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ABSTRACT

Background: Pneumonia is a global health challenge requiring timely and accurate diagnosis
to guide effective treatment. Pathological diagnosis is invasive and slow, while computed
tomography (CT)-based differentiation of bacterial pneumonia (BP) from non-bacterial
pneumonia (NBP), or tuberculosis (TB) from fungal pneumonia (FP), is challenged by
overlapping features and limited biomarker specificity, often leading to empirical treatment.
While artificial intelligence (Al) is promising, existing models for pneumonia often focus on
simpler tasks, lacking robustness across diverse clinical settings or interpretability for broader
adoption.

Purpose: This thesis addresses these challenges by developing and validating two novel Al
models for pneumonia differentiation on chest CT: a deep learning model for BP versus NBP
classification and a domain-adapted radiomics model for TB versus FP distinction.

Methods and Materials: For BP vs. NBP differentiation, the MPMT-Pneumo model, a hybrid
convolutional neural network (CNN)-Transformer, was developed using CT data and four
inflammatory biomarkers from 384 patients across two hospitals; Poly focal loss addressed
class imbalance. For TB vs. FP differentiation, a radiomics model with a novel multicenter
distribution adaptation (MDA) framework was developed using CT data from 528 patients
across four centers, involving automated segmentation and feature extraction from seven ROIs.
Performance was evaluated by area under the curve (AUC), accuracy, and sensitivity,
benchmarked against alternatives, with SHAP values for TB/FP model interpretability.
Results: MPMT-Pneumo achieved AUC 0.874, accuracy 0.852, and sensitivity 0.894 for BP
vs. NBP, outperforming baseline models and matching experienced radiologists' sensitivity for
BP. Ablation studies confirmed MPMT-Pneumo's multi-modal design benefits. The MDA-

radiomics model for TB vs. FP achieved AUCs of 0.871-0.977 in external validations,
III



outperforming traditional classifiers. SHAP analysis offered feature insights, and t-SNE
confirmed MDA'’s efficacy in reducing inter-center feature variability.

Conclusion: This thesis developed two clinically relevant, generalizable Al solutions for CT-
based pneumonia differentiation. Both the MPMT-Pneumo model and the MDA radiomics
framework show significant gains in diagnostic accuracy and robustness, promising more

rational antibiotic use and informed clinical decisions in diverse healthcare settings.
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CHAPTER 1 Introduction

1.1 Pneumonia

1.1.1 Background

Pneumonia stands as a formidable global health concern, responsible for substantial
morbidity and mortality across all age groups. According to the 2021 Global Burden of Disease
(GBD) report !, 2.1 million people died of pneumonia, including over 700,000 children under
five and more than 1 million adults over 70 2. This positions pneumonia as one of a leading
cause of death globally °.

The challenge of pneumonia management is compounded by its diverse etiology.
Bacteria, viruses, fungi, and atypical pathogens such as Mycoplasma pneumoniae and
Legionella pneumophila can all cause pneumonia . Accurate and timely etiological
differentiation is therefore critical, as it determines the appropriate therapeutic approach °. For
instance, bacterial pneumonia (BP) necessitates treatment with antibiotics, whereas viral or
fungal pneumonia (FP) require specific antiviral or antifungal agents, respectively °.

Inaccurate or delayed etiological diagnosis can lead to suboptimal or unnecessary
treatment, which not only fails to address the underlying infection but also exposes patients to
adverse drug reactions ’, increases the risk of serious complications (such as lung abscess,
pleural effusion, or respiratory failure) ¥, and, in severe cases, may result in death °. Furthermore,
the empirical use of broad-spectrum antibiotics in the absence of a clear diagnosis drives the
selection and spread of drug-resistant pathogens, contributing significantly to the global burden
of antimicrobial resistance (AMR) !°. According to the 2019 GBD report, 1.27 million deaths

were attributable to bacterial AMR, with Streptococcus pneumoniae as a major contributor .
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Therefore, improving diagnostic precision is essential for both optimal patient outcomes and
the broader effort to combat AMR.

Furthermore, precise diagnosis optimizes the utilization of healthcare resources. By
ensuring that patients receive the correct treatment promptly, accurate etiological differentiation
can reduce the length of hospital stays, minimize the need for additional diagnostic tests or
interventions, and decrease overall healthcare costs. This optimization of resources is
particularly critical in low- and middle-income countries, which often bear the highest burden
of pneumonia and operate under significant resource constraints. Delayed or inaccurate
etiological diagnosis leads to inappropriate or delayed treatment, which in turn can result in
poorer patient outcomes, an increased burden of AMR, and inefficient use of healthcare

resources '2.

1.1.2 Challenges of Accurate Diagnosis

The diagnosis of pneumonia and the subsequent differentiation of its etiological agents
have traditionally relied on a combination of clinical assessment, radiological imaging, and
various laboratory tests !*. Conventional diagnostic methods for identifying the causative
pathogens include sputum and blood cultures, direct microscopy of respiratory specimens,
polymerase chain reaction (PCR) assays, and antigen or antibody detection tests. While these
methods can provide valuable information, they are beset by several inherent limitations that

14-16

can impede timely and accurate etiological differentiation , as summarized in Table 1.1.



Table 1.1. Limitations of conventional pneumonia diagnostic methods.

Method Time Sensitivity  Specificity = Limitations
Sputum 48-72 Low to Moderate Time-consuming; low yield for
Culture hours moderate some pathogens; affected by sample
quality; cannot distinguish infection
from colonization
Blood 24-48 Very low High when  Low yield, especially in non-severe
Culture hours positive cases; invasive procedure
Microscopy  Hours Variable Moderate Operator-dependent; low sensitivity
to high with low pathogen loads; some
pathogens not easily visualized
PCR Tests 1-6 Generally Moderate May not distinguish colonization
hours high to high from infection; expensive; requires
specialized labs; false
positives/negatives possible
Antigen/ Minutes  Variable Variable Often pathogen-specific; possible
Antibody to hours cross-reactivity; timing of sample
Tests collection is critical




One major limitation is the time required for results. Microbiological cultures, though
considered the gold standard for bacterial identification, can take 48 to 72 hours or longer,
which is problematic in acute settings where prompt decisions are essential 7. Sensitivity and
specificity are also important concerns. For example, sputum cultures often have low sensitivity,
especially if the patient has received antibiotics prior to sample collection '8. Sputum samples
may also be contaminated with oropharyngeal flora, making it difficult to distinguish between
true pathogens and colonizing organisms. This challenge extends to PCR-based detection, as
the presence of bacterial DNA in nonsterile samples does not always indicate active infection,
complicating clinical decision-making 7. Blood cultures have a very low yield in non-severe
pneumonia. Microscopic examination of stained smears can offer rapid results, but its
sensitivity is often operator-dependent and can be hampered by low pathogen loads, as seen in
non-HIV patients with Pneumocystis pneumonia °.

Accessibility and cost are additional barriers. Sophisticated molecular assays are often
expensive and may require specialized laboratory infrastructure and trained personnel, which
are not universally available, particularly in resource-limited settings where pneumonia burden

is highest 2°

. This often forces clinicians to balance diagnostic accuracy with practical feasibility.

These limitations collectively create a "diagnostic gap." In the absence of rapid, reliable,
and accessible diagnostic tools, clinicians often resort to empirical broad-spectrum antibiotics
18 While this may be necessary to avoid treatment delays, it substantially contributes to
antibiotic overuse and the development of AMR. This diagnostic gap underscores the urgent

need for novel and efficient diagnostic strategies, such as advanced medical imaging and

artificial intelligence (Al), to improve pneumonia management.



1.1.3 CT for Pneumonia Differentiation

Computed tomography (CT) has become a valuable imaging modality in the diagnostic
pathway for pneumonia, particularly in complex or equivocal cases 2!. Its main advantage lies
in providing detailed, cross-sectional images of the lungs with superior spatial and contrast
resolution compared to conventional chest radiography 2. This enhanced visualization allows
for more accurate detection and characterization of pneumonic infiltrates, as well as assessment
of disease extent and severity.

CT can reveal early or subtle pneumonia that may be missed on chest X-ray and is
especially effective in detecting complications, such as abscesses, pleural effusions, or
cavitation 2°. Studies report that CT sensitivity and specificity for pneumonia differentiation
often exceed 95% and 90%, respectively 2. This makes CT a crucial reference tool, especially
when initial imaging is inconclusive or in patients with severe disease. For instance, early chest
CT scans in emergency department patients with clinically suspected community-acquired
pneumonia (CAP) have been shown to improve diagnostic certainty and influence therapeutic
plans, such as decisions regarding antibiotic initiation or hospitalization 2. Recent advances,
including ultra-low-dose CT and Al-driven denoising, have further reduced radiation risks and
broadened CT applicability, especially for radiosensitive groups or cases requiring serial
imaging .

Despite the significant advantages of CT in detecting and characterizing pneumonia, a
substantial challenge persists: the accurate differentiation of various pneumonia etiologies
based solely on visual interpretation of CT images remains difficult for human observers 2°. The
primary reason for this challenge lies in the phenomenon of overlapping imaging features 27,
Different causative pathogens—be they bacterial, viral, or fungal-—can manifest with

remarkably similar visual patterns on CT scans as shown in Figure 1.1. Common CT findings
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such as ground-glass opacities (GGOs), consolidations, and nodular patterns are not specific to
any single etiology and can be observed across a spectrum of infectious processes. For example,
distinguishing BP from non-bacterial pneumonia (NBP) (often viral) is notoriously challenging
due to this overlap; features like lobar consolidation might suggest bacterial origin 2, while
diffuse GGOs might point towards viral, but exceptions and mixed patterns are frequent 2% °.
Similarly, differentiating tuberculous pneumonia from FP, especially in immunocompromised
patients, can be exceedingly difficult, as both can present with nodules, consolidations, and
cavitation, leading to diagnostic uncertainty*!: 32. Studies have shown that even experienced
radiologists exhibit poor agreement when trying to distinguish conditions like pulmonary
tuberculosis (TB) from invasive pulmonary aspergillosis in transplant recipients based on CT
findings alone’!. Even within viral pneumonias (VP), differentiating specific viral agents based
on CT patterns is often unreliable due to the diversity of presentations and similarities between
them®. The challenge is further compounded in cases like Coronavirus disease (COVID)-19,

where atypical CT findings can mimic other lung diseases >*.
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(a) Bacterial Pneumonia (b) Viral Pneumonia

(c) Fungal Pneumonia (d) Tuberculosis

Figure 1.1. CT for lung imaging in patients with pneumonia.
Representative axial CT images displayed with a lung window setting (Window Width: 1500
HU, Window Level: -600 HU). (a) Bacterial Pneumonia. (b) Viral Pneumonia. (¢) Fungal

Pneumonia. (d) Tuberculosis

11



Besides, the inherent limitations of human visual interpretation contribute significantly
to diagnostic uncertainty 3°. CT interpretation is a subjective process, susceptible to inter-
observer variability, meaning that different radiologists, or even the same radiologist at different
times, may interpret the same scan differently 2°. This variability can be substantial, even among
experienced thoracic radiologists, particularly when assessing complex diffuse lung diseases or
subtle patterns 6. For instance, inter-observer agreement for identifying specific patterns like
usual interstitial pneumonia in interstitial lung diseases has been reported as moderate 7, and
diagnostic agreement for pneumonia on chest radiographs can also be moderate, with kappa
values sometimes falling significantly in specific patient subgroups or for certain pathogens >®.
This subjectivity and variability make it hard to consistently identify the subtle signs that can
distinguish different causes of pneumonia. The combination of overlapping imaging features
and the limitation of human interpretation results in a diagnostic bottleneck, which means that
doctors often have to use slower, sometimes less sensitive or specific, standard microbiological
methods, or make treatment decisions based on experience *°. This clearly defines an area where

more objective and powerful analytical tools are needed.

12



1.2 Al for CT-Based Pneumonia Differentiation

The field of medical image analysis is undergoing a rapid transformation, primarily
driven by the emergence of Al and its specialized subfields, machine learning (ML), deep
learning (DL), and radiomics. These technologies enable the extraction of vast quantitative
information from medical images, supporting more objective, accurate, and efficient diagnostic

and prognostic assessments.

1.2.1 Background

Al in medical imaging has evolved from early expert systems, which codified medical
knowledge into rule-based frameworks, to advanced ML and DL approaches *°. Notably, DL
models, especially convolutional neural networks (CNNs) *!, have shown outstanding
performance in image-based tasks by learning hierarchical visual features directly from raw
image data, eliminating the need for manual feature engineering *>. More recently, vision
transformers (ViTs) *°, adapted from natural language processing, have further advanced the
field by capturing global context and long-range dependencies within images **.

Concurrently, the field of radiomics has emerged as a distinct but related discipline.
Radiomics focuses on high-throughput extraction of quantitative features, such as intensity,
shape, texture, and wavelet characteristics, from CT, magnetic resonance imaging (MRI), or
positron emission tomography (PET) images *°. These features characterize tissue properties
and generate a quantitative "imaging phenotype" for regions of interest, which can be correlated
with clinical outcomes or used for predictive modeling in diagnosis and prognosis *¢. While
traditional radiomics relies on "hand-crafted" features, DL techniques can also be employed
within the radiomics workflow, for instance, for automated segmentation of regions of interest

(ROISs) or even for learning "deep features" directly from the image data #’.
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The rapid proliferation and advancement of these Al technologies in medical imaging
have been significantly catalyzed by several factors. These include the increasing availability
of large medical image datasets (though challenges in data sharing and annotation persist),
substantial improvements in computational power, particularly through the use of Graphics
Processing Units (GPUs) and cloud computing platforms, and the development of open-source
software libraries and frameworks (e.g., TensorFlow, PyTorch, MONAI) “°. This convergence
of algorithmic innovation, data availability, and computational resources has enabled Al to

tackle complex challenges in medical image analysis.

1.2.2 Advancements and Applications

Al-driven approaches, encompassing both DL and radiomics, hold considerable
potential to address the inherent limitations in conventional CT interpretation for pneumonia
differentiation. As previously discussed, human assessment of CT scans is often limited by
overlapping imaging features and inter-observer variability. Al overcomes these challenges by
analyzing complex image patterns that are often imperceptible to the human eye *®. For example,
DL models, particularly CNNs, can learn to identify subtle textural and morphological
distinctions from vast amounts of image data, potentially discerning discriminative features that
differentiate various pneumonia types even when they appear visually similar*’. Concurrently,
radiomics, through the extraction of a multitude of quantitative features, aims to capture an
"occult" imaging phenotype, subtle characteristics of tissue heterogeneity and structure that are
not typically assessed in routine visual inspection but may correlate with underlying pathology
or etiology *’. This detailed analysis is essential for distinguishing pneumonia etiologies that
present similar visual characteristics.

The application of Al can enhance CT-based pneumonia differentiation in several

keyways, leading to significant improvements in diagnostic capabilities. One major benefit is
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improved accuracy; by learning from large datasets and identifying complex patterns, Al
models have the potential to achieve higher diagnostic accuracy in differentiating pneumonia
etiologies compared to visual interpretation alone 3. Studies on COVID-19, for example, have
demonstrated Al systems capable of diagnosing the disease from CT scans with high accuracy
and differentiating it from other common pneumonias *°.

Beyond accuracy, Al contributes to enhanced objectivity and consistency in diagnoses.
Once trained, Al algorithms provide deterministic, reproducible results, minimizing the
subjectivity and inter-observer variability that can affect traditional interpretation **. This leads
to more reliable and standardized assessments. Furthermore, the use of Al can lead to increased
efficiency in clinical workflows. Automated Al analysis streamlines processes, reduces image
reading time, and alleviates radiologists’ workload, which is particularly crucial in high-volume
or crisis settings *%.

The integration of Al in this field is prompted by the pursuit of improved diagnostic
accuracy, enhanced efficiency, and greater consistency, as well as the potential to extract more
detailed information from medical images. Effective implementation of these technologies may
promote more judicious use of antibiotics, thereby supporting global initiatives to address AMR.
Additionally, such advancements can facilitate the optimal allocation of healthcare resources

by enabling more precise and timely diagnoses.
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CHAPTER 2 Research Gaps, Aims and

Objectives

2.1 Research Gaps

While the potential of Al in medical imaging is vast, its application to specific,
challenging clinical problems in pneumonia differentiation requires focused research and
development to address persistent unmet needs. Current diagnostic pathways, even when
incorporating advanced imaging like CT, face significant limitations in accurately and reliably
differentiating key pneumonia etiologies. Al methodologies have not yet adequately targeted
these specific, nuanced differentiation tasks with robust and generalizable solutions.
Furthermore, a broader barrier to the clinical translation of many Al models is their failure to
generalize reliably across diverse clinical centers and patient populations. This thesis identifies

the following key research gaps:

2.1.1 Lack of Targeted and Effective AI-Driven Solutions for

Differentiating Bacterial from Non-Bacterial Pneumonia

BP represents a highly common and clinically significant form of pneumonia
encountered in practice, rendering its accurate and timely differentiation from NBP particularly

crucial >°

. However, CT imaging features such as consolidation, ground-glass opacities, and
nodules are often present in both BP and NBP, making reliable visual differentiation difficult .

Similarly, commonly used clinical biomarkers (e.g., C-reactive protein (CRP) and white blood

cell (WBC) count) frequently lack sufficient specificity, as elevations can occur in various
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inflammatory states °'. While DL has shown promise in general pneumonia differentiation,
there is a significant gap in Al models specifically designed and validated for the critical binary
task of BP versus NBP differentiation > 3. Existing Al research has often focused on other
classifications (e.g., COVID-19) 3* 3% or has not sufficiently explored the synergistic potential
of integrating comprehensive multi-plane CT image analysis with relevant clinical biomarkers
to achieve the accuracy and robustness needed for this specific differentiation. Consequently, a
clear need exists for advanced Al methodologies that can effectively address this frequent and

diagnostically ambiguous challenge to better guide antibiotic therapy.

2.1.2 Lack of Robust and Generalizable Non-Invasive Tools for

Differentiating Tuberculous from Fungal Pneumonia

Distinguishing TB from FP is a persistent clinical challenge due to their overlapping
and complex CT presentations, especially in vulnerable patient groups *°. Given the distinct,
prolonged treatment regimens required and the severe consequences of misdiagnosis, accurate
differentiation is crucial. However, conventional methods, including visual CT assessment and
microbiological tests, have notable limitations in providing timely and reliable diagnoses for
these specific conditions °’. While radiomics has indicated potential for characterizing
infectious lesions %, there is a distinct lack of Al-driven models, including those based on
advanced radiomics or DL, that are specifically developed, validated, and proven to be
generalizable across multiple centers for the explicit task of differentiating TB from FP. This

gap leaves clinicians without effective non-invasive tools for this challenging differentiation.
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2.1.3 Insufficient Generalizability of AI Models for CT-based

Pneumonia Differentiation Across Diverse Clinical Centers

A major overarching challenge hindering the widespread clinical adoption of Al tools
in pneumonia differentiation, is the issue of "domain shift" *°. Al models, whether based on DL
or radiomics, frequently exhibit a significant degradation in performance when applied to data
from different hospitals, CT scanners, or patient populations than those on which they were
initially developed and validated . This lack of robustness and generalizability is a critical gap.
There is a specific need for the development and rigorous validation of effective strategies, such
as domain adaptation (DA) techniques, which can enhance the resilience of AI models to such

inter-center variability in the context of CT-based pneumonia differentiation.

2.2 Research Aim

The aim of this study is to develop and rigorously validate novel Al methodologies for
CT-based differentiation of key pneumonia types. Specifically, we seek to achieve accurate,
robust, and generalizable distinction between BP and NBP, as well as TB and FP, by leveraging
multi-plane DL with biomarker integration and domain-adapted radiomics. These Al tools are
intended to enhance clinical decision-making, promote rational antimicrobial use, and improve

patient outcomes.

2.3 Research Objectives

To achieve the overall aim, this thesis pursues the following specific and measurable

objectives, each aligned with the core research questions:
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To develop and evaluate a multi-plane and multi-modal transformer (MPMT) model that
synergistically integrates imaging features extracted from multiple CT views (axial,
coronal, and sagittal planes) with routine clinical inflammatory biomarkers for the
improved differentiation of BP from NBP.

To develop and validate a robust CT-based radiomics pipeline, incorporating a novel
feature-level DA framework, termed multicenter distribution adaptation (MDA), designed
to enhance the differentiation of TB from FP with improved generalizability across diverse,
multi-center clinical datasets.

To comprehensively benchmark the diagnostic performance of the developed MPMT-
Pneumo model and MDA radiomics framework against relevant alternative computational

approaches and/or the interpretative performance of clinical radiologists.
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CHAPTER 3 Literature Review of Al-based

Pneumonia Differentiation on CT Images

This chapter provides a comprehensive review of the existing literature relevant to the
core themes of this PhD thesis: the application of advanced Al techniques, specifically DL,
radiomics, and DA, for the etiological differentiation of pneumonia using CT imaging. As
established in Chapter 1, differentiating pneumonia etiologies is crucial but challenging with
conventional methods and visual CT interpretation alone. This review will examine the current
state of Al in addressing these challenges.

The purpose of this literature review is twofold. Firstly, it aims to establish a thorough
understanding of the current state of knowledge regarding Al, DL, and radiomics as applied to
pulmonary image analysis and pneumonia differentiation. Secondly, and critically, this review
seeks to identify the existing gaps, limitations, and unanswered questions within the current
body of research. By pinpointing these deficiencies, this chapter will provide the scholarly
context and robust justification for the specific research questions, aims, and methodologies

adopted in this thesis, thereby underscoring the novelty and significance of the proposed work.

3.1 Deep Learning-based Methods

The emergence of DL as a powerful tool for image analysis has opened new avenues for
addressing the previously outlined challenges in CT-based pneumonia differentiation. DL
models, by learning intricate patterns directly from image data, offer the potential to overcome
the limitations of human visual interpretation, such as subjectivity and difficulty with

overlapping features, and the constraints of traditional computer-aided diagnosis systems.
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3.1.1 Key Deep Learning Architectures

DL, a subfield of ML, utilizes artificial neural networks with multiple layers to learn
hierarchical representations of data ®!. In the context of pulmonary CT imaging, several DL
architectures have gained prominence.

CNNs are the cornerstone of DL for image analysis **. Their architecture, comprising
convolutional layers, pooling layers, and fully connected layers, is inherently suited for
processing grid-like data such as images. Convolutional layers apply learnable filters to input
images, extracting features like edges, textures, and more complex shapes at various levels of
abstraction. Pooling layers then reduce dimensionality while retaining essential information,
making the models more robust to variations in object position and scale. CNNs have been
successfully applied to a wide range of tasks in pulmonary CT, including lung nodule detection
and classification, segmentation of anatomical structures (e.g., lungs, airways, lobes) and
pathological findings (e.g., lesions, tumors), and general disease classification *2.

Transformers, initially achieving state-of-the-art results in natural language processing,
have more recently been adapted for computer vision tasks, including medical image analysis
62 ViTs treat image patches as sequences, analogous to words in a sentence, and use self-
attention mechanisms to model global relationships between these patches. This allows them to
capture long-range dependencies within images, which can be advantageous for understanding
complex and diffuse patterns seen in many lung diseases.

Hybrid Models that combine elements of CNNs and transformers, or other neural
network architectures like Recurrent Neural Networks ¢ for sequential data or Generative
Adversarial Networks (GANs) ® for image synthesis and augmentation, are also being explored.
These hybrid approaches aim to leverage the strengths of different architectures; for example,

CNN s for robust local feature extraction and transformers for modeling global context.

21



The broad success of DL in diverse pulmonary CT applications, such as accurately

detecting lung nodules or segmenting complex lung structures > 6

, provides a strong
foundation and compelling proof-of-concept for its potential application to the more nuanced
and challenging task of pneumonia differentiation. The ability of DL models to learn
discriminative features directly from image data, without reliance on the manual feature
engineering that characterized traditional ML, enables them to analyze highly complex image
patterns that may be subtle or invisible to the human eye. This inherent capability is particularly
relevant for distinguishing between pneumonia etiologies that present overlapping visual
features on CT scans, as established in Chapter 1. The continuous evolution from CNNs to
transformers and hybrid architecture reflects an ongoing effort to develop models that can more

effectively capture the multifaceted nature of medical image data, paving the way for more

sophisticated diagnostic tools for pneumonia differentiation.

3.1.2 Applications of Deep Learning in Pneumonia Differentiation

Building on the general capabilities of DL in pulmonary CT imaging, numerous studies
have specifically focused on applying DL models for the detection and classification of
pneumonia. Initial efforts often concentrated on general pneumonia detection, confirming the
presence or absence of pneumonic infiltrates on CT scans. However, the field has rapidly
advanced towards the more complex task of differentiating between various pneumonia
etiologies.

A significant body of research emerged during the COVID-19 pandemic, with many DL
models developed to detect COVID-19 pneumonia and distinguish it from non-COVID-19
pneumonia, including BP, or from normal lung CTs #°. For instance, some studies employed
ResNet-based architectures to classify lesion patches from COVID-19 and BP patients,

achieving high accuracies (e.g., 91.2% in one study) by identifying distinct lesion patterns such
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as GGOs in peripheral lungs for COVID-19 versus crazy-paving patterns for BP ¢’. Other
models, like COVNet, were developed to extract visual features from volumetric chest CTs for
COVID-19 detection, demonstrating strong performance in differentiating COVID-19 from
CAP and other lung conditions .

Beyond COVID-19, a growing body of literature demonstrates the use of DL to
differentiate other clinically critical pneumonia types. Some studies have explored the
classification of bacterial versus VP directly. For example, the PneumoFusion-Net, a
multimodal framework incorporating CT images with clinical and laboratory data, reported
very high accuracy (98.96%) in distinguishing BP from VP . More recently, efforts have been
directed towards multicategory pneumonia differentiation. One such study developed a DL
model using DenseNet architecture to classify CT scans into VP, BP, FP, pulmonary TB, and no
pneumonia (NP) categories, achieving promising F1-scores and area under curve (AUC) values
on both internal and external test sets ’°. This indicates a trend towards developing more
comprehensive DL tools that can address a wider range of differential diagnoses in pneumonia.

The performance of these DL models in pneumonia differentiation tasks has often been
shown to meet or even exceed that of human radiologists, those with less experience. Several
studies have benchmarked their Al systems against radiologists and found comparable or
superior performance, especially when Al assistance was provided to clinicians 2. This suggests
a significant potential for DL to serve as a valuable assistive tool in clinical practice, aiming to
improve diagnostic accuracy and consistency. The availability of CT datasets, even if initially
from single centers or of modest size, combined with powerful DL algorithms, has
demonstrated the fundamental feasibility of developing models for these complex pneumonia

differentiation tasks, setting the stage for more refined and robust solutions.
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3.13 Key Methodology for Pneumonia Differentiation

To further enhance the capabilities of DL models in the complex task of pneumonia CT
analysis and differentiation, researchers have been exploring several methodological
advancements. Two such advancements particularly relevant to this thesis are multi-plane
feature integration and multi-modal DL. multi-plane feature integration and multi-modal DL.

CT scans inherently provide volumetric data of the lungs. While early DL approaches
often processed this data as a series of 2D axial slices, there is a growing recognition that
incorporating information from multiple anatomical planes (axial, coronal, and sagittal) or
utilizing full 3D volumetric data can lead to improved spatial context and diagnostic
performance °!. Pneumonia, especially when presented as diffuse or multifocal disease, has
complex 3D morphology. Analyzing features from orthogonal planes can provide
complementary information about the distribution, shape, and relationships of lesions that
might be missed or be less apparent in a single plane. Some studies have developed 3D CNNs
that directly process volumetric CT data, inherently capturing 3D spatial relationships ’!. Others
have explored multi-view fusion techniques, where features from 2D slices in axial, coronal,
and sagittal views are extracted and then fused at a later stage in the network ’>. This multi-
view approach can offer a balance between capturing comprehensive spatial information and
managing computational complexity, as full 3D CNNs can be very resource intensive. The
rationale is that a more holistic understanding of 3D lesion architecture can lead to better
discrimination between pneumonia etiologies that may have subtle differences in their spatial
presentation.

Clinical diagnosis rarely relies on imaging in isolation; clinicians typically integrate
imaging findings with patient history, symptoms, physical examination, and laboratory test

results. Multi-modal DL aims to emulate this comprehensive diagnostic process by integrating
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imaging data (e.g., CT scans) with other types of data 7°. For pneumonia differentiation, this
could involve combining CT image features with clinical information, such as patient
demographics (age, sex), symptoms (fever, cough, dyspnea), and medical history
(comorbidities, immune status), or laboratory biomarkers. Laboratory biomarkers include
inflammatory markers like WBC, absolute neutrophil count (ANC), CRP, and procalcitonin
(PCT), which can provide insights into the type and severity of infection ’*. PneumoFusion-Net
6 is an example of such a system, integrating CT images, clinical text, numerical lab results,
and radiology reports to classify pneumonia types. ML models, in general, have demonstrated
superior performance when they can leverage large amounts of diverse data, such as those
available in Electronic Patient Records, which often include biomarkers and clinical notes’.
The integration of these non-imaging data sources can provide valuable contextual information
that helps to disambiguate imaging findings and improve the accuracy and robustness of

pneumonia differentiation models.

3.14 Limitations

DL models have demonstrated considerable promise in the realm of CT-based
pneumonia differentiation, with numerous studies reporting high performance metrics. For
instance, models like COVNet achieved a sensitivity of 90% and specificity of 96% for

% The multimodal

COVID-19 detection against other pneumonias and normal CTs
PneumoFusion-Net reported an accuracy of 98.96% for distinguishing BP from VP ¢. A
multicategory DL model for classifying viral, bacterial, fungal, tuberculous, and no pneumonia
conditions on CT showed weighted F1-averages of 0.883 on an internal test set and 0.846 on

an external test set, with AUCs for individual classes often exceeding 0.90 7°. Another study

focusing on lesion patterns to differentiate COVID-19 from BP achieved 91.2% accuracy .
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These results are often comparable, and sometimes superior, to the performance of human
radiologists, especially those with less experience 2.

Despite these encouraging performance figures, a critical analysis of the current DL
literature reveals several significant limitations and persistent gaps that need to be addressed
for these technologies to translate effectively into routine clinical practice:

A primary cluster of limitations relates to data dependency and its impact on model
generalizability. Many studies rely on small and/or single-center datasets °!; models trained on
such limited and potentially homogeneous data may struggle to generalize well to new, unseen
data from different patient populations, imaging equipment, or clinical settings, raising
concerns about their true real-world performance. Closely intertwined with this is the frequent
lack of rigorous external validation on diverse, independent test sets from multiple institutions
"1 High performance on an internal test set (drawn from the same data distribution as the
training set) does not guarantee comparable performance on external data, yet robust external
validation is a critical step for assessing model robustness and generalizability. Furthermore,
the efficacy of supervised DL models is heavily contingent upon the quality and quantity of
labeled training data. The process of obtaining large, accurately annotated medical image
datasets is labor-intensive and costly, often requiring expert radiological input, thereby posing
a significant barrier to developing broadly applicable and validated models.

Beyond data-centric issues, DL models face intrinsic challenges related to their
analytical capabilities and practical implementation hurdles. For instance, DL shows promise,
accurately differentiating pneumonia types with very subtle or highly overlapping imaging
features—such as distinguishing specific viral etiologies from one another or reliably separating
certain bacterial from non-bacterial presentations in all cases—remains a significant hurdle.
The specific challenge of BP vs. NBP differentiation, a central focus of this thesis, falls squarely

into this category. Another major barrier is model interpretability, often referred to as the "black
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box" problem. Many DL models, especially complex architectures like deep CNNs or
transformers, provide predictions without clear insight into their reasoning ¢!. This lack of
transparency can impede clinical trust and adoption, as clinicians need to understand and verify
the basis of Al-generated diagnostic suggestions. Additionally, the computational demands for
training very deep or complex models, particularly those utilizing 3D volumetric data or
extensive multi-modal inputs, can be substantial, requiring specialized hardware (e.g., GPUs)
and significant training time. These resource requirements can limit accessibility for some
research groups and present deployment challenges in resource-constrained clinical
environments.

Finally, prevailing research practices can affect the objective assessment and
comparability of DL approaches. The variability in datasets, model architectures, training
protocols, and evaluation metrics used across different studies makes direct comparison of
various DL models challenging 7*. The absence of standardized benchmarks and consistent
reporting practices further hinders the systematic evaluation of progress in the field.

These limitations highlight that while reported accuracy in specific studies can be high,
they should be interpreted with caution, considering the context of the data and validation
methods used. The "performance inflation" sometimes observed in Al research underscores this
point. The identified gaps directly motivate the methodological choices and focus areas of this
thesis. Specifically, the persistent challenge in robustly differentiating BP vs. NBP using CT,
which often involves subtle or overlapping features, is a key gap the MPMT-Pneumo model
developed in this thesis (Objective 1) aims to address through multi-plane and multi-modal DL.
The broader issues of data diversity, robust validation, and generalizability, while critical for all
Al models including DL, are also central themes, with generalizability being particularly
tackled by Objective 2 (in the context of radiomics) and through comprehensive benchmarking

in Objective 3. Addressing these limitations, particularly concerning data diversity, robust
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validation, generalizability, and interpretability, is crucial for advancing DL in pneumonia CT
analysis from a promising research avenue to a clinically impactful and trustworthy diagnostic
tool.

To provide a clearer overview of the current landscape, Table 3.1 summarizes key DL
studies focused on CT-based pneumonia differentiation, highlighting their methodologies,

performance, and limitations.
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Table 3.1. Summary of key deep learning studies for CT-based pneumonia differentiation.

Study Task Model(s) Dataset Evaluation Identified
Size(s) Metrics Limitations/Gaps
LiLetal., COVID-19  ResNet50- 4352 CT COVID-19 vs. Potential selection
2020 / CAP/NP  based scans (3,322 others: AUC bias, focus
(COVNet) (COVNet) patients) from  0.960; CAP vs. primarily on
68 6 hospitals others: AUC 0.950  COVID-19.
Zhang Ket COVID-19  Segmentatio 3,777 CT NCP vs. others: Focus on COVID-
al., 2020 /Common  nnetwork+  scans AUC 0.979 19, interpretability
Pneumonia 3D of complex
/ Normal Classificatio model.
n network
Han Z et COVID-19  ResNet50 73 COVID- Acc 0.912 Small single-
al.,, 2020 ¢ /BP 19, 97 BP center dataset.
patients
(single center)
Fuetal., VP, BP, FP,  DenseNet 1,611 CT AUC >0.90 Small samples for
202370 PTB, NP scans (2 BP/FP.
hospitals) for
training; 165
cases (3
hospitals) for
external test
LiYetal, BP vs. VP ResNet- 10,095 CT Acc 0.989 Data for non-
2025 GCSA, scans imaging
(PneumoF BiLSTM, modalities partly
usion-Net) MLP, Swin synthetic/literatur
69 transformer e-based for some
conditions.

Abbreviations: VP, viral pneumonia; BP, bacterial pneumonia; FP, fungal pneumonia; PTB,
pulmonary tuberculosis; NP, non-pneumonia; CAP, community-acquired pneumonia; NCP,
novel coronavirus pneumonia; Acc, accuracy; AUC, area under curve.
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3.2 Radiomics-based Methods

In addition to DL, radiomics, the process of extracting and analyzing large amounts of
quantitative features from medical image, offers another promising avenue for enhancing CT-
based pneumonia differentiation. By converting images into quantitative, high-dimensional
data, radiomics aims to uncover subtle patterns and signatures that may not be perceptible to
the human eye but are indicative of underlying pathophysiology, potentially offering objective

biomarkers for disease characterization.

3.2.1 Overview of the Radiomics Workflow

Radiomics is founded on the premise that medical images contain rich, quantifiable
information that reflect tissue characteristics, including heterogeneity, morphology, and texture,
which can be correlated with clinical, pathological, or genomic data *°. The overarching goal is
to develop non-invasive imaging biomarkers for improved diagnosis, prognosis, and treatment
response prediction. The radiomics process is a meticulous, multi-stage workflow, where each
step critically influences the final outcome and requires careful consideration to ensure robust
and reproducible results.

The workflow typically commences with Image Acquisition, the initial step of obtaining
medical images (e.g., CT, MRI, PET). While standardized acquisition protocols are crucial for
ensuring feature robustness and reproducibility, achieving this presents a common challenge in
retrospective studies where data often originate from diverse sources with varying scanner
parameters and protocols *’. Following acquisition is the crucial step of Segmenting the ROI.
This involves delineating the specific anatomical area or pathological lesion to be analyzed on
the image. Segmentation can be performed manually by expert radiologists, semi-automatically

with user guidance, or, with increasing frequency, automatically using DL-based segmentation
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algorithms. The accuracy and consistency of this segmentation are paramount, as the values of
extracted features are highly dependent on the precise boundaries of the defined ROL.

Once the ROI is defined, an extensive array of quantitative imaging features is
computationally extracted—often hundreds to thousands in number. This Feature Extraction
stage yields various categories of features. First-order statistics (or intensity/histogram-based
features) describe the distribution of voxel intensities within the ROI (e.g., mean, median,
skewness, kurtosis) without considering spatial relationships. Shape-based features quantify the
geometric properties of the ROI, such as volume, surface area, sphericity, and compactness.
Second-order statistics, commonly known as texture features, characterize the spatial
arrangement and interrelationships of voxel intensities, thereby providing information about
tissue heterogeneity; common methods for deriving these include the Gray Level Co-
occurrence Matrix, Gray Level Run Length Matrix, Gray Level Size Zone Matrix, and Gray
Level Dependence Matrix. Finally, higher-order statistics, or filter-based features, involve
applying mathematical filters (e.g., wavelet transforms, Laplacian of Gaussian) to the image
prior to feature calculation, aiming to capture patterns at different scales or enhance specific
image characteristics.

Given the high dimensionality of the extracted feature set, particularly in studies with
limited sample sizes, Feature selection (FS) and reduction is a vital subsequent stage. This step
aims to identify the most informative, robust, and non-redundant features, which is essential for
preventing model overfitting and enhancing the generalizability of the resultant radiomic
signature. Common techniques include assessing feature stability (e.g., against image
perturbations or across different segmentations), removing highly correlated features, and
applying various statistical or ML-based algorithms for optimal subset selection.

The final stage in the core workflow is Model Building and Validation. Here, the

selected radiomic features are used to train a predictive or prognostic model, typically
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employing ML algorithms such as logistic regression (LR), support vector machines (SVMs),
random forests (RF), and neural networks. Rigorous validation, encompassing internal cross-
validation and, crucially, external validation on independent datasets, is essential to reliably
assess model performance and its potential for generalization.

The output of this process is often a "radiomic signature" or an "imaging phenotype"
that can provide insights beyond conventional visual image assessment, potentially aiding in
more precise and personalized clinical decision-making *’. The transformation of qualitative
visual interpretation into quantitative, objective analysis is a key strength of radiomics, offering
a way to standardize image assessment and potentially uncover subtle disease characteristics.
However, the multi-step nature of the radiomics workflow means that each stage can introduce
variability, underscoring the need for meticulous methodology, standardization efforts, and

thorough validation to ensure reliable and reproducible results .

3.2.2 Applications for Radiomics in Pneumonia Differentiation

CT-based radiomics has been increasingly applied to a wide spectrum of pulmonary
diseases, demonstrating its versatility as a quantitative image analysis tool "7%, Much of the
initial research focused on oncological applications, such as characterizing lung nodules (e.g.,
differentiating benign from malignant), estimating tumor malignancy, predicting treatment
response in lung cancer, or identifying underlying genetic mutations from imaging features 7*:
80,

The application of radiomics to infectious lung diseases, particularly for the etiological
differentiation of pneumonia, is a more recent but rapidly growing area of investigation 8'. This
development is driven by the need to overcome the limitations of visual CT interpretation,
especially where imaging features overlap significantly between different types of infections.

Notable applications in pneumonia differentiation include the challenge of distinguishing TB
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from Non-tuberculous Infectious Lesions (NTIL). Several studies have investigated the utility
of CT radiomics for this purpose, with NTIL representing a category that can encompass
bacterial and fungal infections presenting as solid pulmonary nodules or masses 3> % . These
studies often report promising diagnostic performance, with AUC values frequently exceeding
0.8 or 0.9. Some research also suggests that contrast-enhanced CT radiomics may offer superior
discriminative ability compared to non-contrast CT radiomics in this context, potentially due to
enhancement patterns reflecting lesion vascularity and activity 82. The ability to non-invasively
differentiate TB 1is crucial given its public health importance and specific treatment
requirements.

Another key application area is the differentiation of BP from Mycoplasma pneumoniae
Pneumonia. Mycoplasma pneumoniae is an atypical bacterium, and its differentiation from
typical BP can significantly influence antibiotic choice. Radiomics based on non-contrast chest
CT has shown good performance in distinguishing pleural effusions associated with BP from
those associated with Mycoplasma pneumoniae pneumonia in pediatric populations, achieving
AUCs greater than 0.9 in some studies 3*. This highlights the potential of radiomics to analyze
not just the parenchymal infiltrates but also associated complications like pleural effusions for
diagnostic clues.

These examples illustrate that radiomics is often targeted at specific, challenging clinical
scenarios within pneumonia differentiation where conventional imaging interpretation is
limited. By extracting a rich set of quantitative features, radiomics aims to capture subtle
differences in lesion texture, shape, and intensity that are not readily apparent to the human eye,
thereby providing a more objective basis for differentiating between etiologies that may
otherwise appear similar on CT scans. This quantitative approach holds the promise of
improving diagnostic accuracy and supporting more tailored treatment decisions in complex

pneumonia cases.
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3.23 Challenges and Limitations of Radiomics Approaches

Despite its promise of improving scans and distinguishing lung diseases like pneumonia,
radiomics still face many linked hurdles that slow their routine clinical use. A major group to
data integrity, methodological consistency, and the subsequent impact on model generalizability.
A critical concern is featuring robustness, reproducibility, and stability. Radiomic features are
known to be highly sensitive to variations in image acquisition parameters and image
preprocessing steps. Even minor variations can lead to substantial differences in extracted
feature values, making it difficult to ensure that features are stable and reproducible across
different imaging sites or time points. This lack of robustness is a primary barrier to developing
generalizable radiomic models. Compounding this, segmentation variability in delineating the
ROI—whether manual, semi-automated, or automated—can introduce inconsistencies, as
feature calculations are confined to this area and are highly dependent on its precise definition.
Manual segmentation, while often a reference, is time-consuming and prone to inter-observer
and intra-observer variability. The predominance of retrospective and single-center studies in
many radiomics research, including pneumonia studies, further limits the generalizability of
findings . This is exacerbated by considerable methodological variability across studies in
terms of patient cohort selection, CT acquisition parameters, ROI segmentation techniques,
feature extraction sets, selection algorithms, and classification models, making direct
comparisons and evidence synthesis difficult. Consequently, there is a pressing need for robust
external validation on independent, multi-center datasets, and ideally, prospective validation, to
truly ascertain clinical utility.

Another set of significant hurdles involves analytical challenges inherent in the
radiomics approach and difficulties in clinical interpretation. Radiomics typically extracts a

very large number of features, often from small sample sizes. This "curse of dimensionality", a
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high number of features relative to patient samples, creates a substantial risk of model
overfitting, where models learn noise or training data idiosyncrasies rather than true underlying
patterns, leading to poor generalization. Effective FS to identify a small, optimal subset of
informative and generalizable features is therefore a complex but crucial task. Beyond these
analytical issues, the interpretability of radiomic models and the biological correlation of their
features remain major concerns. Many radiomic features, especially complex texture features
and wavelet features, lack a clear and intuitive biological meaning, making it difficult for
clinicians to understand what these features represent in terms of underlying pathophysiology.
This "black box" nature can hinder clinical trust and the integration of radiomic outputs into
decision-making %,

The literature review identified key gaps that directly motivate the work in this thesis.
These gaps include the need for more multi-center studies with standardized methodologies, a
deeper investigation into the biological basis of radiomic features, and, crucially, the
development of robust solutions to address domain shift for real-world applicability. The
challenge of differentiating TB from FP, for example, benefits significantly from radiomic
approaches that can maintain performance across diverse clinical settings. This thesis,
particularly through Objective 2, aims to address some of these critical gaps by developing and
validating a novel MDA framework for CT-radiomics. This framework is specifically designed
to enhance the differentiation of TB from FP pneumonia by improving feature stability and
model generalizability across multiple centers.

Table 3.2 provides a summary of key radiomics studies relevant to CT-based pneumonia
differentiation, outlining their approaches, performance, and limitations, thereby

contextualizing the contributions of this thesis.
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Table 3.2. Summary of key radiomics studies for CT-based pneumonia differentiation.

Study Task Model (s)  Dataset Size(s) Evaluation  Identified
Metrics Limitations/Gaps
LiXetal, TB/Non-TB LR 101 lesions (95 AUC 0.833 Small sample,
2022 82 patients), single single CT phase.
center
Yan L et Non-TB/TB LR, 179 patients AUC 0.89 Single center,
al., 2024 %7 KNN, (NTB: 85, TB: only consolidation
SVM 94), single center analyzed.

LiZetal, BP/Mycoplasma LR 249 children AUC 0917  Single center,

2025 84 Pneumoniae (BP: 160, MPPE: focused on PE not
Parapneumonic 89), single center parenchyma.
Effusion (MPPE)

Abbreviations: LR, logistic regression; KNN, K-nearest neighbors; SVM, support vector
machine; AUC, area under curve.
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3.3 Domain Adaptation

A key challenge in the routine clinical application of AI models, including those for DL
and radiomics, is ensuring their robust and generalizable performance across diverse healthcare
settings. Al Models that perform exceptionally well on data from the hospital or scanner where
they were created often do not perform as well when used with data from new, unseen places.
This problem, known as domain shift, makes it hard to trust and rely on Al in medical imaging.
This section will explore the problem of domain shift and review DA strategies that try to lessen

its effects, focusing on how these apply to CT imaging of lung diseases.

3.3.1 The Problem of Domain Shift and an Overview of Adaptation

Techniques

Domain shift happens when the data used to train an Al model (the source data) is
different in important ways from the data the model encounters later in a new setting (the target
data) %°. In medical imaging, these differences, or shifts, are very common and can happen for
many reasons. For example, different hospitals might use different imaging equipment;
variations between scanner brands, models, or even software versions can change how images
look, affecting things like image noise, sharpness, and contrast *°. Similarly, acquisition
protocols, meaning the specific settings used during a scan like slice thickness, how images are
reconstructed, radiation dose for CT, and how contrast dye is given, can also vary and add to
data differences. Patient populations themselves can differ too; factors like age, sex, ethnicity,
how common or severe a disease is, and other health problems can vary between hospitals or
regions, causing shifts in the appearance of medical conditions. Finally, post-processing steps,
such as how images are normalized, how areas of interest are segmented, or how features are

extracted at different centers, can also create domain shifts.
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When an Al model trained on specific source data is then used with target data that has
different characteristics, the patterns it learned may no longer be accurate, leading to worse
performance. This drop in performance is a serious problem because it makes Al models less
reliable when used in various real-world clinics, where they need to work well even with data
they haven't seen during training. The effect of scanner differences on Al model performance
has been studied, and even though CT scans are generally more standardized than images from
some other methods like MRI, domain shift is still a significant concern for CT-based AI models
88 Therefore, finding ways to handle domain shifts is crucial for creating Al tools that can be
widely used, trusted, and effective across many different medical centers. Many promising Al
models that work well in research studies fail when faced with diverse 'real-world' data,
showing that domain shift is a major roadblock for bringing medical Al into regular clinical use.

To address the problem of domain shift, researchers use techniques called DA. DA
includes a set of ML methods that help a model trained with source data to still work well when
it sees new, different target data ®. As a special kind of transfer learning, the model tries to do
the same job, but the source data and the new data look different. There are several ways to
understand and categorize these DA strategies.

One important way to group DA methods is by looking at how much labeled data is
available from the new target setting when the model is being adapted. If there's a small amount
of labeled target data, this is called supervised DA. This new labeled data can facilitate the
adjustment (or fine-tuning) of a model pre-trained on source data, or aid in learning features
common to both the source and target data. Sometimes, there might be only a few labeled
examples from the target setting but many unlabeled ones; this approach is known as semi-
supervised DA. The extra unlabeled data can help the model get a better idea of what the new
target data looks like overall. The most common situation, and often the hardest, is unsupervised

DA. Here, the model only has labeled source data and completely unlabeled target data to work
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with during the adaptation phase. The aim is to build a model that can learn from the labeled
old data and still make good predictions on the new, unlabeled data.

Another way to classify DA techniques is by where or how the adaptation happens in
the Al model's process. Some methods try image-level adaptation, which aims to change the
appearance of the images from one domain to make them look as if they came from another
domain. For example, tools like GANSs, including one called CycleGAN *°, can be used to make
images from different scanners look more similar before the main AI model even sees them.
Other methods focus on feature-level adaptation. The idea here is to teach the model to find and
use features or characteristics in the images that don't change much between the old (source)
and new (target) data. This often involves trying to make the patterns the model learns look
similar across both the source and target data, perhaps by using special training techniques like
adversarial training or by mathematically matching how features are distributed. It's also
possible to do model-level adaptation, which involves changing the main Al model itself, like
adjusting its internal settings or how it makes final decisions, to better fit the new target data.
This might include giving more importance to certain data examples or directly tweaking the
part of the model that classifies things.

Beyond these main types, it's also useful to know about domain generalization. This is
a slightly different but related goal where the aim is to train a model on data from one or more
source settings so well that it can make good predictions on data from completely new, unseen
settings, even without seeing any examples from those new settings beforehand during training
1. Most DA methods today, whether they work with simpler, pre-defined features or are built
into complex DL models, are chosen based on the specific medical problem, how much the data

differs between settings, and what kind of data is available.

39



The main goal of all these DA techniques is to build Al models that are more dependable
and perform consistently well, even when faced with the variety of medical data found in real-

world clinical practice, thus making them more useful and trustworthy for doctors and patients.

3.3.2 Applications for Domain Adaptation in Medical Imaging

Researchers are increasingly using DA methods for CT images analysis of lung diseases
%2_including pneumonia **-°*, This helps Al models work more reliably across different scanners,
hospitals, and groups of patients. Because the way CT images look can change a lot based on
scanner settings and how images are made, DA techniques are very important for creating Al
models that can be used with confidence in many different clinics.

While there are not many comprehensive reviews looking specifically at DA
applications for all types of pneumonia on CT °, work in related areas of lung CT analysis and
broader medical imaging shows how these methods can be helpful *® °7. The COVID-19
Domain Adaptation Challenge, which encouraged developing models that could work with data
from different hospitals, whether the data was labeled or not *%. Scientists explored ways like
using specific techniques (e.g., Monte Carlo Dropout) to see how sure the model was about its
answers and to help decide which new, unlabeled data needed to be checked by experts.

Many DA techniques first created for general medical image analysis can also be used
for lung CTs. Since labeling medical images takes a lot of time and effort, Unsupervised DA
methods, which don't need labeled data from the new (target) setting, are especially useful. In
the specific area of lung image analysis, studies on finding lung nodules, understanding
interstitial lung disease, and other lung conditions using CT have started to use DA. For instance,
a method called contrastive DA with consistency matching has been suggested to help transfer

knowledge from existing datasets to new, smaller, unlabeled datasets for telling different types

of pneumonia apart using chest X-rays °°. This method considers both the differences between
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the data sources and the lack of labeled new data. Although this example is for X-rays, the basic
ideas of reducing differences between datasets and using related data can also be applied to CT
scans.

Developing DA techniques for CT-based pneumonia differentiation is very important
because signs of pneumonia can be subtle, and their appearance can easily change with different
CT scanner settings. Feature-level DA methods, which try to make feature patterns similar
across different hospitals or scanners, seem particularly promising. These methods aim to create
a common way of seeing features so that data from different places look the same to the model,
allowing one classifier to work well everywhere. This is especially helpful for radiomics, where
the numbers calculated from features can be very sensitive to scanner settings. By making these
features less affected by such shifts, their utility in multi-center studies can be significantly

enhanced.

333 Limitations of Current Domain Adaptation Strategies

Although DA methods are helping Al work better with medical images, there are still
several limitations and unanswered questions. These challenges are especially important when
trying to use DA for complicated tasks like telling different types of pneumonia apart from CT
scans from many medical centers.

One set of problems concerns how well these DA methods actually work and how
reliable they are. The effectiveness of different DA techniques can change a lot depending on
the specific medical task, how much the new data differs from the old data, the type of medical
images used, and how much data is available. It's often hard to find studies that compare
different DA methods on the same datasets for specific tasks like pneumonia differentiation.
This makes it difficult to know which DA method is best for a particular situation. Sometimes,

trying to adapt a model can even make things worse. This is called "negative transfer," and it
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can happen if the original (source) data is too different from or not relevant to the new (target)
data. In such cases, the DA process might actually lower the model's performance on the new
data compared to not using DA at all.

Another group of challenges relates to the data needed for DA and practical issues in
using these methods. Most DA techniques, even those called "unsupervised," still need to see
at least some unlabeled data from the new (target) hospital or scanner during the training or
adaptation phase. In real clinical situations, it might not always be possible to get this new data
before the Al model needs to be used. This difficulty has led to more interest in Domain
Generalization, which aims to train models that are naturally strong enough to work well on
new, unseen data without any prior look at it. Additionally, some advanced DA methods can be
very complex to set up and fine-tune, especially if they involve complicated training steps or
major changes to the Al model. Also, when DA methods change image features or how the
model learns, it can become harder to understand why the model makes certain decisions, which
is a concern for clinical use.

Finally, there are significant gaps in how DA models are tested and proven ready for
real-world clinical tasks. It is difficult to truly know how well a DA model generalizes without
testing it thoroughly on data from many different hospitals, with diverse patient groups, and on
data it has never seen before. Many studies only test their DA models on a few new data sources,
or on new data that is still quite similar to the original training data. Therefore, a key gap in the
field is the need for DA strategies that are practical, truly effective, and well-tested for complex,
real-world clinical jobs like telling pneumonia types apart from using CT scans from multiple
centers. This means we need DA methods that are not too complicated, can handle different
types and amounts of data differences well, and whose benefits can be clearly shown through

detailed testing across many medical centers. The development of the MDA framework in this
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thesis aims to help fill this gap, especially for using CT radiomics to differentiate between TB

and FP.

3.4 Summary

The comprehensive review of Al applications in CT-based pneumonia differentiation
has surveyed existing methodologies and, critically, highlighted persistent limitations and
unanswered questions within the field. This summary now serves to connect these literature-
derived insights directly to the research objectives of this PhD thesis, demonstrating how this
study intends to address these identified shortcomings and contribute meaningfully to current
knowledge.

One significant challenge underscored by the review of DL methods is the ongoing
difficulty in achieving accurate and reliable differentiation between BP and NBP using CT
imaging. The literature suggests a specific gap in effectively integrating CT information from
multiple viewing planes with readily available clinical biomarkers, a synergy whose full
potential has not yet been clearly established for this vital diagnostic task. In direct response to
this literature-confirmed need, the first objective of this thesis is to develop and evaluate the
MPMT-Pneumo model. This novel multi-plane, multi-modal DL approach is specifically
designed to enhance BP versus NBP differentiation by leveraging this combined information.

Furthermore, the examination of radiomics-based approaches confirmed that while
promising for characterizing infections like TB, a major impediment is the limited
generalizability of these models when applied to data from different hospitals or CT scanners.
This issue is particularly acute for the difficult task of distinguishing TB from FP, where subtle
CT distinctions require highly dependable AI models. While DA techniques offer potential

solutions, the literature also points to limitations in current strategies. Consequently, the second
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objective of this work is to develop and validate a robust CT-based radiomics pipeline featuring
a novel feature-level DA framework, termed MDA. This framework is engineered to improve
the differentiation of TB from FP with enhanced reliability across diverse, multi-center clinical
datasets, addressing a critical need for robust and generalizable radiomic solutions.

Finally, a consistent theme emerging from the wider Al literature reviewed is the crucial
requirement for more thorough benchmarking and transparent, robust validation of AI models
against established clinical practices and alternative computational methods. Many studies lack
comprehensive multi-center validation, which is essential for translating Al tools into real-
world clinical settings. The third objective of this thesis directly addresses this by committing
to a comprehensive benchmarking of the developed MPMT-Pneumo model and the MDA-
enhanced radiomics framework, ensuring their performance is rigorously assessed.

In essence, this thesis endeavors to advance the field by developing Al solutions
specifically tailored to overcome these literature-identified challenges in pneumonia
differentiation. By focusing on innovative approaches like multi-plane DL with biomarker
integration and domain-adapted radiomics, and by prioritizing robust multi-center validation,
this research aims to produce Al tools that are not only accurate but also dependable and broadly
applicable in diverse healthcare environments, ultimately contributing to improved clinical

decision-making and patient care.
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CHAPTER 4 Development of the MPMT-
Pneumo Model: Integrating Multi-Plane CT
Features and Clinical Biomarkers for
Differentiating Bacterial and Non-Bacterial

Pneumonia

4.1 Introduction

BP continues to present a frequent diagnostic challenge in clinical practice, particularly
when it is necessary to distinguish it from NBP during the early stages of disease %% '°!, This
differentiation directly impacts decisions regarding antibiotic therapy, which is often initiated
empirically due to overlapping clinical symptoms and delayed microbiological confirmation '°2.
However, empirical antibiotic use carries risks, including AMR and unnecessary adverse effects,
especially when applied without clear bacterial evidence '%.

CT plays a valuable role in the evaluation of pneumonia, offering superior anatomic
detail compared to chest radiographs '%. Nevertheless, CT findings alone are often insufficient
for reliable etiological classification. Radiologic features such as consolidation or ground-glass
opacities are not specific to bacterial infection !%°, and considerable interobserver variability
exists in image interpretation '%. Microbiologic testing remains the reference standard but is

frequently inconclusive or delayed '’. These limitations have led to increased interest in Al-
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based tools that combine imaging and clinical data to improve diagnostic accuracy in
pneumonia %8199,

Recent advances in DL have shown promising results in image-based pneumonia
differentiation >3. CNNs and ViTs have been applied to tasks including COVID-19 detection
and general pneumonia subtyping > "% "' However, many existing models are limited to

112-114 "and few studies address

multiclass classification schemes or focus on image-only inputs
the binary classification of BP versus NBP, which is critical for guiding antibiotic therapy.
Moreover, the integration of routinely available inflammatory biomarkers, such as WBC, ANC,
CRP, and PCT, remains underexplored, despite their established role in infection assessment.

To address these limitations, we developed the multi-plane and multi-modal transformer
(MPMT), a DL model designed to differentiate BP from NBP using non-contrast chest CT and
four inflammatory biomarkers. The model combines representations from axial, coronal, and
sagittal planes to simulate radiologists’ multi-plane interpretation approach and incorporates
biomarker information through a joint transformer-based fusion module ''>. The model was
trained and validated on a dual-center dataset with microbiologically confirmed cases, enabling
assessment across diverse clinical environments.

This study aims to demonstrate the potential of combining multi-plane imaging features

with clinical biomarkers to improve the accuracy and robustness of BP differentiation and

support more informed antibiotic decision-making in real-world settings.

4.2 Materials and Methods

4.2.1 Imaging Acquisition

This retrospective study was approved by the Institutional Review Board. The

requirement of informed consent was waived. A total of 507 patients diagnosed with
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community-acquired pneumonia were screened at two institutions: Center 1 and Center 2, from
December 2021 to November 2023. Inclusion criteria were as follows: (1) pneumonia etiology
confirmed by microbiological tests, including sputum culture, bronchoalveolar lavage, or
polymerase chain reaction for respiratory pathogens. Only patients with a definitive pathogen
identified and consistent clinical-radiological correlation were included; (2) chest CT
performed within two days of hospital admission; and (3) availability of laboratory test results
for inflammatory biomarkers: WBC, ANC, CRP and PCT within 48 hours after CT acquisition.
Patients were excluded if they were under 18 years of age, had evidence of co-infection, or had
incomplete imaging or laboratory records. A total of 384 patients met the inclusion criteria,
comprising 239 BP cases and 145 NBP cases (including viral, fungal, and mycoplasma
pneumonia). Figure 4.1 shows the distribution of the two types of pneumonia at two centers.
The allocation of data sets by institution resulted in a training set (n=309) and two test sets
(n=28, 47). The average age of patients was 61.2 £ 16.3. A detailed summary of patient

characteristics is presented in Table 4.1.
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Table 4.1. Summary of clinical characteristics of patients at Center 1 and Center 2.

Center 1 (n=144) Center 2 (n=240)
Characteristics p-value p-value
B (n=62) NB (n=82) B (n=177) NB (n=63)
Age (years) 70.5€16.5 67.0£19.0 0.247 56.3+12.8  58.1£15.0 0.424
Gender (%) 0.003 0.901
Male (%) 49 (79.0%) 44 (53.7%) 110 (62.3%) 38 (60.3%)
Female (%) 13 (21.0%) 38 (46.3%) 67 (37.7%) 25 (39.7%)
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Patient with pneumonia at Center Patient with pneumonia at Center
1 (n=203) 2 (n=304)

Exclusion Criteria:

1. Cross infection patients
2. Patientage < 18

3. Missing CT imaging or
laboratory test report

\ 4
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\ 4 \ 4

Eligible Patients Eligible Patients
(n=144) (n=240)
I I
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(BP=192, NBP=117) (BP=12, NBP=16) (BP=35, NBP=12)

Figure 4.1. Flowchart illustrating patient enrollment and dataset division.

The study flow diagram presented the screening and categorization of patients with pneumonia
at Center 1 and Center 2. The process involved exclusion criteria application, resulting in 384
eligible patients. Data were subdivided into one training set and two test set based on data source

for bacterial pneumonia (BP) and non-bacterial pneumonia (NBP) classification.
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4.2.2 Imaging Preprocessing

Chest CT examinations were acquired using multidetector CT scanners at both
participating centers, following institutional standard protocols for non-contrast chest imaging.
The scanning parameters included a tube voltage of 100—120 kVp and a slice thickness ranging
from 1.25 to 5 mm. All CT scans were obtained in supine position during the end inspiratory
breath hold.

To ensure data consistency and minimize interinstitutional variability, several image
preprocessing steps were applied as shown in Figure 4.2. First, all CT volumes were resampled
at an isotropic voxel size of 1.25 mm using bicubic interpolation ''®. The lung and infection
regions were segmented using publicly available U-Net ''7 and custom-trained nnU-Net ,
respectively. The nnU-Net was trained on a public dataset !'8, achieving a Dice coefficient of
0.9386 on its validation set.

Segmentation quality control was conducted through systematic review of all 384
infection masks by two board-certified thoracic radiologists (with 5 and 20 years of experience).
The reviewers confirmed that each mask appropriately captured pneumonia-related
parenchymal abnormalities—including instances of multifocal disease, lesions with irregular
contours, and those adjacent to major anatomical structures—such as consolidation, ground-
glass opacities, or mixed attenuation patterns, while excluding unrelated findings. Regarding
cavities, those clearly integral to the acute pneumonic process were included in the
segmentation, whereas large, chronic-appearing cavities or those unrelated to the primary
pneumonia were excluded. Similarly, the segmentation focused on parenchymal pneumonia;
direct infection of the trachea (tracheitis) without parenchymal lung involvement was outside
the scope of the infection masks. Minor manual corrections were required in 17 cases (4.4%),

with a median adjustment time of 25 seconds (maximum < 90 seconds). No cases were excluded.
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This dual-radiologist verification process ensured high-quality, anatomically accurate
segmentation across the dataset. The visualization of the axial view of infection masks of
different pneumonia are also shown in the dashed box in Figure 4.2. The lung region was then
cropped using the lung mask to reduce background noise and computational burden. Window
settings were standardized to lung window (L/W: -212 HU / 1624 HU), corresponding to a
Hounsfield unit range of —1024 HU to 600 HU, and pixel intensities were normalized across
scans. For the inflammatory biomarkers (WBC, ANC, CRP, PCT), Z-score standardization was
applied to account for scale differences and ensure compatibility with DL model input. For this
study, specific volumetric measurements of the pneumonia (e.g., total volume, volume of
consolidation, or ground-glass opacity) were not performed, nor were these specific
characteristics explicitly quantified for each scan as separate input features for the model. Our
model was designed to learn relevant visual features directly from the pixel data within the
provided expert-verified infection masks. The radiologists who verified the infection masks
confirmed that these segmented regions corresponded to areas clinically and radiologically
consistent with pneumonia, encompassing patterns such as consolidation and ground-glass

opacities as commonly identified in clinical practice.
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Figure 4.2. Image preprocessing pipeline and examples of segmented infection areas.
Preprocessing Pipeline Diagram.

(A): This diagram illustrates the image processing workflow. (1) Input CTs are resampled to
1.25 mm isotropic voxels and cropped. (2) A U-Net model generates lung masks from the
resampled CTs. (3) These lung masks isolate lung parenchyma, which serves as input for (4) a
custom-trained nnU-Net model that segments infection masks. (5) Separately, the resampled
and cropped CT images are windowed (L/W: -212 HU / 1624 HU, corresponding to a -1024 to
600 HU range) and normalized to create the 'Processed CT Image'. Both this 'Processed CT
Image' and the radiologist-verified 'Infection Mask' from step (4) are inputs to the MPMT-
Pneumo model. Examples of Segmented Infection Areas (B): Representative axial CT slices
displaying radiologist-verified infection masks (red contours) for various pneumonia types.
These examples highlight the method's application to diverse presentations, including cases
with multifocal involvement and irregular lesion borders (particularly visible in examples a, b,
and ¢). BP: bacterial pneumonia; NBP: non-bacterial pneumonia; VP: viral pneumonia; FP:

fungal pneumonia; MP: mycoplasma pneumonia.
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4.2.3 Model Development and Training

We developed a novel multi-plane and multi-modal transformer (MPMT-Pneumo) to
differentiate BP from NBP using chest CT images and inflammatory biomarker data. The model
was inspired by the M3T ''?, combining CNN for local spatial feature extraction with ViT for
global contextual representation. The MPMT-Pneumo consists of three parts with three inputs:
chest CT images, corresponding pneumonia infection masks and four clinical biomarkers. An

overview of the model architecture is shown in Figure 4.3.

4.2.3.1 Multi-Plane Visual Feature Extraction

The 3D chest CT volume, combined with the pneumonia lesion mask, is first processed
by a 3D convolutional encoder consisting of two convolutional layers with 5x5x5 kernels. Each
subsequent 1x1x1 convolution followed by batch normalization and ReLU activation
compresses the output into compact 3D features. These features are then sliced along three
anatomical planes—axial, coronal, and sagittal—to simulate the routine multi-plane
0 120

interpretation performed by radiologists. The resulting 2D slices are fed into a ResNet-5

network pretrained on the MedicalNet !?! to extract high-level imaging features.

4.2.3.2 Multi-modal Feature Alignment

The image features extracted from the ResNet backbone are first projected into a 256-
dimensional space using a lightweight two-layer neural network. These features are then
grouped according to anatomical plane and arranged sequentially for subsequent integration.
Special tokens are introduced to guide the model’s attention: a token marks the start of the
sequence, and additional tokens indicate boundaries between different anatomical planes. The
four standardized inflammatory biomarkers are encoded into a single 256-dimensional vector
using a multilayer perception, forming a dedicated clinical token. Plane-specific embeddings

are added to each token to preserve anatomical context within the sequence.
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All clinical and image features are concatenated into a unified token sequence. A special
[CLS] token is prepended to serve as an aggregate representation for classification. Separator
[SEP] tokens are inserted between the multi-plane image features, while a [CLI] token denotes
the clinical biomarker data, ensuring the model can distinguish between different data

modalities.

4.2.3.3 Transformer Encoder and Prediction

The unified sequence of imaging and clinical tokens is processed by a transformer
encoder composed of eight layers. This architecture is designed to model both within-plane and
cross-plane dependencies, as well as the interactions between imaging features and clinical data.
Each layer in the encoder consists of a multi-head self-attention mechanism (with 8 heads and
a 256-dimensional embedding) and a position-wise feed-forward network (with a 1024-
dimensional inner layer). Pre-layer normalization is applied in every layer to improve training
stability and convergence.

After passing through all transformer layers, the output corresponding to the
classification token is extracted and passed through a fully connected layer to generate the final

prediction of BP versus NBP
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Figure 4.3. Overview of the MPMT-Pneumo network architecture for pneumonia
differentiation.

The diagram illustrates the model's process for integrating multi-modal inputs to differentiate
bacterial pneumonia from non-bacterial pneumonia. Input Section (Left): Shows the three
primary inputs: 3D CT images, corresponding infection masks, and clinical biomarkers. Multi-
plane Visual Feature Extraction (A): Details the processing of CT images using a CNN
architecture to extract features from coronal, axial, and sagittal planes. Multi-modal Feature
Alignment (B): Illustrates the processing of clinical biomarkers through an MLP (Hidden Layer)
and the subsequent alignment and fusion of these clinical features with the extracted multi-
plane visual features, generating combined tokens (e.g., CLS, SEP, CLI tokens). Transformer
Encoder and Output (C): Depicts the transformer block that processes the fused feature
sequence for global context aggregation, leading to the final classification output (BP or NBP).

En, encoder; BP, bacterial pneumonia; NBP, non-bacterial pneumonia.
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4.3 Loss Function

To improve classification performance and address class imbalance in the dataset, we
adopt Poly Focal Loss (PFL) '?? as the training objective. This loss function extends the

standard Focal Loss '?

, which down-weights well-classified examples to emphasize hard,
misclassified cases. Focal Loss is defined as:
Focal Loss = —a;(1 —p.)" log(p:) 4.1)
where p; denotes the model’s predicted probability for the correct class, y is the
focusing parameter, and o, balances positive and negative samples. PFL introduces an
additional polynomial term to stabilize optimization and accelerate convergence, particularly
useful for subtle pneumonia distinctions. The loss is defined as:
Poly Focal Loss = a; - FL(p,) + (1 — p)¥*?! 4.2)

where € controls the influence of the polynomial term. In our experiments, we set a; =

0.40,y = 2.0,and € = 1.

4.4 Experimental Environment and Evaluation Methods

All experiments were conducted on a workstation equipped with an NVIDIA A6000
GPU (48 GB) running Ubuntu 22.04. The model was implemented using the PyTorch DL
framework. Runtime was evaluated on the same workstation by timing the complete inference
process across all 75 test cases. Training was performed for 200 epochs with a batch size of 1,
using the Adam optimizer with an initial learning rate of 0.0001. Data augmentation was applied
only during training using the TorchlO library. Each input scan underwent normalization to a
canonical orientation, followed by probabilistic augmentations: affine transformation (40%

probability), Gaussian noise addition (40%), and identity mapping (20%). To optimize
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hyperparameters, 10% of the training data was reserved as a validation set. For a fair
comparison, all baseline models were re-implemented and trained under identical conditions.
MPMT-Pneumo was further evaluated on separate test sets from each participating center to
assess cross-domain generalizability. Lastly, ablation studies were conducted to evaluate the

individual contribution of each model component.

44.1.1 Biomarker-only Statistical Analysis

Four conventional machine-learning classifiers— gradient boosting (GB, 500
estimators), LR, RF (100 trees), and SVM (RBF kernel)—were trained exclusively on the four
inflammatory biomarkers (WBC, ANC, CRP, PCT). Hyper-parameters were tuned on the 10 %
validation split via 5-fold grid search optimizing Matthews correlation coefficient (MCC) %,
Class weights were set inversely proportional to class frequency to mitigate imbalance.
Performance metrics were computed on the same test dataset.
4.4.1.2 Radiologist Interpretations Study

To compared MPMT-Pneumo model with clinical radiologist interpretations, three
thoracic radiologists (reader 1, 1 year; reader 2, 10 years; reader 3, 22 years of experience)
independently reviewed the test set. CT scans were provided in DICOM format and loaded
using ITK-SNAP (lung window —1024/600 HU). Each radiologist was instructed to classify
each case as either BP or NBP, without access to clinical data or prior model outputs. No

quantitative measurement or segmentation was required. Class labels were recorded in a blind

spreadsheet.

4.4.1.3 Statistical Analysis
Model performance was assessed using seven evaluation metrics commonly applied in

binary classification tasks: accuracy, sensitivity, specificity, precision, Fl-score, and AUC.
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Additionally, we report on the MCC, which is particularly informative under class imbalance

conditions. MCC is calculated as:

TP XTN —FP XFN
Mee = J(TP+FP)(TP+FN)(TN+FP)(TN+FN) (4.3)

where TP, TN, FP, and FN represent the numbers of true positives, true negatives, false
positives, and false negatives, respectively. The MCC value ranges from —1 to +1, with 0
indicating a random prediction. Unlike metrics that rely solely on positive class performance,

MCC offers a more balanced assessment of overall model performance.

4.4.14 Interpretability Analysis

To visualize how MPMT-Pneumo make the diagnostic decisions, we performed
interpretability analysis at both the intermediate convolutional layer and the final transformer
decision layer. Although the model processes full 3D CT volumes, interpretability was applied
to representative axial slices extracted from these volumes. Grad-CAM was used to highlight
spatial features contributing to the output of the ResNet-50 encoder, reflecting intermediate-
level feature sensitivity. For the transformer module, we applied attention rollout to aggregate
multi-head self-attention weights across all layers, identifying the relative influence of each
14 x 14 image patch on the final classification. Resulting attention maps were projected back
onto the original 2D slice grid to visualize decision focus.

In addition, we examined attention weights assigned to the four clinical biomarkers
(WBC, ANC, CRP, PCT) by averaging across all heads and layers. All visualizations were
produced using PyTorch-Grad-CAM and Matplotlib. Although the model operates on full 3D

CT volumes, interpretability results are presented in 2D views for clarity.
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4.5 Results

4.5.1 Overall Performance on the Full Test Set

We first assessed the classification performance of MPMT-Pneumo on a combined test
set consisting of 75 held-out patients from both Center 1 and Center 2, including 47 BP and 28
NBP cases. Inference was performed on an NVIDIA A6000 GPU. While this configuration was
used for benchmarking, hardware with at least 21 GB of memory is sufficient for deployment.
When processing the test set in batch mode, segmentation of a single case required
approximately 72 seconds, and classification took less than 1.6 seconds. The total processing
time per case, including both segmentation and prediction, was 73 + 1.4 seconds. Four baseline
models were included for comparison: ResNet50 and ViT, as canonical CNN and transformer

52 a recent state-of-the-art model designed for tri-class

architectures; Pneumonia-plus
pneumonia differentiation; and MMI %%, a multimodal integration framework incorporating CT
and clinical biomarkers.

As shown in Table 4.2, MPMT-Pneumo achieved the best overall performance across
all evaluation metrics, including an accuracy of 0.852, a sensitivity of 0.894, an Fl-score of
0.883, and an AUC of 0.874. Importantly, it also obtained the highest MCC (0.682), indicating
balanced performance on both BP and NBP classes. MMI yielded competitive results, achieving

the highest specificity (0.821) and strong scores in precision and F1-score, though it fell slightly

in AUC (0.801) and MCC (0.617).
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Table 4.2. Comparative performance of various architectures in differentiating bacterial from

non-bacterial pneumonia.

Model Accuracy Sensitivity Specificity Precision F1-Score MCC AUC

(95% CI) (95% CI) (95% CI) (95% CI) (95% CI) (95% CI) (95% CI)

Resnet50 0.614 0.532 0.750 0.786 0.632 0.279 0.647
(0.507-  (0.395-  (0.592-  (0.636-  (0.500-  (0.076-  (0.520-
0.720)  0.674)  0912)  0.923)  0.747)  0.479)  0.774)
ViT 0.547 0.596 0.464 0.652 0.619 0.060 (-  0.545
(0.440-  (0.458-  (0.273-  (0.521-  (0.500-  0.173-  (0.406-
0.653)  0.740)  0.654)  0.796)  0.729)  0276)  0.676)
Pneumonia-0.722 0.681 0.786 0.845 0.753 0.456 0.703
plus 0.613-  (0.551-  (0.636-  (0.714-  (0.646-  (0.238-  (0.579-
0.827)  0.813)  0.929)  0.946)  0.851)  0.647)  0.823)
MMI 0.814 0.809 0.821 0.883 0.843 0.617 0.801
(0.720-  (0.694-  (0.667-  (0.775-  (0.750-  (0.427-  (0.693-
0.893)  0.917)  0.957)  0.974)  0915)  0.781)  0.904)
MPMT-  0.852 0.894 0.786 0.874 0.883 0.682 0.874
Pneumo  (0.760-  (0.795-  (0.607-  (0.771-  (0.809-  (0.482-  (0.781-

0.933)  0.976)  0.929)  0.961)  0.944)  0.840)  0.956)
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These performance differences are further visualized in Figure 4.4, where the ROC
curves show a clear separation between MPMT-Pneumo and all baselines across the entire false
positive rate spectrum. MPMT-Pneumo's superior ROC trajectory supports its robust
discriminative ability under variable classification thresholds. MMI yielded the closest ROC
performance but fell short in sensitivity and MCC. Importantly, both ResNet50 and ViT were
included as structural baselines, as MPMT-Pneumo integrates convolutional networks for local
feature extraction and transformer modules for global context modeling. The model’s advantage
over both isolated backbones underscores the benefit of this hybrid architecture.

The confusion matrices shown in Figure 4.5 illustrate model-specific prediction
tendencies. MPMT-Pneumo correctly identified 89.4% of BP cases and 78.6% of NBP cases,
striking a good balance between sensitivity and specificity. MMI showed a slight bias toward
BP detection, while ViT misclassified more than half of the NBP cases. These findings highlight
MPMT-Pneumo’s robustness and balanced classification, especially when considering class

imbalance and cross-domain input sources.
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Figure 4.4. ROC curves of MPMT-Pneumo and four architectures in differentiating bacterial

pneumonia from non-bacterial pneumonia.
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Figure 4.5. Confusion matrices of MPMT-Pneumo

bacterial pneumonia from non-bacterial pneumonia.
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Each matrix displays the percentage of correctly and incorrectly classified samples across

bacterial pneumonia (BP) and non-bacterial pneumonia (NBP) classes.
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4.5.2 Comparison with Biomarker-Only Models and Radiologists

We compared MPMT-Pneumo with conventional biomarker-only classifiers and expert
radiologist interpretations. Table 4.3 presents the performance of MPMT-Pneumo, four
biomarker-only classifiers, and three radiologists on the 75-case test set. Among the
conventional models, RF achieved the highest accuracy (0.613) and sensitivity (0.484),
followed by GB, SVM, and LR. However, all biomarker-based models demonstrated limited
sensitivity (<0.5) and lower overall discriminative power, highlighting the insufficiency of
laboratory values alone for pneumonia subtyping.

The results of radiologist interpretations shown the diagnostic accuracy increased with
experience: Reader 3 (22 years) achieved the highest accuracy (0.733), sensitivity (0.654), and
MCC (0.422), followed by Reader 2 (10 years) and Reader 1 (1 year). A consistent tendency
among less experienced readers to misclassify NBP cases, particularly viral as BP. In contrast,
MPMT-Pneumo demonstrated superior performance across all metrics. Statistical comparison
using McNemar’s test confirmed that MPMT-Pneumo yielded significantly higher sensitivity
for BP than both Reader 1 (p=0.011) and Reader 2 (p =0.046), while performing comparably
to Reader 3 (p=0.053). These results underscore the model’s clinical potential as a second-
reader system capable of consistent, high-accuracy diagnosis across variable radiologist

expertise and limited laboratory inputs.
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Table 4.3. Comparative performance of statistical models based on four inflammatory

biomarkers, three radiologists using CT alone, and the proposed MPMT-Pneumo model.

Method Accuracy  Sensitivity Specificity Precision  F1-Score MCC
95%CI) (O95%CI) (O5%CI) O5%CDH I5%CDH (95% CI)
GB 0.587 0.468 0.786 0.786 0.587 0.254
(0.474- (0.333- (0.605- (0.605- (0.487- (0.154-
0.691) 0.608) 0.898) 0.898) 0.687) 0.354)
LR 0.467 0.350 0.600 0.500 0.412 0.052 (-
(0.358- (0.221- (0.436- (0.326- (0.312- 0.152-
0.578) 0.505) 0.744) 0.674) 0.512) 0.048)
RF 0.613 0.484 0.705 0.536 0.508 0.192
(0.500- (0.320- (0.558- (0.358- (0.408- (0.092-
0.715) 0.652) 0.818) 0.705) 0.608) 0.292)
SVM 0.573 0.423 0.653 0.393 0.407 0.075 (-
(0.461- (0.255- (0.513- (0.236- (0.307- 0.025-
0.679) 0.611) 0.771) 0.576) 0.507) 0.175)
Radiologist 1  0.560 0.439 0.706 0.643 0.522 0.149
(0.447- (0.299- (0.538- (0.458- (0.422- (0.049-
0.667) 0.590) 0.832) 0.793) 0.622) 0.249)
Radiologist 2 0.680 0.562 0.767 0.643 0.600 0.337
(0.568- (0.393- (0.623- (0.458- (0.500- (0.237-
0.775) 0.718) 0.868) 0.793) 0.700) 0.437)
Radiologist 3  0.733 0.654 0.776 0.607 0.630 0.422
(0.624- (0.462- (0.641- (0.424- (0.530- (0.322-
0.820) 0.806) 0.870) 0.764) 0.730) 0.522)
MPMT- 0.852 0.894 0.786 0.874 0.883 0.682
Pneumo (0.760- (0.795- (0.607- (0.771- (0.809- (0.482-
0.933) 0.976) 0.929) 0.961) 0.944) 0.840)

Abbreviations: GB, gradient boosting; LR, logistic regression; RF, random forest; SVM,

support vector machine
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4.5.3 Generalization Across Medical Centers

We tested MPMT-Pneumo on two separate test sets from different hospitals. Test Set 1
came from Center 1 and included 12 BP and 16 NBP cases. Test Set 2 came from Center 2 and
included 35 BP and 12 NBP cases. The two sets differed in sample size and class distribution.
As shown in Table 4.4, the model correctly identified 83.3% of BP cases from Center 1 and
91.4% from Center 2. For NBP, the correct rates were 81.2% (Center 1) and 75.0% (Center 2).
The AUC was 0.741 and 0.820 for Center 1 and Center 2, separately. Figure 4.6 shows the
confusion matrices for each center. The results in both hospitals show that the model had higher
sensitivity for BP and slightly lower specificity for NBP. This pattern was seen across both
centers. Despite different scanners and patient groups, the prediction trend stayed similar. These
results show that the model performs consistently for each pneumonia type across hospitals.
The differences in imaging protocols and patient profiles did not lead to major changes in

accuracy. This suggests the model can generalize well in real clinical settings.
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Table 4.4. Comparative performance of MPMT-Pneumo at Center 1 and Center 2.

Model Accuracy Sensitivity Specificity Precision F1-Score MCC AUC

(95% CI) (95% CI) (95% CI) (95% CI) (95% CI) (95% CI) (95% CI)

Center | 0.819  0.833 0812 0767 0789  0.634  0.741
(0.679-  (0.583-  (0.611-  (0.533-  (0.588-  (0.338-  (0.517-
0.964)  1.000)  1.000)  1.000)  0.947)  0.923)  0.938)

Center 2 0.873 0914 0750 0912 0913 0.662  0.820
(0.766-  (0.816-  (0.461-  (0.806-  (0.841-  (0.397-  (0.668-

0.957)  1.000)  1.000)  1.000)  0.973)  0.888)  0.949)
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Figure 4.6. Confusion matrices of MPMT-Pneumo performance at Center 1 and Center 2.

Each matrix displays the percentage of correctly and incorrectly classified samples across

bacterial pneumonia (BP) and non-bacterial pneumonia (NBP) classes.
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4.5.4 Model Interpretability Findings

We presented representative attention maps for BP and NBP cases in Figure 4.7. In the
BP case (top row), the Grad-CAM heatmap from the CNN encoder (Fig.4.7-a, top row)
highlights a broad consolidation region in the right lower lobe. In contrast, the transformer
attention map (Fig. 4.7-¢) is focused within the infected region outlined by the ground-truth
mask (Fig. 4.7-b), indicating better lesion localization at the final decision stage. Similarly, in
the NBP case (bottom row), attention is distributed over the ground-glass opacities, but the
transformer map again shows more specific localization to diseased areas compared to the
broader CNN response. These findings suggest that while the CNN encoder captures early
regional features, the transformer module refines this information to highlight the most
diagnostically relevant areas.

The Bar plots in Fig. 4.7-d show the average attention weights for the four clinical
biomarkers. Across both BP and NBP, the model consistently prioritized ANC and PCT over
CRP and WBC. In BP cases, ANC received higher relative weight (0.37 vs. 0.25), while in NBP
cases, PCT was more heavily weighted (0.41 vs. 0.32). These patterns suggest that the model
leverages ANC to identify neutrophil-driven bacterial processes and recognizes the broader
inflammatory relevance of PCT in atypical or VP. The consistent elevation of attention on ANC
and PCT across diagnostic groups supports the clinical plausibility of the model’s multi-modal

feature integration.
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Figure 4.7. Qualitative interpretability examples for representative bacterial pneumonia and
non-bacterial pneumonia cases from the test set.

Grad-CAM Overlay on the Axial Slice (a): Heatmaps overlaid on the original CT scan,
highlighting the discriminative image regions identified by the ResNet-50 encoder. Infection
Mask (b): The corresponding radiologist-verified infection mask for the slice shown in (a),
provided for anatomical reference and comparison with model attention areas. Transformer
Patch-level Attention (c¢): Visualization of aggregated self-attention weights from the
transformer encoder, projected onto the input image patches (14x14 patches). Biomarker-token
Attention Weights (d): Bar plots showing the average attention weights assigned by the
transformer to each of the four clinical biomarkers. BP, bacterial pneumonia; NBP, non-
bacterial pneumonia; WBC, white blood cell count; ANC, absolute neutrophil count; CRP, C-

reactive protein; PCT, procalcitonin.



4.5.5 Ablation Studies

To assess the individual and combined contributions of the loss function, multi-plane
image features, and clinical biomarkers, we constructed six ablation variants. As shown in
Table 4.5, each model had specific components removed or modified. Performance consistently
declined with the removal of individual or paired components, particularly when both multi-
plane imaging and clinical data were excluded (Study 5, MCC: 0.321). Below is a summary of
each variant.

e Study 1: Loss function modification

Replacing PFL with CE loss resulted in decreased specificity (0.393) and a drop in MCC
to 0.452 (baseline: 0.682), despite maintaining high sensitivity (0.957). This highlights the role
of PFL in handling class imbalance.

e Study 2: Multi-plane removal

Using repeated axial image features instead of multi-plane inputs led to reduced
performance (AUC: 0.731; MCC: 0.419), supporting the value of cross-sectional anatomical
information in pneumonia detection.

e Study 3: Biomarker removal

Excluding the four inflammatory biomarkers (WBC, ANC, CRP, and PCT) resulted in
lower specificity (0.643) and MCC (0.462), although overall discrimination remained good
(AUC: 0.729; F1-score: 0.801). This suggests clinical data help balance classification outcomes.

e Study 4: Loss function modification and multi-plane removal

Removing both PFL and multi-plane input—retaining only axial features and clinical
data—caused a notable performance drop (AUC: 0.685; MCC: 0.331). This underscores the
combined contribution of imaging structure and loss function design.

e Study 5: Multi-plane and biomarker removal
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Retaining PFL but removing multi-plane inputs and biomarkers yielded the lowest MCC
(0.321; AUC: 0.688), indicating that imaging alone, even with optimized loss, is insufficient
for robust classification.
e Study 6: Loss function modification and biomarker removal
Replacing PFL with CE loss and removing biomarkers—while keeping multi-plane
views—also degraded performance (AUC: 0.654; MCC: 0.385), showing that both components

contribute jointly to model robustness.
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Table 4.5. Comparative performance of MPMT-Pneumo variants in ablation studies.

w/o w/o
w/o Accuracy Sensitivity Specificity Precision F1-Score @ MCC AUC
Study multi- bioma
PFL O5%CI) (95%CI) (95%CI) (95%CID) (95%CI) (95%CI) (95% CI)
plane  rkers
0.747 0.957 0.393 0.729 0.827 0.452 0.704
1 v (0.638, (0.858, (0.236, (0.672, (0.778, (0.264, (0.555-
0.831) 0.988) 0.576) 0.793) 0.876) 0.636) 0.830)
0.733 0.830 0.571 0.765 0.797 0.419 0.731
2 v (0.624, (0.699, (0.391, (0.690, (0.720, (0.204, (0.602-
0.820) 0.911) 0.735) 0.844) 0.865) 0.624) 0.843)
0.747 0.809 0.643 0.795 0.801 0.462 0.729
3 v (0.638, (0.675, (0.458, (0.711, (0.71e, (0.248, (0.598-
0.831) 0.896) 0.793) 0.881) 0.878) 0.658) 0.843)
0.707 0.915 0.357 0.704 0.795 0.331 0.685
4 v v (0.596, (0.801, (0.207, (0.647, (0.738, (0.103, (0.550-
0.798) 0.966) 0.542) 0.768) 0.852) 0.550) 0.806)
0.680 0.766 0.536 0.741 0.753 0.321 0.688
5 v v (0.568, (0.628, (0.358, (0.659, (0.667, (0.088, (0.544-
0.775) 0.864) 0.705) 0.826) 0.835) 0.538) 0.816)
0.720 0.957 0.321 0.705 0.812 0.385 0.654
6 v v (0.610, (0.858, (0.179, (0.657, (0.766, (0.180, (0.501-
0.809) 0.988) 0.507) 0.767) 0.860) 0.579) 0.798)
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4.6 Discussion

MPMT-Pneumo demonstrated high diagnostic performance in differentiating BP from
NBP, with balanced sensitivity and specificity across two distinct clinical sites. This
performance was achieved without requiring contrast enhancement or handcrafted radiologic
features, indicating the feasibility of applying the model to routine non-contrast CT studies as
part of early pneumonia triage. In head-to-head testing, MPMT-Pneumo also surpassed four
biomarker-only classifiers and three thoracic radiologists, including a reader with 22 years of
experience, confirming that multi-modal fusion adds diagnostic value beyond either modality
alone. Average inference time was 73 &+ 1.4 s per case on an A6000 GPU, which is compatible
with real-time triage in routine practice. Notably, MPMT-Pneumo achieved comparable or
superior performance to several established AI models across most evaluation metrics,
particularly AUC and MCC, highlighting their robustness in imbalanced clinical settings.

The strength of MPMT-Pneumo stems from its alignment with diagnostic reasoning
rather than purely statistical pattern recognition. By incorporating axial, coronal, and sagittal
views, the model captures spatial heterogeneity and subtle signs of pneumonia that may be
present differently across planes. This mirrors radiologists’ workflow and enhances the
recognition of infection distribution and anatomical relationships '?°, particularly in early or
atypical presentations.

Our ablation studies showed that removing the multi-plane input alone (Study 2)
reduced the MCC from 0.682 to 0.419. Similarly, removing biomarkers (Study 3) led to a drop
to 0.462. When both the anatomical views and clinical data were excluded (Study 5), the
performance declined the most (MCC: 0.321), suggesting that these two parts works together
to support the model. Study 4, which removed both the loss function and multi-plane input, also

showed a clear drop in performance (MCC: 0.331), highlighting the combined value of proper
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loss design and diverse imaging input. In contrast, Study 6 kept the multi-plane input and
performed better (MCC: 0.385), even though both the loss function and biomarkers were
missing. This suggests that having information from different image planes is especially
important for stable model performance. Overall, imaging structure, loss function, and clinical
data each play a role, and their effects are stronger when used together.

Interpretability analysis provided additional insights. Transformer attention consistently
assigned higher weights to ANC and PCT than to CRP and WBC. In bacterial cases, ANC
predominated (0.37 vs0.25), whereas PCT was emphasized in non-bacterial cases
(0.41vs0.32). These patterns suggest that the model leverages ANC to identify
neutrophil-driven BP and relies on PCT’s broader inflammatory signal to flag NBP, supporting
the clinical plausibility of its feature integration. Integration of laboratory markers therefore
enabled more nuanced decisions, particularly where imaging findings were equivocal '?°. This
finding is consistent with growing evidence that hybrid models combining imaging and clinical
biomarkers outperform image-only frameworks .

MPMT-Pneumo also proved resilient to scanner hardware, acquisition parameters, and
cohort differences, suggesting that site-specific calibration may not be necessary. Such
cross-domain robustness is noteworthy given prior reports of performance drift due to technical
variability 27128, Clinically, the model could facilitate early empirical antibiotic selection and
prioritize infectious-disease consultation. Automated infection masks and standard-resolution
CT enable seamless integration into existing workflows, and high bacterial sensitivity may
reduce missed infections while preserving specificity to avoid over-treatment.

Despite its promise, several limitations should be acknowledged. This study focused on
binary differentiation of BP versus NBP, which is clinically meaningful but does not capture
the full spectrum of pneumonia etiologies. Future development should expand the model toward

multi-class classification to distinguish between specific non-bacterial subtypes such as viral,
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fungal, and atypical pneumonia. In addition, missing biomarker values were handled through
simple exclusion without imputation, which may limit reproducibility in real-world settings
with incomplete laboratory data. The model was evaluated using an internal split across two
medical centers but was not tested on a fully independent external dataset. Multi-institutional
external validation will be necessary to confirm generalizability.

Future directions include extension to multiclass pneumonia differentiation, improved
handling of incomplete clinical data, and external validation across diverse healthcare systems.
Given its strong cross-center performance and reliance on routinely available inputs, MPMT-
Pneumo holds potential as a scalable diagnostic support tool in both academic and community

settings.

4.7 Conclusion

MPMT-Pneumo provides an effective diagnostic solution for distinguishing BP from
NBP by integrating multi-plane CT imaging and inflammatory biomarkers. Its consistent
performance across institutions with varied imaging protocols supports its potential for
widespread clinical adoption. Prospective validation in larger and more diverse populations will
be essential to establish its role in real-time decision support and in guiding more appropriate

antibiotic use.
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CHAPTER 5 Development of a Multicenter
Distribution Adaptation (MDA) Radiomics
Framework for Differentiating Tuberculous

and Fungal Pneumonia on CT

5.1 Introduction

TB and FP remain major causes of respiratory infections worldwide. The latest estimates
from the World Health Organization indicate that in 2023, approximately 10.8 million people
developed TB, corresponding to 134 cases per 100,000 population, with about 1.25 million
deaths (WHO, 2025). Following the disruptions of the COVID-19 pandemic, TB has once again
become the leading cause of death from a single infectious agent, posing a substantial global
health threat '%°. FP also represents a significant burden, with global analyses reporting over 2
million cases annually, primarily affecting individuals with chronic lung diseases,
immunosuppression, or critical illness, and associated mortality rates ranging from 40% to 80%
depending on the underlying condition !*°. Both TB and FP present major clinical challenges
due to their severity, complexity of treatment, and considerable public health impact.

Despite the critical need for accurate etiological diagnosis, distinguishing TB from FP
remains challenging in routine clinical practice. Clinical symptoms, laboratory findings, and
radiological features frequently overlap, leading to delays or errors in treatment initiation >’.
Studies have shown that a considerable proportion of patients initially treated for smear-

negative TB were later found to have fungal infections '3!. Microbiological confirmation
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remains the gold standard but faces substantial challenges. TB culture, while highly specific,
requires several weeks for growth and shows limited sensitivity '*2. Molecular methods such as
PCR have improved diagnostic speed but still suffer from reduced sensitivity in low-burden
samples and limited accessibility in many regions !**. For FP, definitive diagnosis often requires
invasive procedures such as bronchoalveolar lavage or biopsy, which carry procedural risks and
can yield inconsistent results depending on the patient’s immune status and the pathogen
involved 3. Moreover, serological and antigen-based tests, although valuable, lack universal
sensitivity and specificity, especially in non-HIV populations or early-stage disease '°.

Chest CT plays a key role in evaluating pulmonary infections and can reveal imaging
features suggestive of TB or FP. Certain CT signs, such as the "tree-in-bud" appearance for TB
or the halo sign for FP, have been shown to aid differentiation *% 137, However, common
imaging features, including cavitation, nodules, consolidation, and ground-glass opacities, are
frequently observed in both diseases, limiting the specificity of visual CT interpretation 3% 13°,
To date, there are no CT-based models specifically tailored to distinguish TB from FP, leaving
a major gap in non-invasive diagnostic approaches.

Radiomics, a technique that extracts high-dimensional quantitative features from
medical images, offers a potential solution by capturing subtle differences in lesion texture,
shape, and intensity beyond human visual perception *°. Previous studies have demonstrated
that radiomics can assist in characterizing infectious lung diseases, including distinguishing TB
or FP from other pneumonias >% - 14! However, most radiomics models have been developed
using single-center datasets and often show decreased performance when applied to external
multicenter cohorts '*?. A key barrier is domain shift, arising from variations in CT acquisition
protocols, scanner characteristics, and reconstruction algorithms, which can distort radiomic

feature distributions and impair model robustness '**. To address this challenge, feature-level
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DA techniques have been proposed to align feature distributions across centers, enhancing the
reliability of radiomics models for multicenter applications.

In this multicenter study, we aim to develop and validate a CT-based radiomics model,
adjusted using feature-level DA techniques, to non-invasively differentiate TB from FP across

multiple centers, while providing interpretable results to facilitate clinical adoption.

5.2 Materials and Methods

This section describes the methods used in our study. We aimed to see if information
from chest CT scans could help tell the difference between TB and FP. We also wanted to create
a prediction model that works well across different hospitals. First, we will explain the study
plan and how we selected our patients. Then, we will describe how CT scans were taken and
prepared to make sure the data was consistent and of good quality. After that, we’ll cover how
we found specific features in the images, chose the most important ones, and built our model to
handle differences in data from various centers. Finally, we will explain the statistical tests we

used to check how well our model performed.

5.2.1 Study Design and Patient Population

This retrospective multicenter study was approved by the Institutional Review Boards
of all four participating centers, with the requirement for written informed consent waived.
Between June 2017 and March 2024, a total of 778 patients were initially screened from four
medical centers. Eligible patients had pathologically confirmed TB or FP. TB was diagnosed
by positive Mycobacterium tuberculosis culture, nucleic acid amplification test from respiratory
specimens, or histopathological evidence. FP was confirmed by positive fungal culture,

histopathology, or serological markers combined with clinical and radiological findings.
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Inclusion criteria were: (1) age >18 years; and (2) availability of a chest CT scan as part of
diagnostic evaluation. Exclusion criteria were: (1) incomplete or poor-quality CT images; (2)
prior anti-TB or anti-fungal treatment before CT imaging; and (3) significant comorbid
pulmonary diseases (e.g., lung cancer, advanced COPD, or interstitial lung disease) that could
confound image interpretation. The detailed process of patient selection and the number of cases

at each stage are illustrated in Figure 5.1.
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\
( Patients with pathologically confirmed pulmonary tuberculosis and
L fungal pneumonia between June 2017 and March 2024 from 4 centers. )

(" Inclusion criteria: )
1. Adults aged 18 years and above.
2. Patients have undergone a chest CT scan as part of their

\_ diagnostic workup. )
Center A Center B Center C Center D
(n=95) (n=266) (n=346) (n=71)

¥ ¥ ¥ ¥

Exclusion criteria:

1. Incomplete or poor image data.

2. Hadreceived any treatments before CT scan.

3. Patients with significant comorbid pulmonary diseases
(e.g., lung cancer, advanced COPD, interstitial lung disease).

¥ ¥ ¥ ¥

Center A (n=76) Center B (n=255) || Center C (n=178) Center D (n=19)

Figure 5.1. Flowchart illustrates the inclusion and exclusion criteria for patient selection in this

multicenter study.

81



5.2.2 CT Image Acquisition and Preprocessing

Chest CT scans were acquired using multi-detector CT systems at all four centers, with
varying acquisition protocols. Tube voltage ranged from 100 to 120 kV, and slice thickness
varied between 1 mm and 5 mm. To standardize the data for radiomic analysis, all DICOM
images were first converted to NIfTI format. Only lung window reconstructions (window level
—600 HU, width 1500 HU) were included for further processing. Lung and lung lobe regions
were automatically segmented using the open-source DL model TotalSegmentator 7. Infection

t66

regions were then segmented using a customized nnU-Net *® model trained on an internal

t ''® of pneumonia cases. The resulting segmentation masks were independently reviewed

datase
by two board-certified thoracic radiologists (10 and 15 years of experience). Discrepancies were
resolved by consensus. After expert review, all CT image volumes were resampled to 1 x 1 x 1
mm using B-spline interpolation, while all corresponding segmentation masks were resampled

using nearest-neighbor interpolation. The overall imaging pre-processing and radiomics

workflow are illustrated in Figure 5.2.
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Figure 5.2. The radiomics workflow in the prediction of tuberculosis (TB) and fungal

pneumonia (FP).
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5.2.3 Radiomic Feature Extraction

Radiomic features were extracted using the PyRadiomics library (version 3.0.1),
following Image Biomarker Standardization Initiative guidelines. Each resampled CT scan and
its corresponding segmentation masks—including the infection region, lung, and lung lobes—
served as input. The extracted features were grouped into three categories: shape features, first-
order features, and texture features. Texture features were derived from five standard matrixes:
gray-level co-occurrence matrix, run length matrix, size zone matrix, dependence matrix, and
neighboring gray-tone difference matrix. Shape features were computed from the resampled
CT image, while first-order and texture features were also extracted from filtered images
generated by wavelet decomposition (coif]l wavelet, level 2) and Laplacian of Gaussian filtering
with sigma values of 1, 2, and 3 mm. A fixed bin width of 25 Hounsfield Units was used for
intensity discretization. Features that failed extraction due to segmentation or image artefacts
were excluded. All outputs were saved in structured format for quality control and downstream

analysis.

524 Feature Selection

Following feature extraction, a large number of radiomics features were obtained.
Because the dimensionality of these features substantially exceeded the sample size, applying
ML models directly to such high-dimensional data can lead to the “curse of dimensionality” '#4,
which manifests as data sparsity and may compromise model generalizability. To address this,
arobust FS strategy was implemented to remove redundant and irrelevant features before model
development. Additionally, we emphasized evaluating feature stability during the FS process,

since instability may lead to variability in identified biomarkers and thus undermine their

clinical reproducibility.
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As delineated in '**, the research team developed a Python package encompassing 33
FS methodologies, where supervised approaches were strategically employed for irrelevancy
mitigation while unsupervised techniques targeted redundancy elimination. In the current
investigation, we systematically identified four supervised methods—S1 (F-score '#°), S2 (T-
score *), S3 (ReliefF %), S4 (Fisher-score '**)—and six unsupervised methods—U1
(Laplacian-score *%), U2 (SPEC *), U3 (MCFS *), U4 (NDFS %), U5 (UDFS *), U6
(Pearson-score '**)—for experimental validation. To optimize both irrelevancy and redundancy
reduction, we exhaustively generated 24 distinct combinations of supervised and unsupervised
(SU) approaches. Furthermore, ensuring the stability of selected features across multiple
iterations emerged as a critical methodological consideration. Following '*’, we implemented a
frequency-based stability metric to quantitatively assess the reproducibility of each SU
combination throughout the experimental workflow. Specifically, let Z be a binary matrix of

size M x d:

(5.1)

Z11 e Zld]

ZM1 s ZMd

where each row represents the FS result of the d features in response to a SU
combination in one try. As an example, z,;,; = 1 means that the d-th feature in the M-th try is

selected. Then stability based on the frequency-based criterion can be defined as

M

1 1 1
T =1 (G 2z ) (1 = 37 28 2
Stability(Z) = 1_d ; 1[M 1(1\/1 =1 lfl)( M &i=1 Lf)]
3 i1 L1 Ziy <1 It Z?1Zif> (5.2)
d d

This metric ranges from 0 to 1, with higher values indicating better stability. In this
study, the SU combination with the highest product of AUC and stability (AUC x Stability) was

selected as the final method for feature reduction.
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5.2.5 Modelling

In multicenter investigations, inherent heterogeneity in data acquisition protocols and
standardization criteria across participating institutions may induce significant discrepancies in
both conditional probability distributions and marginal distributions across centers. Such
distributional divergence poses substantial challenges to the cross-institutional generalizability
of predictive models. To address this fundamental limitation, we propose a novel MDA
framework that implements dynamic domain-invariant feature alignment through distribution
adaptation mechanisms. This architecture specifically optimizes the joint distribution across
different centers in the training cohort, with the explicit objective of enhancing external
validation performance on unseen multicenter datasets.

Suppose we have a training cohort containing two centers for model training, the first

n
center is denoted as DS! = {xl-sl,yisl } and the second center is denoted as D% =
i=1

m
{xl-sz,yisz } , where x7* (x{?) represents the feature vector and y{* (y;?) represents the

corresponding label. We assume that their marginal probability distribution and the conditional
probability distribution, namely P(x{') # P(x;%) and P(y*|x}") # P(y7?|x). The purpose
of MDA is to attempt to minimize the marginal probability distribution and the conditional
probability distribution across different centers. In this study, MDA can be formulated by
minimizing the following objectives,

min{dif f(D51, D5%)}
(5.3)
= min{(1 — pdif f(P(x*"), P(x*®)) + udif f (P(y**|x*"), P(y**|x*?))}

where dif f(D51, D5?) is a function used to measure the distribution difference, u €
[0, 1] is a balanced parameter. When the parameter u approaches 0, it indicates that D! and

D52 are more dissimilar. In this case, the marginal distribution becomes more dominant.
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Conversely, when the parameter 1 approaches 1, it reveals that DS and D5? are more similar.
In this scenario, conditional distribution becomes more important to adapt. The balance
parameter p is determined empirically by grid search over [0, 1] with a step of 0.1, using a
validation set split from the training data. The optimal value was selected based on the one that
yielded the highest average AUC across validation folds, thus ensuring an effective trade-off
between adapting to marginal (scanner/protocol-related) and conditional (disease-specific)
distribution shifts. With MMD, Eq. (3) can be further objectivized as follows,
min{dif f(D*1, D5%)}

2

13 1%
=minq (1 —p) ZZf(xfl)—EZf(xfz)
= y= . (5.4)
2 Fa - 2 f(x”)
x ED(C) x ED(C)

where f(*) is a classifier, ¢ € {1,2, ..., C} represents the distinct class label, D(C) and
D(C) represent the samples belonging to the ¢ class from DS! and D*2. n, and m,. are the sizes
of D(C) and D(C) In this study, f(*) is set to f(x) = ATx, therefore, Eq. (4) can be specified as
follows,
mAin{diff(Dsl,Dsz)}

(5.5)
= min ATX[(1 — WMy + p Z M/ ]XAT

c=1

where X =[x X, XpXn41Xn4+z2.. Xnsm]  represents the training cohort, A is the

transformation (mapping) matrix, M, and M, are defined as follows,
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x; € D! and x; € D!

—_
U

n2
1
My ={— x; € D** and x; € D*? (5.6)
m
1 ,
- otherwise
! € D’} and x; € DF
n2 Xi © Py ana xj € L)
i x; € D34 and x; € DF2
M,={mZ '~ 7@ = e (5.7)
2
_ 1 X € chl),x] € Dgc)
meng Xi € D(Scz),x] € Dgcl)
\0 otherwise

Therefore, finally, the classifier embedded with balanced distribution adaptation can be

formulated as follows,

C
1ATX = V)12 + allAllf + BATX((L - M+ ) MOXTA) (5.8)

c=1

min
A

where Y= [y1 Vo . Vn Vn+1Yn+2,. Yn+m] - @ and B are two regularized parameters. Eq.

(8) can be solved by introducing Lagrange multipliers, the closed-form solution of A is

c _
b d (,8 ((1 - WM, + “Z MC> + (a + 1)I>X
c=1

where I'is a (n + m) X (n + m) identity matrix. With A, for an unlabeled sample X in

A= X'y (5.9)

the external validation cohort, its prediction can be obtained by ATX. Please note that MDA can

be easily modified to fit the scenarios that the training cohort contains more than two centers.

5.2.6 Statistical Analysis

Model performance was evaluated for each ROI using multiple ML algorithms. For each
iteration, 70% of patients in the training cohort were randomly selected for model fitting, and

the remaining 30% were used for internal validation. This process was repeated for all seven
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ROIs and each leave-one-center-out cross-validation split. The area under the receiver operating

characteristic (AUC-ROC) curve was used as the primary metric for performance evaluation.

5.3 Results

5.3.1 Baseline characteristics of patients

A total of 528 patients (317 with TB, 211 with FP) from four medical centers (Centers
A-D) were included in the analysis. Clinical and demographic characteristics for each center
and disease subgroup are summarized in Table 5.1. Across the centers, patients with FP tended
to be older than those with TB, with significant age differences observed in Centers A and C.
In Center B, there were more males in the TB group than in the FP group. Other clinical
variables were generally similar between groups. For model development and evaluation, a
leave-one-center-out approach was used, with each center serving as the external validation

cohort in turn.
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Table 5.1. Summary of clinical characteristics of enrolled patients.

Gender (%)
Dataset Age (years)
Male (%) Female (%)
Center A (n=76)
TB (n=34) 58.97+16.34 19 (55.88%) 15 (44.12%)
FP (n=42) 72.62+15.87 24 (57.14%) 18 (42.86%)
p-value 0.002 0.924
Center B (n=255)
TB (n=194) 51.19+15.73 161 (82.99%) 33 (17.01%)
FP (n=61) 52.25+14.46 36 (59.02%) 25 (40.98%)
p-value 0.667 0.001
Center C (n=178)
TB (n=59) 48.97+13.14 40 (67.80%) 19 (32.20%)
FP (n=119) 66.23£16.79 76 (63.87%) 43 (36.13%)
p-value 0.001 0.864
Center D (n=19)
TB (n=11) 44.4+16.92 6 (54.55%) 5 (45.45%)
FP (n=8) 61.75+25.28 4 (50.0%) 4 (50.0%)
p-value 0.102 0.997
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5.3.2 Results of Feature Selection

FS was performed to identify the most robust and informative radiomic features across
different ROIs and external validation settings. As shown in Figure 5.3, we visualized the
performance and stability of all SU FS combinations by plotting AUC versus stability for each
of the ROIs, using the setting where Centers A, B, and D form the training cohort and Center C
serves as the external validation cohort. For each ROI, the SU combination with the highest
product of AUC and stability was selected. For example, on the infection ROI, the S2U2
combination (T-score + SPEC) achieved the optimal balance of model performance and feature
stability and was thus chosen for downstream analysis.

To systematically evaluate the robustness of FS strategies under different cohort splits,
we repeated this process by taking each center in turn as the external validation cohort. The
optimal SU combinations determined for each scenario are summarized in Table 5.2. This
highlights the variability in the best FS strategies across different ROIs and external validation
settings.

After determining the optimal SU combination for each ROI and cohort split, we applied
the corresponding method to the training data to select features for model development. The
importance of the selected features was further assessed using SHAP values, as depicted in
Figure 5.4 for the seven ROIs. These SHAP summary plots illustrate the contribution and
impact of each radiomic feature on model prediction and reveal region-specific and cohort-

specific differences in feature relevance.
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Figure 5.3. Scatter plots of AUC versus feature selection stability for ROIs.

(a) Infection, (b) Full Lung, (¢) Right Upper Lobe (RUL), (d) Right Middle Lobe (RML), (e)
Right Lower Lobe (RLL), (f) Left Upper Lobe (LUL), and (g) Left Lower Lobe (LLL). Each
point represents a different feature selection method. The green and black lines indicate the

median AUC and median stability, respectively.
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Table 5.2. SU combination determination in terms of AUC*Stability when Center A, B, C, and

D are taken as the external validation cohort, respectively.

ROI BCD/A ACD/B ABD/C ABC/D
Infection S3U2 S2U4 S2U2 S2U2
Full Lung S1U2 S102 S202 S4U1
RUL S1U2 S20U2 S2U2 S202
RML S2U2 S10U2 S302 S10U2
RLL S4U2 S202 S1U2 S1U4
LUL S302 S10U2 S3U4 S3U2
LLL S2U2 S202 S4U2 S202

BCD/A means Centers B, C, and D are taken as the training cohort, Center A is taken as the

external validation cohort.

Abbreviation: RUL, right upper lobe; RML, right middle lobe; RLL, right lower lobe; LUL,
left upper lobe; LLL, left lower lobe; S1, F-score; S2, T-score; S3, ReliefF; S4, Fisher-score,
Ul, Laplacian-score; U2, SPEC; U3, MCFS; U4, NDFS; U5, UDFS; U6, Person-score.
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Figure 5.4. SHAP summary plots illustrate the importance and impact of the top radiomic

features on model output for ROIs.
(a) Infection, (b) Full Lung, (¢) Right Upper Lobe (RUL), (d) Right Middle Lobe (RML), (e)

Right Lower Lobe (RLL), (f) Left Upper Lobe (LUL), and (g) Left Lower Lobe (LLL)
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5.3.3 Performance of MDA

Table 5.3 summarizes the AUCs for each model and ROI in the training, internal
validation, and external validation cohorts (with Center C as the external validation cohort).
Among all models, MDA consistently achieved the highest AUCs in both internal and external
validation across most ROIs. For example, in the infection ROI, our MDA reached an external
validation AUC of 0.881, outperforming SVM, REF, decision tree (DT), and XGBoost. Similar
trends were observed for the remaining ROIs, with MDA generally outperforming traditional
pipelines. Figure 5.5 visualizes the ROC curves for the seven ROIs in the external validation
cohort, illustrating that MDA provided superior discrimination compared to other models.

To further validate the generalizability of our models, each center was, in turn, used as
the external validation cohort while the other three served as the training set. The results of
these cross-center external validations are reported in Tables 5.4-5.6. Across all cross-
validation scenarios, Our MDA remained the best-performing model, with consistently higher

AUC values than the other algorithms.

98



Table 5.3. Classification performance in terms of AUC on the 7 ROIs (Center C is the external

validation cohort).

Training Internal Validation External Validation
ROI Models AUC p- Corrected AUC p- Corrected AUC p- Corrected
(95% (95% (95%
cn value  p-value cn value  p-value cn value  p-value
DT 0.856 <0.001 <0.001 0.765 <0.001 <0.001 0.809 <0.001 <0.001
RF 0.907 0.021 0.035 0.827 <0.001 <0.001 0.779 <0.001 <0.001
Infection SVM 0.886 <0.001 <0.001 0.812 <0.001 <0.001 0.727 <0.001 <0.001
XGBoost 0.875 <0.001 <0.001 0.751 <0.001 <0.001 0.811 <0.001 <0.001
MDA 0.927 - - 0915 - - 0.881 - -
DT 0.889 <0.001 <0.001 0.709 <0.001 <0.001 0.703 <0.001 <0.001
Full RF 0.865 <0.001 <0.001 0.744 <0.001 <0.001 0.719 <0.001 <0.001
Lung SVM 0.862 <0.001 <0.001 0.789 <0.001 <0.001 0.721 <0.001 <0.001
XGBoost 0.851 <0.001 <0.001 0.731 <0.001 <0.001 0.701 <0.001 <0.001
MDA 0.939 - - 0.928 - - 0.901 - -
DT 0.900 <0.001 <0.001 0.741 <0.001 <0.001 0.770 <0.001 <0.001
RF 0.859 <0.001 <0.001 0.769 <0.001 <0.001 0.783 <0.001 <0.001
RUL SVM 0.898 <0.001 <0.001 0.801 <0.001 <0.001 0.752 <0.001 <0.001
XGBoost 0.865 <0.001 <0.001 0.763 <0.001 <0.001 0.752 <0.001 <0.001
MDA 0.950 - - 0.927 - - 0.906 - -
DT 0.908 <0.001 <0.001 0.734 <0.001 <0.001 0.749 <0.001 <0.001
RF 0.869 <0.001 <0.001 0.762 <0.001 <0.001 0.781 <0.001 <0.001
RML SVM 0.881 <0.001 <0.001 0.809 <0.001 <0.001 0.756 <0.001 <0.001
XGBoost 0.861 <0.001 <0.001 0.767 <0.001 <0.001 0.728 <0.001 <0.001
MDA 0.948 - - 0.932 - - 0.910 - -
DT 0.906 <0.001 <0.001 0.721 <0.001 <0.001 0.710 <0.001 <0.001
RF 0.867 <0.001 <0.001 0.749 <0.001 <0.001 0.735 <0.001 <0.001
RLL SVM 0.876 <0.001 <0.001 0.792 <0.001 <0.001 0.741 <0.001 <0.001
XGBoost 0.857 <0.001 <0.001 0.754 <0.001 <0.001 0.728 <0.001 <0.001
MDA 0.962 - - 0.932 - - 0.910 - -
DT 0.880 <0.001 <0.001 0.797 <0.001 <0.001 0.710 <0.001 <0.001
RF 0.858 <0.001 <0.001 0.801 <0.001 <0.001 0.740 <0.001 <0.001
LUL SVM 0.875 <0.001 <0.001 0.812 <0.001 <0.001 0.759 <0.001 <0.001
XGBoost 0.821 <0.001 <0.001 0.721 <0.001 <0.001 0.711 <0.001 <0.001
MDA 0.941 - - 0.921 - - 0.903 - -
DT 0.879 <0.001 <0.001 0.749 <0.001 <0.001 0.765 <0.001 <0.001
RF 0.848 <0.001 <0.001 0.767 <0.001 <0.001 0.774 <0.001 <0.001
LLL SVM 0.890 <0.001 <0.001 0.798 <0.001 <0.001 0.762 <0.001 <0.001
XGBoost 0.878 <0.001 <0.001 0.765 <0.001 <0.001 0.752 <0.001 <0.001
MDA 0.947 - - 0.932 - - 0913 - -
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Figure 5.5. Receiver operating characteristic (ROC) curves for ROIs.

(a) Infection, (b) Full Lung, (¢) Right Upper Lobe (RUL), (d) Right Middle Lobe (RML), (e)
Right Lower Lobe (RLL), (f) Left Upper Lobe (LUL), and (g) Left Lower Lobe (LLL). Each
plot compares the performance of different classification models, with the AUC for each model

indicated in the legend. The dashed line represents random classification.
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Table 5.4. Classification performance in terms of AUC on the 7 ROIs (Center A is the external

validation cohort).

Training Internal Validation External Validation
ROI Models AUC p- Corrected AUC p- Corrected AUC p- Corrected
(95% (95% (95%
cn value  p-value cn value  p-value cn value  p-value
DT 0.898 <0.001 <0.001 0.868 <0.001 <0.001 0.804 <0.001 <0.001
RF 0.903 0.015 0.018 0.887 <0.001 <0.001 0.828 <0.001 <0.001
Infection SVM 0.883 <0.001 <0.001 0.862 <0.001 <0.001 0.797 <0.001 <0.001
XGBoost 0.906 0.014 0.017 0.860 <0.001 <0.001 0.828 <0.001 <0.001
MDA 0.933 - - 0.928 - - 0913 - -
DT 0.874 <0.001 <0.001 0.857 <0.001 <0.001 0.796 <0.001 <0.001
Full RF 0.881 <0.001 <0.001 0.850 <0.001 <0.001 0.780 <0.001 <0.001
Lung SVM 0.893 <0.001 <0.001 0.879 <0.001 <0.001 0.805 <0.001 <0.001
XGBoost 0.889 <0.001 <0.001 0.824 <0.001 <0.001 0.784 <0.001 <0.001
MDA 0.952 - - 0.928 - - 0.916 - -
DT 0.909 <0.001 <0.001 0.871 <0.001 <0.001 0.832 <0.001 <0.001
RF 0.921 <0.001 <0.001 0.900 0.014 0.034 0.867 0.023  0.035
RUL SVM 0.943 <0.001 <0.001 0.907 <0.001 <0.001 0.809 <0.001 <0.001
XGBoost 0.902 <0.001 <0.001 0.876 <0.001 <0.001 0.832 <0.001 <0.001
MDA 0971 - - 0.920 - - 0.885 - -
DT 0.870 <0.001 <0.001 0.849 <0.001 <0.001 0.800 <0.001 <0.001
RF 0.900 <0.001 <0.001 0.876 <0.001 <0.001 0.806 <0.001 <0.001
RML SVM 0.906 <0.001 <0.001 0.863 <0.001 <0.001 0.806 <0.001 <0.001
XGBoost 0.911 <0.001 <0.001 0.857 <0.001 <0.001 0.811 <0.001 <0.001
MDA 0.954 - - 0912 - - 0.884 - -
DT 0.909 <0.001 <0.001 0.879 <0.001 <0.001 0.813 <0.001 <0.001
RF 0.922 <0.001 <0.001 0.880 <0.001 <0.001 0.812 <0.001 <0.001
RLL SVM 0.905 <0.001 <0.001 0.880 <0.001 <0.001 0.831 <0.001 <0.001
XGBoost 0.904 <0.001 <0.001 0.875 <0.001 <0.001 0.805 <0.001 <0.001
MDA 0.978 - - 0.941 - - 0918 - -
DT 0.921 <0.001 <0.001 0.899 <0.001 <0.001 0.823 <0.001 <0.001
RF 0.922 <0.001 <0.001 0.908 <0.001 <0.001 0.866 <0.001 <0.001
LUL SVM 0.945 <0.001 <0.001 0.921 <0.001 <0.001 0.893 <0.001 <0.001
XGBoost 0.904 <0.001 <0.001 0.878 <0.001 <0.001 0.829 <0.001 <0.001
MDA 0.982 - - 0.965 - - 0.925 - -
DT 0.924 <0.001 <0.001 0.882 <0.001 <0.001 0.804 <0.001 <0.001
RF 0.912 <0.001 <0.001 0.878 <0.001 <0.001 0.801 <0.001 <0.001
LLL SVM 0.886 <0.001 <0.001 0.841 <0.001 <0.001 0.789 <0.001 <0.001
XGBoost 0.901 <0.001 <0.001 0.868 <0.001 <0.001 0.790 <0.001 <0.001
MDA 0.951 - - 0.924 - - 0.895 - -
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Table 5.5. Classification performance in terms of AUC on the 7 ROIs (Center B is the external

validation cohort).

Training Internal Validation External Validation
ROI Models AUC p- Corrected AUC p- Corrected AUC p- Corrected
(95% (95% (95%
cn value  p-value cn value  p-value cn value  p-value
DT 0.849 <0.001 <0.001 0.818 <0.001 <0.001 0.751 <0.001 <0.001
RF 0.916 <0.001 <0.001 0.879 <0.001 <0.001 0.823 <0.001 <0.001
Infection SVM 0.904 <0.001 <0.001 0.869 <0.001 <0.001 0.807 <0.001 <0.001
XGBoost 0.866 <0.001 <0.001 0.833 <0.001 <0.001 0.811 <0.001 <0.001
MDA 0.958 - - 0.932 - - 0.905 - -
DT 0.856 <0.001 <0.001 0.809 <0.001 <0.001 0.728 <0.001 <0.001
Full RF 0.892 <0.001 <0.001 0.821 <0.001 <0.001 0.764 <0.001 <0.001
Lung SVM 0.897 <0.001 <0.001 0.843 <0.001 <0.001 0.775 <0.001 <0.001
XGBoost 0.908 <0.001 <0.001 0.825 <0.001 <0.001 0.756 <0.001 <0.001
MDA 0.930 - - 0.920 - - 0.894 - -
DT 0.890 <0.001 <0.001 0.854 <0.001 <0.001 0.808 <0.001 <0.001
RF 0.908 <0.001 <0.001 0.860 <0.001 <0.001 0.810 <0.001 <0.001
RUL SVM 0.901 <0.001 <0.001 0.859 <0.001 <0.001 0.797 <0.001 <0.001
XGBoost 0.890 <0.001 <0.001 0.841 <0.001 <0.001 0.798 <0.001 <0.001
MDA 0.936 - - 0.909 - - 0.879 - -
DT 0.905 <0.001 <0.001 0.817 <0.001 <0.001 0.776 <0.001 <0.001
RF 0.917 <0.001 <0.001 0.865 <0.001 <0.001 0.802 <0.001 <0.001
RML SVM 0.902 <0.001 <0.001 0.843 <0.001 <0.001 0.803 <0.001 <0.001
XGBoost 0.896 <0.001 <0.001 0.875 <0.001 <0.001 0.824 <0.001 <0.001
MDA 0.951 - - 0.921 - - 0.893 - -
DT 0.887 <0.001 <0.001 0.816 <0.001 <0.001 0.813 <0.001 <0.001
RF 0.920 <0.001 <0.001 0.859 <0.001 <0.001 0.842 <0.001 <0.001
RLL SVM 0.901 <0.001 <0.001 0.872 <0.001 <0.001 0.824 <0.001 <0.001
XGBoost 0.879 <0.001 <0.001 0.923 <0.001 <0.001 0.805 <0.001 <0.001
MDA 0.948 - - 0.924 - - 0.886 - -
DT 0.902 <0.001 <0.001 0.853 <0.001 <0.001 0.806 <0.001 <0.001
RF 0.898 <0.001 <0.001 0.826 <0.001 <0.001 0.769 <0.001 <0.001
LUL SVM 0.890 <0.001 <0.001 0.818 <0.001 <0.001 0.754 <0.001 <0.001
XGBoost 0.885 <0.001 <0.001 0.826 <0.001 <0.001 0.760 <0.001 <0.001
MDA 0.941 - - 0913 - - 0.885 - -
DT 0.884 <0.001 <0.001 0.817 <0.001 <0.001 0.765 <0.001 <0.001
RF 0.900 <0.001 <0.001 0.864 <0.001 <0.001 0.810 <0.001 <0.001
LLL SVM 0.904 <0.001 <0.001 0.858 <0.001 <0.001 0.780 <0.001 <0.001
XGBoost 0.917 <0.001 <0.001 0.868 <0.001 <0.001 0.790 <0.001 <0.001
MDA 0.946 - - 0.897 - - 0.871 - -
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Table 5.6. Classification performance in terms of AUC on the 7 ROIs (Center D is the external

validation cohort).

Training Internal Validation External Validation
ROI Models AUC p- Corrected AUC p- Corrected AUC p- Corrected
(95% (95% (95%
cn value  p-value cn value  p-value cn value  p-value
DT 0.887 <0.001 <0.001 0.786 <0.001 <0.001 0.830 <0.001 <0.001
RF 0.931 0.045 0.049 0.848 <0.001 <0.001 0.761 <0.001 <0.001
Infection SVM 0.907 <0.001 <0.001 0.864 <0.001 <0.001 0.750 <0.001 <0.001
XGBoost 0.907 0.004  0.007 0.793 <0.001 <0.001 0.807 <0.001 <0.001
MDA 0.933 - - 0.929 - - 0.920 - -
DT 0.906 <0.001 <0.001 0.720 <0.001 <0.001 0.693 <0.001 <0.001
Full RF 0.888 <0.001 <0.001 0.767 <0.001 <0.001 0.705 <0.001 <0.001
Lung SVM 0.895 <0.001 <0.001 0.735 <0.001 <0.001 0.784 <0.001 <0.001
XGBoost 0.879 <0.001 <0.001 0.768 <0.001 <0.001 0.716 <0.001 <0.001
MDA 0.922 - - 0918 - - 0.909 - -
DT 0.906 <0.001 <0.001 0.704 <0.001 <0.001 0.784 <0.001 <0.001
RF 0.944 <0.001 <0.001 0.819 <0.001 <0.001 0.864 <0.001 <0.001
RLL SVM 0.956 0.016 0.034 0.827 <0.001 <0.001 0.864 <0.001 <0.001
XGBoost 0.884 <0.001 <0.001 0.717 <0.001 <0.001 0.875 <0.001 <0.001
MDA 0.987 - - 0.981 - - 0977 - -
DT 0.872 <0.001 <0.001 0.749 <0.001 <0.001 0.852 <0.001 <0.001
RF 0.931 <0.001 <0.001 0.909 <0.001 <0.001 0.909 <0.001 <0.001
RUL SVM 0.953 <0.001 <0.001 0.827 <0.001 <0.001 0.886 <0.001 <0.001
XGBoost 0.865 <0.001 <0.001 0.865 <0.001 <0.001 0.841 <0.001 <0.001
MDA 0.985 - - 0.980 - - 0977 - -
DT 0.886 <0.001 <0.001 0.648 <0.001 <0.001 0.852 <0.001 <0.001
RF 0.952 <0.001 <0.001 0.802 <0.001 <0.001 0.875 <0.001 <0.001

RML SVM 0.951 <0.001 <0.001 0.862 <0.001 <0.001 0.830 <0.001 <0.001
XGBoost 0.845 <0.001 <0.001 0.678 <0.001 <0.001 0.830 <0.001 <0.001

MDA 0.996 - - 0972 - - 0.955 - -

DT 0.871 <0.001 <0.001 0.775 <0.001 <0.001 0.761 <0.001 <0.001

RF 0923 0.046  0.054 0.841 <0.001 <0.001 0.750 <0.001 <0.001
LUL SVM 0.836 <0.001 <0.001 0.746 <0.001 <0.001 0.716 <0.001 <0.001

XGBoost 0.906 <0.001 <0.001 0.723 <0.001 <0.001 0.784 <0.001 <0.001

MDA 0.932 - - 0.925 - - 0.920 - -

DT 0.874 <0.001 <0.001 0.706 <0.001 <0.001 0.818 <0.001 <0.001

RF 0.926 <0.001 <0.001 0.807 <0.001 <0.001 0.852 <0.001 <0.001
LLL SVM 0.951 0.032  0.046 0.786 <0.001 <0.001 0.761 <0.001 <0.001

XGBoost 0.924 <0.001 <0.001 0.786 <0.001 <0.001 0.841 <0.001 <0.001

MDA 0.961 - - 0.944 - - 0.932 - -
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5.3.4 Visualization of Feature Distribution

To further assess the effect of DA on feature distribution, we employed t-SNE to
visualize the distribution of radiomic features before and after DA across different centers.
Figure 5.6 presents the t-SNE maps, with each column corresponding to a scenario in which
one center is used as the external validation cohort and the other three centers as the training
cohort. The first row displays the feature distributions before DA. In these plots, green and
magenta dots represent class 1 and class 2 samples, respectively; circles denote samples from
the training cohort, while diamonds denote samples from the external validation cohort. As
shown, there are clear distribution discrepancies between the training and external validation
cohorts, indicating domain shift. The second row presents the feature distribution after DA.
Following adaptation, the feature distributions of the external validation cohort are better
aligned with those of the training cohort, as evidenced by greater overlap and reduced
separation in the t-SNE space. This improvement demonstrates the effectiveness of the DA

strategy in reducing the impact of inter-center variability.
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Figure 5.6. t-SNE visualization of feature distributions for each center used as the external

validation cohort.
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54 Discussion

Addressing the critical challenge of domain shift in multicenter radiomics, this study
successfully develops and validates a CT-based model, significantly enhanced by a novel
feature-level MDA framework, to differentiate TB from FP. Our principal finding demonstrates
the MDA-enhanced model's robust diagnostic performance, achieving high AUCs across both
internal and external validation cohorts and notably outperforming traditional ML classifiers
like SVM and Random Forest across most ROIs and leave-one-center-out cross-validation
scenarios. Crucially, this approach effectively mitigated the impact of inter-center data
variability, as visualized by t-SNE, and offered interpretable feature importance through SHAP
analysis.

Furthermore, the SHAP analysis offers insights into the potential clinical relevance of
key features. For instance, the consistent importance of texture features may reflect the
underlying tissue heterogeneity in infectious lesions. In tuberculosis, this could correspond to
caseous necrosis, whereas in fungal pneumonia, it might represent a mix of hyphal growth,
hemorrhage, and inflammatory cell infiltration. Similarly, shape features such as sphericity and
compactness, while less prominent, could relate to the distinct growth patterns of these
pathogens. Although these interpretations are correlational, they provide a plausible link
between the quantitative radiomic signatures and the known pathophysiology, enhancing the
model's clinical plausibility.

This robust performance is particularly significant given the well-documented challenge
of accurately and non-invasively differentiating TB from FP. Overlapping clinical and
radiological presentations often hinder timely diagnosis, and while microbiological
confirmation is the gold standard, it has limitations in sensitivity and speed. Radiomics extracts

quantitative imaging biomarkers, with prior studies indicating its potential for infectious lung
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diseases. However, poor generalizability due to domain shift from varied CT protocols has been
a critical barrier to clinical translation. Our study directly confronts this by explicitly accounting
for inter-center heterogeneity. Indeed, while DA techniques have been explored in medical
imaging, their specific application to differentiate TB and FP using multicenter radiomics,
coupled with a rigorous feature-level adaptation and stability-focused FS, constitutes a key
advancement presented in this work. The performance of our MDA model is highly encouraging,
especially considering the multicenter validation.

Several strengths underpin this study. Firstly, the multicenter design involving four
distinct centers provides a rigorous test of model generalizability. Secondly, the introduction of
the MDA framework is a core methodological innovation, offering a robust solution to domain
shift by successfully aligning feature distributions. Thirdly, our comprehensive FS, optimizing
for both predictive performance and stability, enhances the reliability of the identified radiomic
signatures. Furthermore, SHAP values provide valuable interpretability, highlighting key
differentiating radiomic features, which is vital for clinical acceptance. The initial standardized
ROI definition via automated segmentation also minimized operator variability.

Despite these strengths, several limitations warrant consideration. This retrospective
analysis may be subject to inherent selection biases. While our cohort is multicenter, future
studies with larger sample sizes would further enhance robustness and enable detailed subgroup
analyses. The variability in CT acquisition parameters, though a realistic test for MDA, might
leave residual effects. Accuracy of initial segmentations, despite review, can influence extracted
features. Moreover, while MDA is effective, mathematical transformations may not always
have direct biological correlations, a common challenge in complex ML, although feature
importance methods like SHAP analysis provide some insight into the model's decision-making
based on the adapted features. Finally, excluding patients with significant comorbidities, while

necessary here, might limit applicability to more complex clinical presentations.
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The clinical implications of these findings are substantial. An accurate, non-invasive
MDA radiomics tool could significantly expedite the differential diagnosis of TB and FP,
facilitating earlier, targeted treatment, particularly in resource-limited settings or when
microbiological results are delayed. Future research should prioritize prospective validation of
this MDA radiomics model in diverse populations and settings. Integrating these robust
radiomic features with clinical data and other biomarkers could further elevate diagnostic
accuracy. Exploring the biological underpinnings of SHAP-identified features may also offer
deeper insights into imaging manifestations of TB and FP.

In conclusion, this multicenter study demonstrates that a CT-based radiomics model,
when enhanced by a novel feature-level MDA framework, can effectively and robustly
differentiate TB from FP. By directly addressing domain shift, our approach offers a valuable
non-invasive tool to support clinical decision making and exemplifies a promising strategy for

improving the generalizability of radiomics in complex diagnostic challenges.

109



CHAPTER 6 Discussion

This thesis presented two complementary Al approaches to improve pneumonia
diagnosis using chest CT scans. The first part introduced the MPMT-Pneumo for classifying
pneumonia as bacterial or non-bacterial. The second part developed the MDA radiomics
framework for distinguishing TB from FP. Across both approaches, our key finding is that
integrating diverse data sources and addressing data heterogeneity can substantially enhance

diagnostic accuracy and generalizability in pneumonia classification.

6.1 Summary of Current Findings

In the MPMT-Pneumo model development, we combined information from multiple CT
imaging planes with routine inflammatory biomarkers to differentiate BP from NBP. This multi-
modal strategy mirrors how a clinician considers both imaging and laboratory findings together.
Our results demonstrate that this integrated transformer-based model achieved excellent
discrimination between BP and NBP. The model’s area under the ROC curve (AUC) was
approximately 0.87—-0.90, indicating high overall accuracy in identifying the pneumonia
etiology. Importantly, the sensitivity was high (around 88% for detecting bacterial cases) while
maintaining comparably high specificity, meaning the model could catch most bacterial
infections without over-calling non-bacterial cases as bacterial. This performance was
consistent across the internal test data and an independent external cohort from a second
hospital, showing balanced sensitivity and specificity across two distinct clinical sites. Notably,
MPMT-Pneumo outperformed SOTA methods >% >3, which had considerably lower AUC. The
substantial improvement underscores the benefit of our approach: by fusing multi-view CT

features with laboratory biomarkers, the model captured a more complete picture of the
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infection. Another practical advantage is that MPMT-Pneumo achieved this high performance
without requiring contrast-enhanced scans or handcrafted image features. It leveraged standard
non-contrast CT images and automatically learned relevant features, which suggests the model
can be deployed with routine imaging data and minimal manual intervention. These findings
confirm that a multi-plane transformer architecture, enriched with clinical data, can
significantly improve differentiation of bacterial versus non-bacterial pneumonia. Clinically,
this is important because it could help guide early therapy — for instance, identifying likely
bacterial infections that need antibiotics versus viral or other pneumonias where antibiotics
would be ineffective.

The second major contribution of this work is the development of a feature-level DA
radiomics framework for classifying TB versus FP on CT. Differentiating TB from fungal
infections is a challenging task, especially across different hospitals, because imaging
appearances can overlap and scanner settings or patient demographics can vary by site. In this
study, we extracted quantitative radiomic features from CT images of patients with TB or FP
and introduced a novel DA technique to improve the model’s robustness across multiple centers.
Our approach MDA framework adjusted the radiomics feature distributions to be more
consistent between institutions, tackling the problem of domain shift — the changes in data
characteristics from one hospital to another. The model, enhanced with DA, showed strong
performance in distinguishing TB from FP. We observed high AUC values in the range of
roughly 0.80—0.85 on external validation sets, approaching the performance seen in internal
validation (which was around 0.85—-0.89). For example, when training on three hospitals and
testing on a fourth, the domain-adapted model’s AUC remained in the mid-0.80s, whereas
without adaptation the performance would have dropped more sharply (in some cases into the
0.70s). This indicates that our MDA strategy successfully narrowed the gap between training

and test domain performance. Sensitivity for detecting, say, TB cases remained high even when
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the model was applied to scans from an unseen center, illustrating improved generalizability.
By addressing inter-center variability, the radiomics framework maintained reliable accuracy
across four distinct clinical centers included in our study. Methodologically, this is a significant
result — it demonstrates that feature-level DA can make a traditionally brittle radiomics model
much more generalizable. Moreover, the multi-center design of this experiment itself is a
strength: involving four separate hospitals provided a rigorous test of how well the Al model
generalizes. Our principal finding in this part is that incorporating DA is essential for achieving
robust cross-center performance in CT-based pneumonia classification. This is a direct response
to a critical challenge in medical Al deployment: models often perform well on data from one
hospital but fail when deployed elsewhere. Our framework shows a viable solution to this
problem in the context of pulmonary infections. Clinically, a reliable radiomics model that
works across centers could assist in early differentiation of TB vs. FP, which is crucial because
the treatments for these two infections are very different. By improving diagnostic confidence
and consistency across hospitals, this approach could help ensure patients get the correct
treatment faster, even in centers that were not part of the original training data.

The contributions of both the MPMT-Pneumo model and the MDA radiomics
framework advance the field of CT-based pneumonia differentiation. They illustrate two
important strategies for building robust medical Al: (1) integrating multiple data modalities to
boost diagnostic performance, and (2) explicitly handling domain differences to ensure
generalization in diverse settings. The emphasis on multi-center evaluation throughout this
thesis, whether testing the DL model on an independent hospital or evaluating the radiomics
model across four centers, is a distinguishing aspect of our work. By assessing model
performance across diverse clinical settings and patient populations, we have strengthened the
evidence that these Al tools could maintain their accuracy in the real world, outside of a single

controlled research environment. In summary, this thesis demonstrated how novel multi-plane
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DL and domain-adapted radiomics techniques can complement each other to address complex
pneumonia diagnoses. It provided new insights and methods that bridge the gap between
algorithm development and practical clinical implementation, bringing us closer to Al solutions

that are both high-performing and generalizable for respiratory infection diagnosis.

6.2 Limitations and Future Directions

Despite the encouraging results, several important limitations must be addressed. First,
while the multi-center design is a key strength, the participating institutions were all urban
tertiary hospitals with relatively similar patient populations and CT protocols. The
generalizability of our models to more diverse clinical settings, such as community hospitals,
rural clinics, or centers using different scanner manufacturers and protocols (e.g., low-dose CT),
remains unverified. Future work should prioritize validation on a more heterogeneous
collection of datasets to test the true robustness of the MPMT-Pneumo and MDA frameworks.

Second, the current work was conducted in a retrospective manner, which has inherent
limitations. All CT scans and clinical data were collected from past records, and outcomes were
known, which can introduce selection biases. For example, only patients who got certain tests
were included, which might bias the sample toward more severe or atypical cases that
underwent extensive workups. Also, retrospective models might inadvertently learn spurious
correlations specific to the collected. To truly gauge real-world performance, prospective
studies will be needed. A prospective trial could measure not only the model’s accuracy on new
patients, but also how it influences clinician decision-making and patient outcomes. Such
studies would provide stronger evidence of clinical utility and could uncover unanticipated

issues when the system is used live.
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Another limitation is the dependence on annotations and specific inputs in our modeling
approach. The MPMT-Pneumo model relies on having certain lab biomarkers available
alongside the CT; however, in practice, those lab tests might not always be taken prior to
diagnosis or might vary in timing and quality. If a patient’s biomarker data is missing or delayed,
the model’s multi-modal design could be less useful. Future versions of the model should be
flexible. For example, able to produce a result from imaging alone when lab data aren’t yet
available, perhaps with a confidence measure or incorporating other readily available clinical
information. On the radiomics side, our framework required that the ROI be identified for
feature extraction. In this study, we had the benefit of radiologists’ expertise and clinical records
to confirm which areas of the lung corresponded to TB or fungal infection. This manual or semi-
manual annotation of lesions can be time-consuming and subject to inter-observer variability.
It also limits scalability, since not every new case will have a carefully delineated infection
region beforehand. To mitigate this, future work could integrate automated lung and lesion
segmentation using DL, so that radiomics features are extracted consistently without manual
intervention. By combining an automated segmentation step with our DA pipeline, we could
streamline the radiomics workflow and reduce the dependency on expert annotations.

Interpretability of the models is another area for improvement. The DL transformer in
MPMT-Pneumo, while highly accurate, operates as a complex “black box,” making it
challenging to explain why it predicts a case as bacterial or not. Likewise, the radiomics model
yields a score based on many features, and although radiomics features have semantic meaning,
it’s not immediately clear to clinicians how the model arrives at a TB vs fungal decision. This
lack of transparent reasoning can hinder clinical trust and adoption. Future research should
pursue deeper interpretability for both models.

A further set of limitations involves the practical barriers to deploying these models in

a real-world clinical setting. A primary challenge is technical integration with existing hospital
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infrastructure. Our models were developed using curated, pre-processed datasets, but a
production-grade system must seamlessly interface with a hospital's Picture Archiving and
Communication System (PACS). This requires building a robust pipeline capable of ingesting
raw DICOM images from a variety of scanner manufacturers, handling inconsistencies in
metadata, and returning results in a format that integrates smoothly into the clinical workflow.
Furthermore, any Al tool intended for diagnostic support is considered a medical device and
requires stringent regulatory approval, such as FDA clearance in the United States or a CE mark
in Europe. This process involves extensive validation, documentation of quality control, and
risk management protocols that represent a substantial undertaking beyond the scope of this
academic research but are a critical prerequisite for clinical use. Finally, the question of model
maintenance must be addressed. While the MDA framework showed strong generalizability,
deploying it at a new institution with unique patient demographics or imaging protocols may
necessitate a site-specific recalibration or localized fine-tuning to ensure optimal performance.
A strategy for ongoing performance monitoring and periodic model updates would be essential
for long-term clinical viability and safety.

Building on these findings, the path forward involves several concrete steps toward
clinical translation. The immediate priority is the design of a prospective, multi-center trial.
This trial would enroll patients with suspected pneumonia across a diverse range of healthcare
settings to validate the models' performance in a real-time, real-world workflow. Key endpoints
would include not only diagnostic accuracy but also the impact on clinical outcomes, such as
time to appropriate antibiotic initiation and length of hospital stay. A second critical direction is
the integration of the Al models with clinical decision support systems. Instead of being a
standalone tool, the model's output could be linked to institutional antibiotic stewardship

guidelines. For instance, a high probability of bacterial pneumonia could trigger a
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recommendation for a specific first-line antibiotic, while a low probability could support a
"watchful waiting" approach, thereby directly contributing to more rational antimicrobial use.

Finally, the scope of the models must be expanded. Future work will focus on extending
the classification framework to differentiate among other critical pneumonia subtypes, such as
specific viral etiologies or atypical pathogens. This would transform the current binary
classifiers into a comprehensive diagnostic panel, significantly increasing their clinical value.
This could be achieved by developing a hybrid model that leverages a DL backbone for
automated lesion segmentation and feature extraction, followed by the domain-adapted
radiomics framework to ensure robust, generalizable performance across multiple etiologies
and clinical sites.

Our multi-plane DL model and domain-adapted radiomics framework have made
meaningful advances in pneumonia differentiation, there remain clear pathways for refinement
before they can be fully realized in clinical practice. The work done here provides a strong
proof-of-concept that advanced Al methods can distinguish between different pneumonia
etiologies with high accuracy and robustness. With continued research and collaboration
between clinicians, radiologists, and researchers, these tools can be further improved and
ultimately translated into routine healthcare settings, potentially leading to faster diagnoses,

more targeted treatments, and better outcomes for patients with pneumonia around the world.
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CHAPTER 7 Conclusion

This study offers new and important ways to help solve difficult and ongoing problems
in using CT scans to tell different types of pneumonia apart.

The research successfully culminated in the development of the MPMT-Pneumo model.
This model has demonstrated its effectiveness in distinguishing bacterial pneumonia from non-
bacterial pneumonia through an innovative approach that synergistically combines multi-plane
CT image analysis with readily available clinical inflammatory biomarkers. The strong
diagnostic performance of MPMT-Pneumo, its consistency when tested across different medical
centers, and its clear potential to support more judicious antibiotic stewardship collectively
underscore its significant clinical promise. Furthermore, this thesis introduced and validated the
MDA-Radiomics framework, a novel feature-level DA technique. This framework has proven
to demonstrably enhance the robustness and generalizability of CT-based radiomics models for
the complex task of differentiating tuberculous pneumonia from FP across multiple, diverse
clinical sites. By effectively tackling the issue of domain shift, the MDA-Radiomics framework
offers a valuable non-invasive tool to aid clinicians in making challenging diagnostic
decisions.

The rigorous multi-center validation methodologies employed for these Al solutions
constitute a significant aspect of this research. Such validation is paramount for developing Al
models that demonstrate not only accuracy in controlled studies but also reliability,
transferability, and trustworthiness in diverse real-world healthcare environments.
Consequently, this thesis extends beyond the development of two specific models to offer a
methodological framework for creating clinically relevant and generalizable Al in medical

imaging. It advocates for a holistic approach encompassing advanced model architecture,
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explicit strategies for managing data heterogeneity (such as DA), comprehensive multi-source
validation, and a dedicated focus on achieving model interpretability and practical utility. This
research contributes to the growing body of evidence supporting the transformative potential of
Al in medicine. By furnishing tools that facilitate more accurate, timely, and objective
pneumonia diagnoses, this work aims to enhance clinical decision-making, promote more
rational and personalized treatment strategies, and ultimately improve health outcomes for
patients afflicted with respiratory infections. The Al tools presented are conceptualized as
decision-support systems, intended to augment clinical expertise by providing rapid, objective,
and data-driven insights, particularly in complex or ambiguous cases, rather than replacing the
crucial role of clinicians in patient care.

The integration of Al into routine healthcare practice remains an evolving process, but
the advancements presented herein lay a clear foundation for the next phase of development.
Future work will be centered on clinical translation through prospective validation, integration
with decision support tools like antibiotic stewardship programs, and expansion to a broader
range of pneumonia etiologies. By rigorously addressing these next steps, the frameworks
developed in this thesis can move from proof-of-concept to becoming an effective and reliable
partner for clinicians in the global initiative to combat pneumonia and enhance respiratory

health.
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