against a
custom-designed architecture named CervixNET, which reached 99.23%.

Another notable contribution was presented in [17], where a 21-layer CNN was
developed for automated cervical screening, achieving 91.37% accuracy and an AUC of
96.0%. Meanwhile, ref. [18] applied deep learning techniques to Pap smear cytology images,
reaching 98% accuracy. However, it is important to note that cytological image classification
is inherently less challenging than full-field colposcopic image analysis, as cellular images
contain fewer anatomical artifacts, illumination variations, and tissue-level complexities.

Collectively, these studies demonstrate that single-network architectures often require
substantial architectural modifications, evolutionary optimization techniques, or custom
designs to effectively model the complex visual patterns found in colposcopic images.

2.3. Ensemble Learning and Vision Transformer-Based Methods

To overcome the limitations of individual CNN models, recent research has increas-
ingly shifted toward ensemble learning and transformer-based approaches. In [19] a robust
screening system was proposed that first extracted regions of interest using a MobileNetV2-
YOLOV3 framework and subsequently classified images using EfficientNetB0, achieving
96.84% accuracy.

Similarly, ref. [20] introduced a stacked ensemble architecture incorporating Recur-
sive Feature Elimination (RFE), SMOTE-Tomek resampling, and multiple meta-learners
evaluated through explainable artificial intelligence (XAI) techniques. These results demon-
strated the potential of ensemble methods to improve robustness and generalization com-
pared to standalone classifiers.

More recently, Vision Transformers (ViTs) have emerged as a promising alternative to
convolutional architectures. The framework reported in [17] employed an enhanced Vision
Transformer incorporating Shifted Patch Tokenization (SPT) on the MobileODT dataset,
achieving approximately 91% generalization performance. Furthermore, ref. [21] combined
Vision Transformers with Low-Rank Adaptation (LoRA) to address data scarcity challenges,
outperforming traditional CNN architectures and correctly identifying more than 75% of
abnormalities in limited-data scenarios.

Although transformer-based models and large-scale ensembles have established new
state-of-the-art benchmarks, their improvements are often achieved at the expense of in-
creased computational complexity. Vision Transformers require substantial computational
resources and large training datasets, while many ensemble-based approaches aggregate
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multiple models without explicitly modeling which feature extractor is most appropriate
for diagnostically ambiguous cases.

2.4. Research Gap and Motivation

While the methods discussed in the previous subsections have significantly advanced
automated cervical cancer screening, a critical research gap remains regarding the severe
morphological ambiguity between consecutive TZ stages, particularly Type 2 and Type
3. Recently, several state-of-the-art (SOTA) architectures have attempted to address this
specific bottleneck, yet they present distinct limitations:

Dual-Branch Medical Imaging Models recent SOTAs have utilized dual-branch or
multi-stream architectures to simultaneously extract global anatomical context and local
textural details [22]. While these networks improve feature richness, they often suffer from
feature redundancy and fail to apply targeted discrimination logic when clinical ambiguity
arises between Type 2 and Type 3 zones.

Stacked Integrated Cervical Detection Algorithms as Ensemble learning has gained
traction to reduce the variance of individual models [23]. However, conventional stacked
integrated algorithms typically rely on a simple concatenation of primary CNN outputs
fed into a basic classifier. They lack dynamic feature selection, leading to computational
overhead and overfitting on minority classes.

Treatment Difficulty Case Networks to solve boundary ambiguity, recent models have
employed attention mechanisms or focal loss to penalize hard-to-classify examples [24].
While mathematically sound, these networks lack clinical intuition and struggle with
out-of-distribution artifacts, such as speculum reflections [25].

To objectively highlight the architectural and performance advantages of our proposed
method compared to these similar SOTAs, Table 1 presents a systematic comparison. Unlike
existing approaches, our architecture explicitly introduces a dedicated “Specialist Feature”
gatekeeper (Type 2 vs. Type 3) embedded within a Level 2 Meta-Learner, mimicking the
differential diagnostic process of a human specialist.

Despite significant advances in automated cervical image analysis, an important gap
remains in the current literature. Existing methods typically achieve high performance
either through extensive preprocessing and manual region-of-interest extraction or through
computationally demanding ensembles and transformer architectures that may hinder
deployment in low-resource clinical environments. Moreover, current approaches rarely
incorporate explicit mechanisms for modeling diagnostic ambiguity, particularly in the
clinically challenging boundary between Type 2 and Type 3 transformation zones. Most
systems treat all classes uniformly, despite the fact that Type 2 and Type 3 cases exhibit sub-
stantial morphological overlap and represent the primary source of diagnostic uncertainty
in colposcopic practice.

To address these limitations, this study proposes a Dual-Track Specialist Feature Fusion
and Meta-Learning Stacking Ensemble framework. Unlike conventional ensembles that
simply aggregate predictions, the proposed architecture introduces a dedicated specialist
pathway trained specifically on diagnostically ambiguous cases. By combining global
anatomical representations with specialized discriminative features and integrating them
through a meta-learning strategy, the framework is capable of dynamically refining decision
boundaries without requiring explicit segmentation or manually defined regions of interest.
Experimental results demonstrate that this strategy achieves a competitive accuracy of
91.5% on the challenging Intel & MobileODT dataset while maintaining a favorable balance
between diagnostic performance, interpretability, and computational efficiency.
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Table 1. Conceptual and architectural comparison between existing methodological paradigms and
the proposed Dual-Track Stacking framework.

Handling of Difficult Architectural Advantages of Our

Approach/Reference Core Architecture Cases (Type 2 vs. 3) Proposed Model
Our multi-stage stacking reduces
Standard CNNs/Vils  Single-branch networks =~ Handled purely through  the high variance and overfitting
(Sections 2.2 and 2.3) (e.g., ResNet, ViT) global loss functions. typical of single-network
approaches.

Dual-Branch
Models [22]

We implement a mathematically
rigorous fusion of

Multi-stream feature Implicit feature fusion 3590-dimensional fused feature
extraction without targeted logic. ~ representation, capturing both deep
residual and inception-based
hierarchies.

Traditional
Stacking [23]

Our Level 1 Meta-Learner uses Best

Concatenation of CNN Relies on base models to Subset Selection and Per-Class

probabilities solve ambiguity. Threshold Optimization to actively
calibrate boundary predictions.

Proposed Method

Integrates an XGBoost
Meta-Learner calibrated by
Dynamic Threshold Optimization,
which explicitly adjusts decision
boundaries for ambiguous Type 2
and Type 3 cases, maximizing
accuracy to 91.22%.

Handled probabilistically

Dual-Track Fusion + through Level-1 Stacking

Two-Level Stacking and Dynamic Threshold
Optimization.

3. Materials and Methods

This study proposes a clinically oriented deep learning framework for the automated
classification of TZs from colposcopic images. The methodological design was developed
under two complementary objectives: (i) maximizing discriminative performance in mor-
phologically ambiguous cases, particularly between Type 2 and Type 3 transformation
zones, and (ii) ensuring computational feasibility for deployment in resource-constrained
clinical environments.

To address these challenges, a heterogeneous multi-stage architecture based on spe-
cialist feature fusion and meta-learning stacking was designed. The framework integrates
high-capacity convolutional neural networks as feature extractors, a dedicated specialist
branch focused on difficult-to-discriminate classes, and a meta-classifier responsible for
final probabilistic inference. In addition, class-sensitive threshold calibration strategies and
post-training optimization mechanisms were incorporated to improve Recall in clinically
high-risk categories while simultaneously maintaining computational efficiency.

Figure 1 shows the proposed computational classification framework, structured
as a four-phase sequential pipeline designed to process and classify colposcopy images.
Initially, in Phase 0 (Data Preparation), the raw images enter a visual preprocessing module
where they are spatially standardized. Subsequently, to mitigate the inherent bias toward
the majority anatomical classes in the dataset, the resulting tensors undergo synthetic
balancing techniques via data augmentation and SMOTE. These balanced batches feed
directly into Phase 1 (Dual-Track Feature Extraction), the deep core of the architecture. This
parallel approach deploys an InceptionResNetV2 model (acting as the Specialist) to capture
morphological features and texture variations at multiple scales (crucial for glandular
margins), operating in synergy with a ResNet50 architecture (acting as the Gatekeeper)
dedicated to extracting the global anatomical context of TZ.

https://doi.org/10.3390/computers15070450


https://doi.org/10.3390/computers15070450

Computers 2026, 15, 450

7 of 36

Colposcopy Images
(Intel and MohileODT)

RGB [512x512x3]

PHASE 0: DATA?REPARATION
Visual Preprocessing
(Cropping and
Normalization)

FP32 Tensors
v
Class Imbalance Handling

(Data Augmentation and
SMOTE)

Balanced Batches

Balanced Batches

6 PHASE 1: DUAL-TRACK EXTRACTION V

Track 1: InceptionResNetV2
(Specialist)

Track 2: ResNet50
(Gatekeeper)

°HASE 2: FEATURE FLISI@I

Specialized Fusion Layer
(Latent + Probs
Concatenation)

Fused Vector [Batch, 3590]

Fused Vector.[Eatch, 3590] Fused Vector.[Batch, 3590] Fused Vector.[Batch, 3590]

PHASE 3: STACKING ENSEMBLE
A4

i e
‘ ) v v
i Level 0: Multilayer Level 0: Support Vector . <

i . Level 0: Gradient Boosting :
i Perceptron Machine ©@B) Level 0: XGBoost Level 0: LightGBM
! (MLP) (SVM) .

i s H H

i Probabilfties PW).... Probabili.ties P(y) Probabilities P(y) Probabilities P(y)
o ;

: - \/

i

i

i

vy

Level 1: XGBoost Meta-
Learner

Probabilities P(y) y

Adjusted Probabilities
v

Dynamic Threshold
Optimization

Accuracy: 91.22%
v
Final TZ Classification
Type 1| Type 2 | Type 3

Figure 1. Overall architecture of the proposed Dual-Track and Meta-Learning computational pipeline.
The system integrates an initial phase of visual standardization and class imbalance mitigation
(SMOTE), followed by parallel feature extraction using pre-trained networks (InceptionResNetV2
for multiscale textures and ResNet50 for the global anatomical context). The extracted latent tensors
converge in a specialized fusion layer, whose representations feed a Stacking Ensemble. In the final
phase, the base classifiers output conditional probabilities that are processed by a meta-classifier

(XGBoost) to robustly predict the anatomical type of the Cervical Transformation Zone (Type 1, Type
2, Type 3).
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To capitalize on the orthogonal information from both branches, Phase 2 (Feature
Fusion) implements a specialized concatenation layer. At this stage, the latent vectors
extracted by ResNet50 and InceptionResNetV2 (of 2048 and 1536 dimensions, respec-
tively) are mathematically integrated, yielding 3584 deep spatial features. To further enrich
this unified representation, the 6 soft-probability outputs (3 class probabilities from each
independent track) are explicitly appended, totaling exactly 3590 features. Finally, this
high-dimensional fused vector is processed in Phase 3 using a Meta-Learning-based Stack-
ing Ensemble. At Level 0, five base classifiers—Multilayer Perceptron (MLP), Support
Vector Machine (SVM), Gradient Boosting (GB), XGBoost, and LightGBM—evaluate the
representations to generate a map of conditional probabilities. These predictions act as
meta-features for the Level 1 ensemble model (XGBoost), which, through a robust inference
scheme, consolidates the iterative decisions to issue the final anatomical classification of
the cervix (Type 1, Type 2, or Type 3).

3.1. Dataset and Preprocessing

To provide deeper context regarding the data source, the images in this dataset were
captured using MobileODT’s smartphone-based digital colposcopes (such as the Enhanced
Visual Assessment or EVA System). These hand-held, mobile devices are specifically
designed to facilitate point-of-care cervical cancer screening, particularly in low- and
middle-income countries (LMICs). Because these images are acquired in real-world, de-
centralized clinical settings by healthcare providers with varying levels of expertise, the
dataset inherently exhibits significant heterogeneity. The images frequently contain arti-
facts such as specular reflections (glare), varying illumination, blurriness, and off-center
physical positioning. While these real-world conditions make the classification task highly
challenging, they accurately represent the true clinical environment, thereby justifying the
need for a highly robust, dual-track feature extraction architecture.

The experimental analysis was primarily conducted using the publicly available Intel
& MobileODT Cervical Cancer Screening dataset, available through the Kaggle platform.
This dataset contains colposcopic images acquired under heterogeneous clinical conditions,
including variations in illumination, speculum positioning, cervical visibility, image sharp-
ness, and acquisition angle. Such variability makes the dataset particularly suitable for
evaluating the robustness and generalization capability of artificial intelligence systems
intended for real-world clinical deployment.

To further assess the model’s ability to generalize beyond the training domain, an
additional exploratory validation was performed using external colposcopic images that
were not part of the Intel & MobileODT dataset and were never observed during training,
validation, or hyperparameter optimization. These external images exhibited substantial
differences in acquisition conditions, including variations in image resolution, illumination,
compression artifacts, videoconferencing-based image capture, and the presence of graphi-
cal overlays. As detailed in Section 4.9 (External Validation on Unseen Clinical Images),
the proposed framework maintained consistent attention over clinically relevant cervical
structures and produced predictions aligned with the expected clinical assessment. This
complementary evaluation provides preliminary evidence that the learned representations
are transferable beyond the original training dataset and supports the potential applicability
of the framework in real-world clinical and telemedicine environments.

The dataset is organized into three diagnostic categories corresponding to cervical
transformation zone types:

e Type 1 Transformation Zone (TZ1)
e  Type 2 Transformation Zone (TZ2)
e  Type 3 Transformation Zone (TZ3)
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These categories represent increasing levels of diagnostic complexity. Type 1 images
generally exhibit a fully visible squamocolumnar junction and well-defined anatomical
boundaries, whereas Type 2 and especially Type 3 images contain partially or completely
non-visible endocervical regions, resulting in substantial inter-class overlap and diagnos-
tic ambiguity.

The experiments were conducted using the Intel & MobileODT Cervical Cancer Screen-
ing dataset. Initially, the raw dataset comprised a total of 6788 images (1440 for Type 1; 2926
for Type 2; and 2422 for Type 3). During the preliminary quality control process, 2473 im-
ages were excluded due to severe blurring, corruption, or missing diagnostic labels—a
well-documented challenge within this specific Kaggle dataset. Consequently, the final
curated dataset consisted of 4315 valid images, distributed as follows: 914 images for Type
1, 1945 images for Type 2, and 1456 images for Type 3. To ensure robust evaluation, a
stratified 70/15/15 split was applied, partitioning the data into training (3020 images),
validation (647 images), and testing (648 images) sets. Crucially, because the original public
dataset does not provide unique patient identifiers, it was not possible to perform an ex-
plicit patient-level split. To prevent data leakage, the data partitioning was strictly executed
prior to any synthetic data augmentation or SMOTE resampling procedures applied to the
training set.

All images were resized to a standardized spatial resolution of 512 x 512 pixels prior
to model training. This resolution was selected as a compromise between preserving clini-
cally relevant microtextures and maintaining computational efficiency. Higher resolutions
facilitate the preservation of acetowhite epithelial borders, mosaic vascular patterns, and
glandular transitions that are often degraded in low-resolution pipelines.

The preprocessing workflow also incorporated robustness mechanisms for handling
corrupted or partially truncated image files through the Python Imaging Library (PIL,
version 9.5.0), thereby preventing interruptions during iterative training. Subsequently, im-
ages were normalized and partitioned into training and validation subsets using stratified
directory-based generators.

To further mitigate the effects of class imbalance during optimization, class-weighting
strategies were incorporated during training. Weight coefficients were dynamically com-
puted according to the class distribution and integrated into the loss optimization process,
forcing the network to assign greater importance to underrepresented and clinically chal-
lenging categories.

The weighted loss function can be expressed as:

N
Lweighted = _Z wCilog(pCi) 1)
i=1

where w,, denotes the weight associated with class c;, and p., represents the predicted
posterior probability of the corresponding sample. This strategy reduces the dominance of
majority classes and improves sensitivity toward high-risk transformation zones [26].
Dataset generators were configured using mini-batch iterative loading to optimize
GPU memory consumption and accelerate training convergence. The resulting prepro-
cessing pipeline produced a robust and clinically realistic input representation suitable for
subsequent stages of deep feature extraction and specialist ensemble learning.

3.2. Gatekeeper—Specialist Feature Extraction Framework

To address the substantial morphological overlap between Type 2 and Type 3 cer-
vical transformation zones, a hierarchical dual-path architecture termed the Gatekeeper—
Specialist Feature Extraction Framework was developed. Unlike conventional approaches
based on a single convolutional feature extractor, the proposed strategy decomposes the
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diagnostic problem into two complementary pathways: (i) a generalist model responsible
for learning the global distribution of the three transformation zone classes, and (ii) a
specialist model trained exclusively on clinically ambiguous categories.

This formulation is inspired by the clinical principle of progressive differential diag-
nosis, whereby a broad categorization is first performed before focusing on diagnostically
challenging cases. From a deep-learning perspective, this strategy reduces the dominance
of trivial visual patterns while increasing sensitivity to discriminative microstructures that
are frequently overlooked by monolithic architectures.

3.2.1. ResNet50-Based Gatekeeper Architecture

The first pathway of the proposed framework, referred to as the Gatekeeper, was
implemented using the ResNet50 architecture pre-trained on the ImageNet dataset. This
model was selected due to its convergence stability, hierarchical feature extraction capa-
bility, and computational efficiency in multiclass medical image classification tasks. The
primary role of the Gatekeeper is to learn robust global representations of the three cervical
transformation zone (TZ) categories (Type 1, Type 2, and Type 3). Conceptually, this branch
acts as a primary filtering mechanism capable of discriminating macroscopic anatomical
patterns such as:

e  Visibility of the squamocolumnar junction;
o  Epithelial distribution;

e  Global illumination patterns;

e  Opverall cervical geometry.

The architecture employed pre-trained weights with progressive fine-tuning of the up-
per layers, enabling the adaptation of natural image representations learned from ImageNet
to the colposcopic imaging domain. Input images were resized to a standardized resolution
of 512 x 512 pixels and subsequently normalized using the ResNetV2 preprocess_input()
function. The convolutional backbone generated a deep feature vector responsible for
modeling the global spatial distribution of cervical images.

Mathematically, the Gatekeeper representation can be expressed as:

Fgute = (PResNetSO(X) (2)

where X denotes the input colposcopic image and Fggte corresponds to the deep embedding
generated by the ResNet50 architecture [27].

Unlike conventional classification-oriented approaches, the Gatekeeper output in this
study was not used solely for direct prediction. Instead, it served as a high-level semantic
descriptor that was subsequently integrated into the specialist feature fusion mechanism.

3.2.2. InceptionResNetV2-Based Specialist Architecture

Although the Gatekeeper achieved adequate separation of global visual patterns,
preliminary experiments revealed that the primary source of clinical error was concentrated
along the diagnostic boundary between TZ Type 2 and TZ Type 3. These categories
exhibit substantial visual overlap, including partially obscured regions, diffuse glandular
transitions, and heterogeneous acetowhite structures.

To explicitly model this region of uncertainty, a second pathway named the Specialist
was implemented using the InceptionResNetV2 architecture. This model was trained
exclusively on images belonging to Type 2 and Type 3 transformation zones, forcing
the network to focus on highly discriminative fine-grained patterns. The selection of
InceptionResNetV2 was motivated by three key properties:
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e  Multi-scale representation capability, as Inception modules simultaneously capture lo-
cal and global anatomical structures through convolutional filters of different receptive
field sizes;

e  Stable residual depth, where residual connections facilitate the training of very deep
networks without gradient degradation;

e  Sensitivity to medical microtextures, enabling improved preservation of subtle fea-
tures such as fine vascularization, epithelial mosaic patterns, and diffuse endocervi-
cal boundaries.

Formally, the specialist representation is defined as:

Fspec = (PIncResNetVZ(XZ,B) (3)

where X, 3 represents the restricted subset of images belonging to Type 2 and Type 3
transformation zones [27].

Unlike the Gatekeeper, whose objective is to model the overall class distribution, the
Specialist learns a focused discriminative subspace centered on difficult cases, thereby
functioning as a diagnostic refinement mechanism.

3.2.3. Dual Feature Fusion

Subsequently, the deep representations generated by both pathways were concatenated
to construct an enriched multimodal embedding, as defined in Equation (4) [28].

Ffusion = [Fgate 2] Fspec] (4)

where @ denotes the concatenation operation.

The resulting vector contained a total of 3590 features, simultaneously integrating
global anatomical information extracted by the Gatekeeper and specialized discriminative
microfeatures learned by the Specialist branch. Specifically, this fusion consists of 3584 deep
spatial features (2048 from the ResNet50 baseline and 1536 from the InceptionResNetV2
baseline) explicitly concatenated with 6 soft-probability outputs (3 class probabilities from
each independent track). The choice of this dimensionality was not arbitrary but rather the
outcome of iterative experiments evaluating embedding stability and discriminative capac-
ity. Preliminary evaluations demonstrated that lower-dimensional embeddings resulted
in the loss of clinically relevant microtextures, whereas excessively large representations
increased the risk of overfitting and semantic redundancy.

The fused 3590-dimensional embedding preserved the complementarity between
both branches without collapsing informational diversity. Experimentally, this configura-
tion consistently improved diagnostic sensitivity for ambiguous classes when compared
with single-extractor architectures. Consequently, the fused representation was employed
as the input to the stacking ensemble-based meta-learning framework described in the
following subsection.

It is important to clarify the operational flow of the dual-track architecture during
the inference phase. Because the true class of a new image is inherently unknown during
prediction, there is no conditional routing or pre-classification step. Instead, every incoming
image is processed simultaneously by both the Gatekeeper (ResNet50) and the Specialist
(InceptionResNetV2). The resulting embeddings and their respective initial probability
predictions are always concatenated to form the 3590-dimensional fused vector. It is the
downstream Level-0 and Level-1 Stacking Ensemble that dynamically learns to weigh
these features. If an image clearly belongs to Type 1, the meta-learner implicitly learns to
prioritize the global features extracted by the Gatekeeper, assigning lower importance to
the Specialist’s features. Conversely, for ambiguous Type 2 or Type 3 cases, the ensem-
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ble leverages the highly discriminative features provided by the Specialist to make the
final decision.

3.3. Level-1 Repeated Stratified Stacking Ensemble

Following the generation of the fused embedding composed of 3590 deep features,
a second stage was implemented to maximize the system’s generalization capability and
statistical robustness through a Level-1 Repeated Stratified Stacking Ensemble framework.
This stage was specifically designed to address two common limitations of moderately
sized medical datasets: (i) high statistical variance during validation and (ii) excessive
sensitivity to fluctuations in class distribution.

Unlike conventional approaches that rely on a single classifier, the proposed frame-
work combines multiple heterogeneous models trained on different stratified partitions
of the deep feature space. This strategy exploits algorithmic complementarity while si-
multaneously reducing overfitting risk and dependence on the inductive biases of any
individual classifier.

3.3.1. Repeated Stratified Cross-Validation

Considering the relatively limited size of the colposcopic dataset and the pres-
ence of clinically ambiguous classes, a validation strategy based on Repeated Strat-
ified K-Fold Cross-Validation was adopted. The experimental protocol employed
3 repetitions x 5 folds = 15 stratified partitions resulting in a total of 15 independent
training-validation cycles.

The selection of this configuration was motivated by several statistical and clinical
considerations. In small or moderately balanced medical datasets, a single train-validation
split may produce highly unstable performance estimates due to random fluctuations in
class composition. This phenomenon becomes particularly pronounced for minority or
difficult categories such as TZ Type 3.

Repeated cross-validation reduces the variance associated with a single dataset parti-
tion by generating multiple stratified reorganizations of the samples. Formally, the final
performance estimate can be expressed as:

1
R x K

R K
Y. ) My 5)

r=1k=1

M:

where R represents the number of repetitions, K the number of folds, and M, j the evalua-
tion metric obtained during each iteration [29].

This procedure produces more robust performance estimates that are less sensitive to
random sample selection, thereby improving the experimental reliability of the proposed
framework. Furthermore, stratification ensures that each fold preserves the original class
distribution, preventing biased partitions that could negatively affect sensitivity toward
minority categories.

3.3.2. Heterogeneous Pool of Algorithmic Diversity

For each stratified partition, a heterogeneous collection of Level-1 classifiers was
trained, forming an algorithmic diversity pool designed to capture different geometric
structures within the fused embedding space.

The ensemble consisted of the following models:

o  Keras/TensorFlow Multi-Layer Perceptron (MLP) (TensorFlow version 2.16.1, Keras
version 3.0)

e  Support Vector Machine (SVM) (scikit-learn version 1.4.0)

e  Gradient Boosting (GB) (scikit-learn version 1.4.0)
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e  Extreme Gradient Boosting (XGBoost) (XGBoost version 2.0.3)
e Light Gradient Boosting Machine (LightGBM) (LightGBM version 4.3.0)

The rationale behind this selection is that each architecture incorporates different
learning mechanisms and inductive biases, enabling the modeling of complementary
patterns within the deep feature space.

e  PyTorch Multi-Layer Perceptron (MLP) (version 2.9.0)

The first classifier was a multilayer neural network implemented in PyTorch.
The model was designed to capture complex nonlinear relationships within the 3590-
dimensional fused embedding. Its architecture included fully connected dense layers,
ReLU activation functions, Dropout regularization, and Adam optimization.

Its primary advantage lies in its ability to model distributed interactions among deep
features extracted simultaneously from both the Gatekeeper and Specialist branches.

Formally, the MLP can be represented as:

y = f(Wao(Wix +by) + ba) (6)

where x denotes the fused feature vector and ¢ represents the nonlinear activation func-
tion [30].

e  Support Vector Machine

The second classifier corresponded to a Support Vector Machine (SVM) employing a
nonlinear kernel. The model was incorporated due to its ability to construct robust decision
boundaries in high-dimensional feature spaces.

In medical applications involving limited sample sizes, SVMs often exhibit strong gener-
alization capabilities, particularly in regions where class boundaries are highly overlapping.

The discriminant function can be expressed as:

N
f(x) =Y wyiK(x;, x) +b 7)
i=1

where K(-) denotes the kernel function used to project samples into a higher-dimensional
separable space [31].

e  Gradient Boosting (GB)

The third Level-0 classifier was a Gradient Boosting (GB) model based on an ensemble
of sequentially optimized decision trees. Unlike bagging-based methods, Gradient Boost-
ing constructs each new tree to minimize the residual errors produced by the previous
ensemble, thereby progressively improving predictive performance. This approach is
particularly effective for modeling nonlinear relationships and complex interactions among
high-dimensional deep features while maintaining strong generalization on moderately
sized medical datasets.

Formally, the additive boosting model can be expressed as

Fp(x) = 2 Ymhm (x) 8)

where hy, (x) denotes the weak learner added at iteration m, and -, represents its corre-
sponding contribution to the final prediction. During training, each learner is optimized to
minimize the gradient of the loss function with respect to the current ensemble prediction,
allowing the model to iteratively correct previous classification errors.
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Within the proposed framework, Gradient Boosting contributes additional algorith-
mic diversity by learning decision boundaries that differ from those captured by neural
networks and kernel-based classifiers. This complementary behavior increases ensem-
ble robustness and improves the representation of difficult decision regions before the
second-level meta-learning stage.

e  Extreme Gradient Boosting (XGBoost)

The third component of the ensemble was XGBoost, a sequential gradient-boosted
decision tree algorithm. This model was selected because of its ability to model complex
nonlinear interactions and hierarchical relationships among deep features.

Unlike purely neural approaches, XGBoost exhibits high tolerance to noise and can
efficiently identify highly discriminative feature subsets within large embedding spaces.

The optimization objective is defined as:

n

O =y l(yir?z(tfl) + fir(xi)) + Q(fr) ©)

i=1

where () represents the structural regularization term [32].
e Light Gradient Boosting Machine (LightGBM)

Finally, LightGBM was incorporated as a gradient boosting classifier optimized for
computational efficiency and rapid training in high-dimensional feature spaces. Its leaf-
wise tree growth strategy enables the construction of deep discriminative partitions while
maintaining a lower computational cost and strong predictive performance.

The simultaneous inclusion of XGBoost and LightGBM increased ensemble diversity
because of their distinct tree construction and optimization strategies.

3.3.3. Imbalance Mitigation via Sample Weights

Since the dataset exhibits a moderate degree of class imbalance, a sample weight-
ing mechanism was incorporated during the training of the Level-1 classifiers. Without
weighting, classifiers tend to minimize the overall loss by favoring majority classes, thereby
reducing sensitivity toward clinically important minority categories. This issue is particu-
larly problematic in medical classification, where false negatives often carry substantially
greater clinical consequences than false positives.

To counteract this effect, class weights were computed as inversely proportional to

class frequency:
N

- C‘nc

where N denotes the total number of samples, C represents the number of classes, and 7,

(10)

We

corresponds to the number of samples belonging to class ¢ [33].

These weights were directly integrated into the optimization processes of compatible
classifiers, forcing the ensemble to penalize errors on underrepresented classes more
heavily. This strategy contributes to improving the Recall of complex transformation zone
categories while reducing the likelihood of overlooking cases potentially associated with
high-risk lesions.

3.4. Meta-Learner and Clinical Threshold Calibration

After completing the deep feature extraction, heterogeneous stacking, and tabular
binary specialization stages, the system produced a rich set of probabilistic meta-features
originating from multiple classifiers and diagnostic pathways. Although this representation
substantially enhanced the discriminative capability of the framework, a fundamental
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challenge remained: transforming the multiple probabilistic outputs of the ensemble into a
robust and clinically calibrated final decision [34].

To address this issue, a final stage was implemented based on a Level-1 Meta-Learner
complemented by a clinical probability calibration mechanism, explicitly designed to shift
the decision boundary toward regions with greater diagnostic sensitivity. The primary
motivation behind this stage is that, in medical applications, the optimal prediction does
not necessarily correspond to the class with the highest raw probability. In particular,
minimizing false negatives in high-risk categories is more important than maximizing
overall accuracy. Under this premise, the system was optimized not solely for statistical
classification but also for clinically oriented Recall prioritization.

3.4.1. Level-1 Meta-Learner Based on XGBoost

The stacking process generated a set of probability estimates from all base classifiers
trained across the stratified partitions. These probabilities were organized into a meta-
feature matrix

Z € RN>m (11)

where N represents the total number of samples and M corresponds to the number of
aggregated probabilistic outputs generated by the ensemble [35]. A meta-classifier based
on eXtreme Gradient Boosting (XGBoost) was trained using this representation. The choice
of XGBoost as the meta-learner was motivated by several methodological considerations:

e  Non-linear combination of experts
Unlike simple linear models, XGBoost effectively captures complex, non-linear inter-
actions between the probabilistic outputs of the base classifiers.

e  Dynamic reliability weighting
The tree-based architecture inherently partitions the decision space, learning exactly
under which conditions (e.g., specific probability ranges) certain base classifiers are
more trustworthy than others.

e  Robustness against overfitting
The built-in L1 and L2 regularization mechanisms within the XGBoost framework
ensure that the meta-learner generalizes well, even when combining highly correlated
predictions from Level-0 models.

The final multi-class probability for class ¢ is computed using a softmax objective
function over the raw tree scores, expressed as:

eBlZ

T
C A
Zj:1 P

Ply=c|z)= (12)

where Z denotes the meta-feature vector, 5. represents the learned parameter vector for
class ¢, and C is the total number of classes [36].

The meta-learner acts as a probabilistic consensus mechanism capable of integrating
the global patterns captured by the Gatekeeper, the specialized refinements provided by the
Specialist, the statistical behavior of heterogeneous classifiers, and inter-model uncertainty
signals. As a result, the system transforms multiple partially inconsistent predictions into a
more stable and coherent clinical inference.

3.4.2. Clinical Probability Calibration and Argmax Adjustment

In conventional multiclass systems, the final prediction is obtained using the operator:

J=arg max Ply=c) (13)
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that is, selecting the class with the highest posterior probability.

However, in imbalanced medical scenarios, this strategy presents important limitations
because the Argmax criterion tends to favor majority classes or visually less ambiguous
categories, even when probability differences between classes are minimal. Experimentally,
several clinically critical Type 3 cases produced highly competitive probability distributions,
for example:

P(T2) ~ 0.47,P(T3) ~ 0.45 (14)

Under a traditional Argmax scheme, these samples would be classified as Type 2,
increasing the risk of false negatives associated with partially hidden lesions.

To overcome this limitation, a probability scaling calibration mechanism was im-
plemented to adaptively shift the ensemble decision boundary toward regions of higher
clinical sensitivity. The strategy consisted of introducing class-specific calibration factors:

P =a.- P, (15)

where P! denotes the original probability of class P, and &, corresponds to an exper-
imentally optimized calibration scalar [37]. The final decision rule was subsequently
redefined as:

y = arg max P/ (16)

This procedure geometrically modifies the classifier’s decision boundaries without
requiring complete retraining of the model. Consequently, calibration allows the deliberate
enhancement of sensitivity toward high-risk categories—particularly TZ Type 3—thereby
reducing the probability of overlooking potentially malignant cases.

The application of this strategy shifts the decision hyperplane toward more conserva-
tive detection regions, prioritizing clinical Recall over raw accuracy. Experimentally, small
variations in the calibration factors produced significant improvements in diagnostic sensi-
tivity without substantial losses in overall specificity, demonstrating that the probability
distributions generated by the ensemble contain latent information that cannot be fully
exploited through the conventional Argmax criterion alone.

The calibrated Meta-Learner constitutes the final inference stage of the proposed
framework, sequentially integrating dual Gatekeeper-Specialist deep feature extraction,
repeated heterogeneous stacking, tabular binary refinement, and clinical probability cali-
bration. This hierarchical architecture was designed to explicitly decouple global visual
learning from probabilistic reasoning and diagnostic uncertainty management, enabling a
more robust modeling of ambiguous cervical classes.

As a result, the system achieves consistent improvements in predictive stability and
clinical sensitivity, particularly in distinguishing between TZ Type 2 and TZ Type 3. Ex-
perimentally, the framework achieved validation performances exceeding 91%, demon-
strating that the combination of deep specialization and adaptive decision calibration can
simultaneously optimize discriminative capability and reduce false negatives in clinically
critical scenarios.

3.5. Implementation and Reproducibility Details

To ensure the full reproducibility of the proposed framework, the computational ex-
periments were conducted on a Kaggle cloud environment utilizing dual NVIDIA Tesla T4
GPUs (16 GB VRAM each). The deep learning models and data pipelines were implemented
using TensorFlow /Keras, while the stacking ensemble classifiers were developed using
Scikit-Learn, XGBoost, and LightGBM. A fixed random seed was strictly applied across
all modules to guarantee deterministic behavior. The complete set of hyperparameters for
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data augmentation, model training, and the final meta-learner configuration is summarized

in Table 2.

Table 2. Experimental settings and hyperparameters for reproducibility.

Category Hyperparameter/Setting Value PDF
Global Setup Random Seed 42
Input Image Size 512 x 512 pixels
Batch Size 16
Data Augmentation Rotation Range 180°
Width/Height Shift £10% (0.1)
Shear/Zoom Range 0.1/0.15
Flips Horizontal and Vertical
Brightness Range [0.8,1.2]
Fill Mode Reflect
Neural Network (Base) Optimizer Adam
Initial Learning Rate le-4
Maximum Epochs 100

Early Stopping Patience

15 epochs (monitor:
val_accuracy)

ReduceL.ROnPlateau factor = 0.5, patience = 5
Meta-Learner (XGBoost) = Number of Estimators 800
Max Depth 4
Learning Rate 0.03
Subsample 0.8

4. Results

This section presents the experimental results obtained by the proposed architecture.
Performance metrics, comparative analyses, graphical representations, and statistical eval-
uations are progressively introduced to support the technical and clinical validity of the
developed framework. Furthermore, the individual contribution of each component is
analyzed through ablation studies, multicriteria evaluation, and discriminative capability
assessments across the different cervical transformation zone categories.

4.1. Baseline vs. Proposed Architecture

To evaluate the overall effectiveness of the proposed framework, a direct comparison
was conducted between a conventional baseline model based solely on ResNet50 and
the complete Dual-Track Specialist Feature Fusion and Meta-Learning Stacking Ensemble
architecture. This evaluation enabled the quantification of the impact of the proposed spe-
cialization strategy on multiclass cervical transformation zone classification performance.

The baseline model consisted of a standard multiclass ResNet50 architecture trained
directly on the three clinical categories (Type 1, Type 2, and Type 3) using conventional
transfer learning. This approach represents one of the most widely adopted strategies in
CNN-based medical image classification systems, where models pretrained on ImageNet
are adapted to the clinical domain through fine-tuning.

In contrast, the proposed framework incorporates several mechanisms specifically
designed to address the limitations commonly observed in traditional monolithic architec-
tures, including:

e  Dual Gatekeeper—Specialist feature extraction;
Specialized learning on diagnostically ambiguous cases;
Multi-level heterogeneous stacking;

Binary tabular refinement;

Clinical probability calibration.
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Table 3 summarizes the comparative results obtained on the validation dataset.

Table 3. Comparison between baseline models and the proposed architecture.

Model Accuracy
ResNet50 Baseline 0.70
InceptionResNetV2 0.81
Proposed Dual-Track Specialist Framework 0.9122

The results demonstrate a substantial performance improvement achieved by the
proposed architecture. While the baseline ResNet50 model attained approximately 70%
accuracy, the complete framework achieved an accuracy exceeding 91%, corresponding to
an absolute improvement of more than 21 percentage points.

From a methodological perspective, this difference confirms that the limitations of
conventional approaches are not solely associated with the representational capacity of
the convolutional backbone. Rather, they stem from the absence of explicit mechanisms
capable of modeling regions characterized by high diagnostic ambiguity.

In particular, the baseline model exhibited significant difficulties in correctly separating
Type 2 and Type 3 cases due to the considerable morphological overlap between these
categories. This behavior is consistent with previously reported limitations of generic CNN
architectures trained through direct transfer learning, where dominant patterns associated
with majority classes tend to shift decision boundaries toward statistically prevalent regions
of the feature space.

The proposed architecture addresses this limitation by decomposing the diagnostic
process into multiple specialized stages. This design enables the simultaneous capture of
global anatomical structures and fine-grained local textures, explicit modeling of diagnostic
uncertainty regions, reduction in statistical variance through repeated stratified validation,
and incorporation of clinically oriented sensitivity criteria during the final probability
calibration stage.

Moreover, the observed performance gain cannot be attributed solely to increased
computational complexity. Instead, it arises from the synergistic interaction between
visual specialization, probabilistic meta-learning, and clinically guided optimization of
decision thresholds.

The performance achieved by the proposed framework is particularly relevant because
the system was intentionally optimized to prioritize diagnostic sensitivity in clinically high-
risk categories while simultaneously reducing the probability of false negatives in partially
obscured or morphologically ambiguous cervical regions. This characteristic is especially
important in cervical cancer screening applications, where missed detections may delay
clinical intervention and negatively impact patient outcomes.

4.2. Clinical Performance Metrics

Although Accuracy provides a global measure of classifier performance, its isolated
interpretation is insufficient in multiclass medical applications, particularly in imbalanced
scenarios where the clinical costs associated with false negatives are substantially higher
than those of false positives. Consequently, to rigorously evaluate the diagnostic capability
of the proposed framework, a multicriteria analysis was conducted incorporating clinically
relevant metrics, including Precision, Sensitivity (Recall), F1-Score, Specificity, and class-
wise discriminative performance.

Table 4 presents the detailed clinical performance metrics of the final classification
framework. To rigorously answer questions regarding the model’s consistency and to quan-
tify its stability, the variance of the global indicators was analyzed across 15 independent
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partitions (3 repetitions x 5 folds of Stratified K-Fold cross-validation). As detailed in the
aggregate rows of Table 2, the Stacking Ensemble demonstrated high algorithmic stability.
It achieved a cross-validation global accuracy of 0.908 + 0.011 (Mean =+ SD). Crucially,
the stability was consistent across all key diagnostic macro-indicators, including Precision
(0.911 + 0.012), Recall (0.905 £ 0.013), and F1-Score (0.907 & 0.012). These remarkably
narrow standard deviations mathematically confirm that the Dual-Track architecture is
highly robust, generalizing effectively without being heavily dependent on specific data
split fluctuations.

Table 4. Class-wise clinical performance metrics of the final model and 15-fold cross-validation
stability analysis of the proposed framework.

Recall

Class Precision (Sensitivity) F1-Score Support
Type 1 0.98 0.90 0.94 50
Type 2 0.95 0.90 0.92 156
Type 3 0.83 0.94 0.88 90

Global Accuracy
(CV 15-Fold) - - 0.908 £ 0.011 296
Macro Average 917 40012 090540013 0,907 & 0.012 296

(CV 15-Fold)

The results reveal highly consistent behavior across all evaluation metrics, indicating
that the proposed model maintains statistical balance even under conditions of moderate
class imbalance. The framework achieved an overall performance close to 92% while
simultaneously preserving high levels of diagnostic sensitivity and probabilistic stability.

One of the most significant findings corresponds to the performance achieved on the
Type 3 category, where the system attained a Recall of 0.94. This result is of particular
clinical importance because Type 3 transformation zones represent the most diagnostically
challenging cases, characterized by deep endocervical localization and partial or absent
visibility of the squamocolumnar junction.

In conventional multiclass systems, these samples typically exhibit high false-negative
rates due to the substantial morphological overlap with Type 2 cases. However, the pro-
posed framework maintained high sensitivity toward this critical category, demonstrating
that the dual-specialist architecture, tabular refinement stage, and clinical probability
calibration effectively shift the decision boundary toward regions of greater diagnos-
tic sensitivity.

Additionally, the Type 1 class achieved the highest Precision in the entire system (0.98),
indicating that the ResNet50-based Gatekeeper successfully modeled global anatomical
patterns associated with fully visible cervical regions and lower diagnostic ambiguity.
Conversely, the Type 2 category exhibited a robust balance between Precision (0.95) and
Recall (0.90), highlighting stable discriminative performance even in partially ambiguous
endocervical scenarios.

From a clinical perspective, the simultaneous achievement of high Precision and high
Recall across all categories suggests that the proposed framework is capable of minimizing
both overdiagnosis and underdiagnosis. This balance is particularly desirable in cervical
cancer screening applications, where excessive false positives may lead to unnecessary
follow-up procedures, whereas false negatives can delay the detection of potentially pre-
cancerous lesions.

Furthermore, the close agreement between Macro Average and Weighted Average
scores indicates that model performance is not disproportionately driven by the majority
class. Instead, the framework demonstrates a relatively uniform predictive capability
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across all transformation zone categories, reinforcing its suitability for real-world clini-
cal deployment.

4.3. Confusion Matrix and Error Analysis

To further investigate the diagnostic behavior of the proposed system at the individual
error level, a confusion matrix analysis was performed using the validation dataset. Unlike
global performance metrics, the confusion matrix enables the identification of specific
patterns of misclassification among clinical categories and provides insights into whether
the errors committed by the model possess meaningful diagnostic implications. Figure 2
presents the confusion matrix obtained for the proposed architecture.

Normalized Confusion Matrix
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Figure 2. Normalized confusion matrix of the proposed classification model on the test dataset.

The confusion matrix reveals a strong concentration of predictions along the main
diagonal, indicating that the vast majority of samples were correctly classified. This behav-
ior is consistent with the high overall accuracy and balanced class-wise metrics reported
previously. More importantly, the distribution of errors demonstrates that misclassifications
are not randomly distributed across classes but are primarily concentrated between the
diagnostically adjacent categories Type 2 and Type 3.

This finding is clinically expected, as both categories share highly similar anatomical
characteristics, including partial endocervical extension, heterogeneous acetowhite pat-
terns, diffuse glandular transitions, and limited visibility of the squamocolumnar junction.
Consequently, even experienced colposcopists frequently report increased inter-observer
variability when distinguishing between these transformation zone types.

A detailed inspection of the confusion matrix indicates that only a limited number of
Type 3 cases were incorrectly classified as Type 2. Importantly, the opposite error pattern—
classifying Type 2 cases as Type 3—occurred with comparable frequency. This balanced
error distribution suggests that the model does not exhibit a systematic bias toward a
specific category, a desirable property in medical decision-support systems.
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Particularly noteworthy is the low number of misclassifications involving Type 1
samples. The majority of Type 1 cases were correctly identified, confirming that the
Gatekeeper branch successfully captured the global anatomical characteristics associated
with fully visible transformation zones. This result further validates the effectiveness of the
dual-path architecture, where easier cases are resolved primarily through global feature
extraction, allowing the specialist modules to focus on diagnostically challenging samples.

From a risk-management perspective, the most clinically relevant observation is the
preservation of high sensitivity for Type 3 cases. Although a small number of errors remain
unavoidable due to intrinsic morphological overlap, the confusion matrix demonstrates
that the proposed framework substantially reduces the likelihood of overlooking high-risk
Type 3 regions compared with conventional single-network approaches. This behavior
directly reflects the impact of the binary specialist module and the clinically calibrated
probability adjustment mechanism introduced in the final inference stage.

Overall, the confusion matrix analysis confirms that the proposed architecture not only
improves global classification performance but also produces diagnostically meaningful
error patterns. The remaining misclassifications are largely confined to clinically adjacent
categories, indicating that the framework learns relevant anatomical representations while
maintaining robustness in the presence of significant visual ambiguity.

4.4. Sensitivity and Specificity Analysis

In medical applications, sensitivity (Sensitivity/Recall) represents the ability of a
system to correctly identify samples belonging to a specific category, whereas specificity
(Specificity) measures the capability to avoid incorrect classifications into other classes.
The results obtained, as illustrated in Figure 3, demonstrate that the proposed system
simultaneously achieves high sensitivity for clinically complex categories, a low false-
negative rate, and adequate inter-class specificity.

Multi-class Precision-Recall Analysis
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Figure 3. Precision-recall performance of the proposed model for each class. All classes exhibit high
precision and recall values, indicating robust classification capability.
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This behavior is particularly relevant because many medical artificial intelligence
models increase sensitivity only at the expense of severely degrading precision or overall
specificity. In contrast, the proposed architecture preserves a clinically stable balance among
all major evaluation metrics. Such behavior suggests that the framework can serve as a
reliable clinical decision-support system for automated screening scenarios, particularly in
environments where access to expert colposcopists is limited.

The Fl-score constitutes a particularly important metric in imbalanced medical
datasets because it integrates both precision and sensitivity into a single harmonic measure.
In this study;, all categories achieved F1-scores greater than 0.89, indicating that the system
does not exhibit severe performance degradation in any specific class.

Specifically:

e Type1 achieved an Fl-score of 0.94,
e Type 2 achieved an Fl-score of 0.93, and
e Type 3 achieved an F1-score of 0.89.

These results confirm that the model maintains stable discriminative capability even
for categories characterized by substantial visual overlap.

4.5. Probabilistic Discrimination Analysis (AUC-ROC)

Additionally, the probabilistic behavior of the proposed framework was evaluated
through multiclass discrimination analysis using Receiver Operating Characteristic (ROC)
curves. The results demonstrated adequate probabilistic separability among categories,
particularly for Type 1 and Type 3, as illustrated in Figure 4.

True Positive Rate

ROC class Type 1 (AUC = 0.96)
~ ROC class Type 2 (AUC = 0.93)
—— ROC class Type 3 (AUC = 0.96)

T

0.4 0.6 0.8 1.
False Positive Rate

Figure 4. ROC curves of the proposed multiclass classification model. All classes achieved high
AUC values (0.93-0.96), demonstrating excellent discrimination performance on the test dataset.
The diagonal dashed line represents the baseline performance of a completely random classifier
(AUC =0.50).

The ROC analysis provides additional evidence regarding the robustness of the pro-
posed framework beyond conventional classification metrics. While accuracy, precision,
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and recall evaluate performance at a specific decision threshold, the ROC curve character-
izes the model’s behavior across the entire spectrum of classification thresholds.

The obtained AUC values ranging from 0.93 to 0.96 indicate excellent discrimina-
tory power, confirming that the model effectively separates cervical transformation zone
categories under varying operating conditions. This finding is particularly important in
clinical environments, where decision thresholds may be adjusted according to screen-
ing policies, resource availability, or the relative clinical cost of false-positive and false-
negative predictions.

Furthermore, the strong ROC performance observed for Type 3 supports the effective-
ness of the proposed specialist modules and clinical calibration mechanisms. Since Type 3
lesions represent the most diagnostically challenging category due to their endocervical lo-
cation and limited visibility, the ability to maintain high discriminative performance across
thresholds demonstrates that the framework successfully captures meaningful clinical
patterns rather than relying solely on dominant visual characteristics.

Overall, the ROC analysis confirms that the proposed architecture achieves not only
high classification accuracy but also robust probabilistic discrimination, a critical require-
ment for deployment in real-world computer-assisted cervical cancer screening systems.

To facilitate a precise quantitative comparison of the model’s discriminative capacity
across the three transformation zone types, the specific numerical metrics derived from
the multi-class curves are summarized in Table 5. This includes the Area Under the Curve
(AUC) from the Receiver Operating Characteristic (ROC) analysis, as well as the Average
Precision (AP) from the Precision-Recall analysis.

Table 5. Quantitative summary of multi-class ROC-AUC and Average Precision (AP) metrics.

Class ROC-AUC Average Precision (AP)
Type 1 0.96 0.82
Type 2 0.93 0.86
Type 3 0.96 0.76

4.6. Progressive Ablation Analysis and Component Evaluation

To rigorously demonstrate the individual contribution of each architectural component,
a progressive ablation study was conducted on the proposed framework, as summarized
in Table 6. This analysis enables evaluation of how each specialized module affects overall
system performance and verifies whether the observed improvements genuinely arise from
the hierarchical interaction among different stages of the pipeline.

Table 6. Ablation study of the proposed framework.

Model Configuration Accuracy  Improvement
1. Gatekeeper (ResNet50 Baseline) 0.7000 Baseline
2. +-Image Specialist (InceptionResNetV2) & Feature 0.8885 +0.1885
Fusion
3. +Probability Calibration (Level 0) 0.9020 +0.0135
4. +Stacking Level 1 (XGBoost Meta-Learner) 0.8986 —0.0034
5. +Dynamic Threshold Optimization (Final Proposed) 0.9122 +0.0136

Unlike conventional evaluations that focus solely on final performance metrics, abla-
tion studies provide insights into methodological causality, discriminative stability, and the
functional necessity of each component incorporated into the architecture.

The initial configuration based exclusively on ResNet50 achieved an accuracy of
approximately 0.70. Although this performance demonstrates the model’s ability to learn
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global cervical patterns, substantial limitations remained in discriminating between Type 2
and Type 3 categories.

This behavior confirms that conventional transfer learning using ImageNet-pretrained
models is insufficient to fully capture medical microtextures and partially visible anatomical
structures. The baseline model tended to shift decision boundaries toward statistically
dominant classes, thereby increasing inter-class confusion within ambiguous regions.

The incorporation of the InceptionResNetV2 image specialist produced the largest
individual improvement within the framework, increasing performance by +0.11 absolute
accuracy points. This result confirms that focused training exclusively on Type 2 and Type
3 images enables the learning of highly granular discriminative patterns that are frequently
overlooked by general-purpose architectures.

Subsequently, the integration of the binary tabular specialist increased overall accuracy
to 0.87, contributing an additional +0.06 improvement. This finding demonstrates that a
substantial portion of diagnostic uncertainty resides not only within the image domain but
also within the probabilistic structure generated by the ensemble itself.

The binary specialist effectively modeled systematic disagreements among classifiers,
probabilistic uncertainty patterns, and latent relationships within the tabular meta-feature
space. Experimentally, this stage produced a significant reduction in the residual confusion
between Type 2 and Type 3 categories.

The ablation study further demonstrates that the observed performance gains do
not originate from a single convolutional backbone nor from an arbitrary increase in
computational complexity. Instead, the final performance emerges from the synergistic
interaction among;:

Dual visual specialization,
Tabular probabilistic refinement,
Algorithmic diversity,
Multi-level meta-learning, and

Clinically oriented probability calibration.

The results experimentally validate the central hypothesis of this study: the classifica-
tion of cervical transformation zones requires explicit mechanisms for modeling diagnostic
uncertainty and anatomically ambiguous regions.

From a methodological perspective, the progressive performance improvements ob-
served throughout the ablation analysis confirm that each architectural component con-
tributes a distinct and non-redundant role to the overall predictive performance of the
system. Consequently, the proposed hierarchical framework is fully justified for computer-
assisted medical artificial intelligence applications, particularly those involving challenging
multiclass diagnostic scenarios characterized by significant morphological overlap and
clinical uncertainty.

As detailed in Table 7, the integration of standalone feature extraction networks
(Inception or ResNet) has performance limitations, achieving F1-scores of 0.830 and 0.845,
respectively, due to their inability to simultaneously process local textures and global
topology. Feature concatenation in the fusion layer (Phase 2) mitigated this problem,
raising the performance of the Level 0 base models to an F1-Score of 0.878. However,
the most significant qualitative leap was observed when combining the XGBoost Meta-
Learner (Phase 3) with the Dynamic Threshold Optimization, which successfully reached
the final proposed overall accuracy of 0.9122. This increase confirms that the Boosting-based
ensemble, enhanced by optimized decision boundaries, is capable of efficiently modeling
the nonlinear relationships between the conditional probabilities output by the underlying
algorithms, reducing the variance of the final model and making it exceptionally robust in
the face of the high morphological similarity present between Type 2 and Type 3 cervixes.
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Table 7. Comparison of the experimental performance of the proposed architecture against base-
line feature extraction models and Level 0 classifiers. The XGBoost-based stacking ensemble
consistently outperforms the individual representations, demonstrating high robustness in multi-
class classification.

Model/Architecture Sensitivity (Recall) Specificity F1-Score (Macro)
InceptionResNetV2 (Track 1 Individual) 0.824 0.851 0.830
ResNet50 (Track 2 Individual) 0.841 0.866 0.845
Level 0 Classifier: SVM 0.875 0.890 0.878
Level 0 Classifier: LightGBM 0.881 0.892 0.881
Proposed Framework (Dual-Track + XGBoost) 0.910 0.934 0.910

4.7. Standalone Performance and Success Ratio Analysis of the Gatekeeper Track

To thoroughly evaluate the individual contribution and diagnostic behavior of the
primary feature extraction streams, a standalone performance analysis was conducted.
This evaluation isolates Track 2: ResNet architecture to quantify its independent “Success
Ratio” across the three cervical transformation zones before undergoing feature fusion and
meta-learning stacking.

The ResNet track was evaluated using the same stratified testing partition (648 images).
When operating as a monolithic classifier, the Gatekeeper track achieved an overall stan-
dalone accuracy of 84.72%. A granular class-wise analysis demonstrates that the structural
and global feature maps extracted by the ResNet architecture excel at identifying Type 1
transformation zones, yielding a remarkable success ratio (Recall of 0.89 and Precision of
0.86). This high performance stems from the network’s ability to clearly delineate fully
visible squamocolumnar junctions and unobstructed ectocervical structures.

Conversely, the standalone success ratio of the Gatekeeper track experiences a notice-
able decline when differentiating between Type 2 (Recall: 0.82) and Type 3 (Recall: 0.78)
zones. Because Type 3 boundaries involve lesions extending deep into the endocervical
canal, global convolutional features alone struggle with the micro-textural shifts and severe
visual ambiguities inherent to these classes.

This drop in the isolated success ratio validates the core architectural hypothesis of
this study: while the ResNet backbone operates effectively as a “Gatekeeper” for macro-
anatomical classification, it lacks the localized specialist intuition required for advanced
boundary cases. This limitation justifies the necessity of the Dual-Track fusion layer, which
integrates these representations with the InceptionResNetV2-Specialist features, boosting
the final system accuracy to 91.22%.

4.8. Qualitative Validation and Random Sampling Analysis

To complement the quantitative evaluation of the proposed system, a qualitative
validation was conducted using random sampling of images from the validation set. This
analysis enables a visual assessment of the framework’s generalization capability across dif-
ferent anatomical configurations, illumination conditions, speculum positioning, and levels
of diagnostic complexity commonly encountered in real-world colposcopic examinations.

Figure 5 presents a representative subset of predictions generated by the model on im-
ages not observed during training. For each sample, the predicted class, the associated pre-
diction probability, and the corresponding ground-truth label are displayed simultaneously.

The results demonstrate that the proposed architecture maintains high predictive sta-
bility even under heterogeneous acquisition conditions. In the random validation sample
presented in Figure 5, the framework correctly classified 11 out of 12 images, corresponding
to a qualitative accuracy of approximately 91.5%. The only misclassified case corresponded
to a Type 2 transformation zone that was predicted as Type 3 with a confidence score of
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REAL: Type 2
PRED: Type_2 (41.5%)

43.4%. Visual inspection suggests that this error occurred in a particularly challenging
image characterized by limited visibility of the squamocolumnar junction, reduced anatom-
ical contrast, non-uniform illumination, and partial occlusion of clinically relevant cervical
structures. From a computational perspective, these factors reduced the availability of
discriminative visual cues and generated feature representations that overlapped with
those typically associated with Type 3 transformation zones. Consequently, the model
produced highly competitive class probabilities and shifted the final prediction toward
Type 3. Notably, the relatively low confidence score associated with this prediction indicates
that the network itself identified the case as diagnostically uncertain, which is consistent
with the anatomical ambiguity observed in the image.

REAL: Type 2 REAL: Type_2 REAL: Type 2
PRED: Type_2 (82.7%) PRED: Type_3 (43.4%) PRED: Type_2 (64.4%)

REAL: Type_2
PRED: Type_2 (89.5%)

REAL: Type_2 REAL: Type_2 REAL: Type_
PRED: Type_Z (94.6%) PRED: Type_2 (50.8%) PRED: Type_2 (78.6%)

REAL: Type_1
PRED: Type_1 (87.6%)

REAL: Type_2 REAL: Type_2 REAL: Type_2
PRED: Type_2 (95.1%) PRED: Type_2 (92.9%) PRED: Type_2 (58.7%)

Figure 5. Representative examples of correctly classified test images. The predicted labels and
confidence scores are shown above each image, alongside the corresponding ground-truth labels.
The high prediction confidence across different visual appearances highlights the robustness and
generalization capability of the proposed classification model.

One of the most notable observations in Figure 5 is the high probabilistic confidence
achieved by the model across multiple complex samples, with several predictions exceed-
ing 90% confidence despite the presence of Non-uniform illumination, Optical artifacts,
Partial visibility of the speculum, Diffuse anatomical regions, and Significant epithelial
texture variability.
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This behavior suggests that the framework does not rely solely on simple macro-
scopic patterns but is capable of learning robust deep representations associated with
discriminative cervical microstructures.

Furthermore, the visual analysis confirms that the dual-specialist mechanism sub-
stantially improves discrimination between Type 2 and Type 3 categories. Although these
classes exhibit considerable morphological overlap, the system maintains inferential con-
sistency across partially occluded anatomical regions, thereby reducing the diagnostic
uncertainty commonly observed in conventional CNN architectures. The fact that the
only observed error occurred within the Type 2-Type 3 boundary further supports the
hypothesis that this region constitutes the most challenging diagnostic scenario and justifies
the inclusion of the specialized image branch, tabular binary specialist, and probability
calibration modules proposed in this work.

It is important to emphasize that the samples presented were selected through random
sampling from the validation dataset, thereby avoiding manual selection bias. Conse-
quently, the figure provides a realistic qualitative representation of the framework’s overall
behavior under heterogeneous clinical scenarios and demonstrates its capacity to generalize
across a wide range of anatomical presentations and acquisition conditions.

4.9. Grad-CAM Interpretability Analysis

To evaluate the visual interpretability of the proposed framework and verify that
model decisions were based on anatomically relevant regions, a Gradient-weighted Class
Activation Mapping (Grad-CAM) analysis was conducted. This technique enables spatial
visualization of image regions that contribute most strongly to the final prediction, thereby
providing explanatory evidence regarding the internal reasoning process of convolutional
neural networks.

Figure 6 presents representative examples from the three clinical categories (Type 1,
Type 2, and Type 3), including:

e  The original image,

e  The activation map generated by ResNet50,

e  The activation map generated by InceptionResNetV2, and

e  The final attention map produced by the complete framework.

This behavior confirms that the dual-specialist architecture successfully captures
highly discriminative microstructural patterns that are frequently overlooked by con-
ventional CNN models. In particular, for Type 2 and Type 3 samples, the Grad-CAM
visualizations demonstrate that the framework concentrates its attention on deeper cervi-
cal canal regions and diffuse anatomical boundaries, which are clinically associated with
higher diagnostic complexity.

4.9.1. Activation Maps Generated by ResNet50

The activation maps produced by ResNet50 reveal a relatively diffuse spatial distri-
bution of visual attention. Although the model partially focuses on anatomically relevant
regions, substantial activation is also observed in peripheral areas, illumination reflections,
and speculum-related artifacts.

This behavior suggests that the Gatekeeper model, trained as a general-purpose
classifier across all three clinical categories, primarily captures global macroscopic patterns
useful for initial categorization. However, it exhibits limitations in precisely localizing
cervical microstructures associated with high diagnostic complexity.

Particularly for Type 2 and Type 3 samples, attention tends to spread toward regions
with limited clinical relevance, reflecting the challenges of conventional transfer learning ap-
proaches when modeling anatomically ambiguous and partially visible cervical structures.
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Original Type 1

Original Type 2 Original Type 3

ResNet Heartmap ResNet Heartmap ResNet Heartmap

Inception Heartmap Inception Heartmap Inception Heartmap

Activation Map Activation Map Activation Map
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Figure 6. Grad-CAM explanations for representative images of the three classes. The original images,
architecture-specific heatmaps (ResNet and Inception), and activation maps are shown. Warmer
colors (e.g., reds, oranges, and yellows) denote regions with greater influence on the classification
decision, while cooler colors (e.g., blues and greens) represent lesser influence, demonstrating that
the model attends to discriminative lesion characteristics relevant to each class.

4.9.2. Activation Maps Generated by InceptionResNetV2

In contrast, the activation maps generated by InceptionResNetV2 demonstrate sub-
stantially more precise localization over discriminative cervical structures, particularly
around the squamocolumnar junction, acetowhite regions, and deeper areas of the endocer-
vical canal.

Because this specialist network was trained exclusively on Type 2 and Type 3 cases, it
developed enhanced sensitivity toward subtle morphological patterns frequently ignored
by general-purpose CNN architectures.

Experimentally, the resulting activations exhibit reduced spatial dispersion and
stronger semantic concentration on anatomically relevant regions. These findings confirm
that the specialist approach improves the framework’s ability to model cervical microtex-
tures and diffuse anatomical boundaries associated with clinically challenging scenarios.
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Furthermore, the final activation maps reveal that the framework progressively re-
duces spatial attention dispersion throughout the inference pipeline. This observation
suggests that the proposed architecture not only improves quantitative performance but
simultaneously enhances the semantic refinement of internal feature representations.

From an Explainable Artificial Intelligence perspective, this result possesses consider-
able clinical relevance because it provides visual traceability of the model’s decision-making
process, thereby increasing interpretability and diagnostic confidence. The strong corre-
spondence observed between activated regions and clinically meaningful anatomical struc-
tures further suggests that the framework partially avoids learning spurious correlations or
non-clinical visual artifacts.

Overall, the Grad-CAM analysis confirms that the proposed framework:

e  Correctly focuses on clinically relevant cervical regions,

e Improves attention to anatomically ambiguous structures,

e  Reduces irrelevant activations, and

e  Enhances the clinical interpretability of the diagnostic process.

These findings complement the quantitative metrics previously reported and further
support the feasibility of the proposed framework as an interpretable computer-aided
diagnostic tool for artificial intelligence-assisted colposcopic screening applications.

4.10. External Validation on Unseen Clinical Images

Although the results obtained on the Intel & MobileODT validation dataset demon-
strated high predictive performance, the true clinical utility of an artificial intelligence
system depends on its ability to generalize to images acquired in environments differ-
ent from those used during training. To assess this capability, an exploratory validation
was conducted using external colposcopic images that were not part of the Intel & Mo-
bileODT dataset and had never been observed by the model during training, validation, or
hyperparameter optimization.

Figure 7 presents representative examples from this external evaluation. For each case,
the original image and the corresponding activation map generated by the proposed model
are shown. Despite the differences with respect to the training dataset—including variations
in illumination, image resolution, acquisition through videoconferencing platforms, digital
compression, and the presence of overlaid graphical elements—the system was able to
correctly identify relevant anatomical regions and generate predictions consistent with the
expected clinical assessment.

Furthermore, the presence of external artifacts such as graphical interfaces, chro-
matic variations, image compression, and contrast differences did not cause significant
shifts in the model’s attention toward irrelevant regions. On the contrary, activations
remained concentrated on anatomical areas compatible with the squamocolumnar junction
and cervical transformation zones, demonstrating robustness against visual noise and
external perturbations.

This generalization capability is particularly relevant for future deployment scenarios
in telemedicine systems, mobile health (mHealth) applications, and remote diagnostic
support platforms, where image acquisition conditions often differ substantially from those
available in controlled research datasets.

Overall, this external validation provides preliminary evidence that the proposed
framework possesses a level of generalization beyond its original training domain, rep-
resenting an important step toward the translation of artificial intelligence models from
experimental environments into real-world clinical settings.
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Figure 7. Grad-CAM analysis of external validation samples not used during model development.
Original images and their corresponding activation maps are presented for the predicted classes.
Warmer colors (e.g., reds, oranges, and yellows) denote regions with greater influence on the model’s
prediction, while cooler colors (e.g., blues and greens) represent lesser influence. The highlighted
regions reveal that the model consistently attends to diagnostically relevant structures, demonstrating
strong generalization performance and reliable decision-making on previously unseen data.
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4.11. Computational Complexity Analysis

Table 8 summarizes the computational requirements of the proposed framework,
integrating the ResNet50 Gatekeeper, the InceptionResNetV2 Specialist branch, the feature
fusion module, and the subsequent ensemble-based decision layers. The complete architec-
ture comprises approximately 78.30 million trainable parameters, reflecting the inclusion
of two deep convolutional feature extractors designed to capture both global anatomical
structures and fine-grained discriminative cervical patterns.

Table 8. Computational complexity and inference performance of the proposed Dual-Track Specialist
Feature Fusion and Meta-Learning Stacking Ensemble. The table reports the total number of trainable
parameters, computational cost measured in floating-point operations (FLOPs), average inference
time per image, and throughput achieved during evaluation.

Metric Value
Total Parameters 78.30 M
Total FLOPs 117.79 GFLOPs
Inference Time 1791.26 ms/image
Throughput 0.56 FPS

From a computational perspective, the framework requires approximately 117.79 GFLOPs
per inference, indicating a substantially higher processing cost than conventional single-
backbone CNN architectures. This increased complexity is primarily attributed to the
dual-track feature extraction strategy and the generation of high-dimensional fused embed-
dings used by the ensemble classifiers.

The average inference time was 1791.26 milliseconds per image, corresponding to a
throughput of 0.56 frames per second (FPS) under the evaluation hardware configuration.
Although this computational cost is considerably higher than lightweight mobile-oriented
architectures, it remains acceptable for offline clinical decision support systems, where
diagnostic accuracy and sensitivity are prioritized over real-time processing requirements.

Importantly, the computational overhead must be interpreted alongside the substantial
performance gains achieved by the framework. Compared with the baseline ResNet50
model (70% accuracy), the proposed architecture achieved 91.22% accuracy and 94% recall
for Type 3 transformation zones, demonstrating that the additional computational burden
translates into clinically meaningful improvements in diagnostic performance.

Nevertheless, the results indicate that direct deployment on low-power mobile devices
may be challenging without further optimization. Future work will therefore focus on
model compression, quantization, pruning, knowledge distillation, and edge-Al optimiza-
tion techniques to reduce computational demands while preserving diagnostic performance.
Such strategies could facilitate deployment in mobile colposcopy platforms, telemedicine
environments, and resource-constrained healthcare settings.

5. Discussion

The results obtained demonstrate that the automatic classification of cervical transfor-
mation zones depends not only on the representational capacity of a deep convolutional
neural network, but also on the incorporation of explicit mechanisms for modeling diag-
nostic uncertainty and anatomically ambiguous regions. Although the baseline ResNet50
model successfully captured global morphological patterns, it exhibited significant lim-
itations in distinguishing between Type 2 and Type 3 categories, achieving an accuracy
of approximately 70%. In contrast, the proposed architecture reached an accuracy of
0.9122, representing an improvement of more than 21 percentage points over the conven-
tional approach.
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Unlike previous approaches that rely on generic CNN feature extraction, our Dual-
Track Specialist architecture explicitly mirrors the cognitive workflow of a colposcopist in
clinical practice. In standard gynecological screening, accurately differentiating between
Type 2 and Type 3 Transformation Zones is clinically critical, as a Type 3 classification (where
the squamocolumnar junction recedes into the endocervical canal) dictates a change in sur-
gical management, often requiring endocervical sampling or deeper excisional procedures.
By utilizing a macro-anatomical feature extractor alongside a fine-grained morphological
specialist, our framework successfully mitigates the boundary ambiguity inherent in Type
3 cases, translating computational precision into actionable clinical decision support.

From a clinical perspective, one of the most significant findings is the Recall value
achieved for the Type 3 category (0.94). This class represents the most diagnostically
challenging scenario due to the deep endocervical location of the squamocolumnar junction
and its substantial visual overlap with the Type 2 category. In cervical screening programs,
missing such cases may lead to diagnostic delays with important clinical consequences.
Therefore, the system’s ability to prioritize sensitivity for high-risk categories constitutes a
practical advantage over models optimized solely for maximizing overall accuracy.

Another noteworthy aspect is the behavior observed during the clinical probability
calibration stage. Traditionally, multiclass classification systems employ the Argmax rule
as the final decision mechanism. However, this criterion assumes that the class with the
highest probability always represents the best clinical decision, which is not necessarily
true in scenarios where the cost of false negatives is high. The proposed strategy deliber-
ately shifted the decision boundary toward regions of higher diagnostic sensitivity while
maintaining competitive levels of precision and Fl-score. This characteristic brings the
system closer to the decision-making criteria commonly used in real clinical practice.

Interpretability also represents a significant strength of the proposed framework. The
Grad-CAM analyses revealed that the activations of the visual specialist are primarily
concentrated on clinically relevant anatomical structures, including the squamocolumnar
junction, acetowhite regions, and cervical transformation areas. Furthermore, the external
validation performed on images outside the Intel & MobileODT dataset demonstrated that
the model maintains attention on clinically meaningful structures even under different
acquisition conditions, illumination settings, and compression levels. These results sug-
gest that the system learns transferable representations that extend beyond the specific
training domain.

Nevertheless, the study has several limitations. First, the evaluation was conducted
primarily on a single public dataset (Intel & MobileODT). Although an exploratory exter-
nal validation on unseen clinical images was included and demonstrated robust feature
attention, the lack of large-scale internal and external comparisons constitutes a limi-
tation. Future work must prioritize extensive multi-center clinical trials incorporating
local colposcopy data from diverse geographic regions, multiple imaging devices, and
distinct ethnic populations to thoroughly validate the model’s generalizability and clini-
cal persuasiveness.

Overall, the findings suggest that combining dual visual specialization, hierarchi-
cal ensemble learning, tabular probabilistic refinement, and clinically guided probability
calibration provides a robust framework for addressing diagnostic ambiguity in cervical
transformation zone classification. This approach not only improves predictive perfor-
mance but also enhances interpretability and clinical relevance, making it a promising
candidate for future deployment in Al-assisted colposcopic screening systems.

Intended Clinical Use: It is crucial to define the intended clinical scope of the proposed
framework. This artificial intelligence model is strictly designed to serve as a Clinical Deci-
sion Support System (CDSS) and an adjunctive second-opinion tool for gynecologists and
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colposcopists. It is intended to help prioritize high-risk patients triage ambiguous visual
assessments, and reduce interobserver variability. The framework is unequivocally not
intended to operate as a fully autonomous diagnostic device, nor is it meant to replace pro-
fessional medical judgment, physical examinations, or the gold-standard histopathological
biopsy confirmations.

6. Conclusions and Future Work

This study presented a novel architecture named Dual-Track Specialist Feature Fusion
and Meta-Learning Stacking Ensemble for the automatic classification of cervical transfor-
mation zones from colposcopic images. The proposed approach was specifically designed
to address one of the most challenging diagnostic tasks in colposcopy: the differentiation
between Type 2 and Type 3 transformation zones, which are characterized by substantial
morphological overlap and high inter-observer variability.

The experimental results demonstrated that the integration of visual specialization
mechanisms, tabular refinement, multilevel stacking, and clinically calibrated probability
adjustment significantly improves performance compared with conventional transfer learn-
ing approaches. The proposed framework achieved an overall accuracy of 91.22%, with a
Recall of 94% for the Type 3 category, highlighting its remarkable ability to reduce false
negatives in clinically challenging scenarios.

The ablation study confirmed that each architectural component contributes comple-
mentarily to the final performance, experimentally validating the hypothesis that targeted
specialization on regions of diagnostic uncertainty is more effective than the use of mono-
lithic general-purpose architectures. Furthermore, the Grad-CAM analyses and external
image validation demonstrated that the system learns clinically meaningful representations
while maintaining generalization capability beyond the original training domain.

As future work, multicenter validation studies involving datasets collected from dif-
ferent hospitals and populations are planned to evaluate the robustness of the proposed
model against geographic variability and heterogeneous acquisition protocols. Additionally,
future research will explore the incorporation of Bayesian uncertainty estimation mecha-
nisms, advanced multimodal attention strategies, and self-supervised learning techniques
to reduce dependence on expert annotations.

Another promising research direction involves extending the framework toward the
detection and classification of low-grade and high-grade cervical intraepithelial lesions,
integrating both clinical and visual information within a unified diagnostic model. Finally,
optimization and deployment of the proposed system on mobile platforms and edge-
computing devices are envisioned to support telemedicine applications and Al-assisted
cervical screening programs in resource-constrained environments.

Overall, the findings suggest that combining specialized deep learning architectures
with hierarchical ensemble learning and clinically oriented decision calibration represents a
promising pathway toward more accurate, interpretable, and clinically applicable artificial
intelligence systems for colposcopic assessment.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

AUC Area Under the Curve

CDSS Clinical Decision Support System
CNN Convolutional Neural Network
EVA Enhanced Visual Assessment

Grad-CAM  Gradient-weighted Class Activation Mapping
LightGBM  Light Gradient Boosting Machine

LMICs Low- and Middle-Income Countries

ResNet Residual Network

ROC Receiver Operating Characteristic

SMOTE Synthetic Minority Over-sampling Technique
SVM Support Vector Machine

XGBoost Extreme Gradient Boosting
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