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Abstract

Computed Tomography (CT) is one of the most commonly used radiological exami-
nations; however, dose optimization in pediatric patients poses a significant challenge due
to their higher radiosensitivity and the lack of individualized approaches in conventional
methods. Therefore, this study aims to develop a machine learning-based framework
to accomplish three core tasks: Regression to predict CTDIvol and DLP dose indices,
Classification to stratify patients into three radiation risk categories (low, moderate, high),
and Recommendation to suggest appropriate imaging protocols based on each patient’s
characteristics, all in compliance with the ALARA principle (As Low As Reasonably
Achievable), which seeks to minimize radiation exposure to the lowest possible level
without compromising diagnostic image quality.

The methodology was applied to a dataset of 359 pediatric patients, incorporating
clinical variables (age, weight, body diameter) and technical parameters (mAs, kVp). Four
machine learning models were compared: Random Forest, Gradient Boosting, Support
Vector Machine (SVM), and Multilayer Perceptron (MLP). The results demonstrated that
the Gradient Boosting model outperformed others in regression tasks, achieving an R? of
0.9825 for CTDIvol prediction and 0.9424 for DLP prediction. Meanwhile, the MLP model
achieved the best performance in radiation risk classification, with an accuracy of 87.5%
and an Fl-score of 0.8723. Feature importance analysis further confirmed that technical
factors (particularly mAs) and body diameter are the most influential determinants of
radiation dose, providing a robust foundation for clinical decision support systems based
on personalized recommendations.

Nevertheless, the study acknowledges certain limitations, including the relatively small
sample size and the restriction of data to GE and Siemens scanners, which underscores the
need for future expansion of the database and the integration of objective image quality
metrics to enhance the accuracy of classification and recommendation tasks.

Keywords: Computed Tomography (CT), Radiation Dose Optimization, Machine
Learning, Dose Prediction, Radiation Risk Classification, Pediatrics, ALARA Principle,
Clinical Decision Support.



Résumé

La tomodensitométrie (TDM) est I'un des examens radiologiques les plus couramment
pratiqués ; cependant, l'optimisation des doses chez les enfants représente un défi
majeur, en raison de leur radiosensibilité accrue et de I’absence d’approches personnalisées
dans les méthodes conventionnelles. Ainsi, cette étude vise a développer un cadre
basé sur 'apprentissage automatique pour accomplir trois taches fondamentales : la
régression (Regression) pour prédire les indices de dose CTDIvol et DLP, la classification
(Classification) pour répartir les patients en trois catégories de risque radiologique (faible,
modéré, élevé), et la recommandation (Recommendation) pour proposer des protocoles
d’imagerie adaptés a chaque patient, conformément au principe ALARA (As Low As
Reasonably Achievable), qui vise a réduire 'exposition aux rayonnements au niveau le
plus bas possible sans compromettre la qualité diagnostique.

La méthodologie a été appliquée a un ensemble de données portant sur 359 patients
pédiatriques, incluant des variables cliniques (Age, poids, diameétre corporel) et des
parametres techniques (mAs, kVp). Quatre modeles d’apprentissage automatique ont
été comparés : Forét Aléatoire (Random Forest), Gradient Boosting, Machine a Vecteurs
de Support (SVM), et Perceptron Multicouche (MLP). Les résultats ont montré que le
modele Gradient Boosting surpassait les autres dans les taches de régression, avec un
coefficient de détermination (R2) de 0,9825 pour la prédiction du CTDIvol et de 0,9424
pour celle du DLP. En revanche, le modele MLP a obtenu les meilleures performances
en classification des risques radiologiques, avec une précision de 87,5 % et un score F1
de 0,8723. L’analyse de 'importance des variables a également confirmé que les facteurs
techniques (notamment le mAs) et le diametre corporel sont les déterminants les plus
influents de la dose, offrant ainsi une base solide pour les systemes d’aide a la décision
clinique fondés sur des recommandations personnalisées.

Cependant, 1’étude reconnait certaines limites, notamment la taille restreinte de
I’échantillon et la restriction des données aux appareils GE et Siemens, ce qui souligne
la nécessité d’étendre a ’avenir la base de données et d’y intégrer des mesures objectives
de qualité d’image, afin de renforcer la précision des taches de classification et de
recommandation.

Mots-clés :Tomodensitométrie (TDM), Optimisation de la Dose Radiologique,

Apprentissage Automatique, Prédiction de Dose, Classification des Risques Radiologiques,
Pédiatrie, Principe ALARA, Aide a la Décision Clinique.
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Introduction

Computed Tomography (CT) scans are widely used in modern medicine because they
provide high-resolution images that are essential for diagnosing and treating a wide
range of diseases. However, this powerful imaging modality also presents a significant
challenge: the risk of exposing patients to ionizing radiation. Through personalized
radiation risk assessment, each patient’s risk can be estimated using multiple variables,
including age, sex, weight, and prior exposure to radiation. Concurrently, CT dose
optimization is an approach designed to minimize the radiation dose while preserving
diagnostic image quality. The integration of personalized radiation risk assessment
with CT dose optimization can establish safe imaging practices that comply with the
fundamental ALARA (As Low As Reasonably Achievable) principle.

Nevertheless, finding the ideal balance between radiation dose and image quality
remains a major clinical challenge. It is well established that using lower radiation
doses reduces the possibility of adverse health effects on the patient. However, lower
doses may also compromise image quality, thereby reducing the radiologist’s confidence
in the diagnostic value of the obtained images. Conversely, using a higher radiation dose
yields superior image quality but simultaneously exposes the patient to an increased risk
of radiation-induced harm. Because every patient presents varying characteristics and
clinical requirements, determining an optimal, patient-specific dose that ensures both
safety and reliable imaging outcomes is a complex and non-trivial problem.

The motivation for this research is directed toward improving the safety of patients
who undergo medical imaging procedures, as well as reducing unnecessary radiation
exposure from CT devices to lower the risk of long-term adverse health effects—especially
in vulnerable populations such as pediatric patients and individuals who receive repeated
CT scans. Recent technological advances, including machine learning, deep learning,
and intelligent dose-tracking systems, offer new opportunities for developing personalized
dose management systems and predictive models for radiation risk. Utilizing these
technologies as tools to enhance patient safety, image quality, and the diagnostic value
of CT examinations provides a novel pathway to ensure that CT exams deliver high
diagnostic effectiveness without exposing patients to excessive radiation.

This work reviews various methods previously described in the literature to assist
radiologists in assessing the risks of radiation exposure and to provide them with
actionable CT dose information. The primary focus of this study is on the processes
that allow radiologists to adjust the radiation dose of a CT scan for individual patients
before the scan is acquired, based on parameters that are unique to each specific patient.
Through simulations and data analysis, this study aims to assess whether this personalized
pre-acquisition framework can decrease radiation dose while maintaining image quality.
Thus, this research uses personalized risk assessment and pre-scan dose adjustment to
protect patients while preserving clear, diagnostically useful images.

This thesis is organized into three main chapters:

Xiv



Introduction

Chapter One:presents the core concepts related to computed tomography, discusses
the major types of radiation produced by CT scanners and their potential impacts on
patient health, reviews major international protocols related to radiation protection, and
includes clinical examples illustrating how various factors influence radiation dose for
individual patients.

Chapter Two: critically reviews the evolution of CT dose optimization methods
between 2015 and 2025, compares conventional and deep learning—based approaches,
examines emerging strategies in personalized radiation risk assessment, and identifies
the key research gaps that motivate the present study. It synthesizes dose optimization
and radiation risk assessment which previous studies have largely treated as separate
domains to identify integrated solutions that address both image quality preservation and
patient-specific risk estimation.

Chapter Three: presents the comprehensive methodology adopted to develop an
intelligent pipeline for predicting CT radiation dose (CTDIvol and DLP) and assessing
personalized radiation risk in pediatric patients using machine learning techniques. It
describes the dataset, preprocessing steps, data splitting strategy, feature scaling, and the
four implemented machine learning models (Random Forest, Gradient Boosting, Support
Vector Machine, and Multi-Layer Perceptron). The chapter then reports the experimental
results for both regression tasks and the classification task, followed by a critical discussion
and interpretation of the findings.

XV



1. Physical Principles and Health Risks of
Computed Tomography Imaging

1.1 Introduction

Computed tomography (CT) is one of the most important medical technologies today,
as it can rapidly produce high-quality diagnostic images to meet today’s medical needs.
Unfortunately, the challenge associated with using CT technology is to achieve a balance
between the radiation dose given to the patient and the quality of images produced. A
reduction in the radiation dose can cause reduced clarity of images and affect the ability
to accurately diagnose disease, whereas an increase in the radiation dose improves clarity
but can put the patient at risk of exposure to ionising radiation, which can be harmful.
Therefore, it is critically important to understand the basic principles of CT imaging and
the risks associated with exposure to radiation.

Accordingly, the primary purpose of this chapter is to provide the basis for
understanding the fundamental principles of CT imaging and to explain the types of
radiation used in CT and their physical principles, as well as their biological effects
on the human body. This chapter also provides the foundation for understanding the
basic principles of radiation protection and the international and national guidelines
developed to help establish appropriate safety standards. This thorough understanding
serves as the basis for the following chapters, where radiation risk from CT examinations
will be evaluated and optimal methods for improving and implementing quality control
programs to minimise the radiation dose received during CT scans will be identified,
thereby ensuring a balance between patient safety and diagnostic effectiveness.



Chapter 1: Physical Principles and Health Risks of Computed Tomography Imaging

1.2 Fundamentals of Ionizing Radiation in CT

1.2.1 Definition of Ionizing Radiation

[onizing radiation is a type of radiation that has sufficient energy to eject electrons
from atoms or molecules, thereby creating ions. This characteristic distinguishes ionizing
radiation from non-ionizing radiation, which lacks the energy required to produce
fundamental atomic or molecular changes [2, 3].

X-rays are the principal form of ionizing radiation used in computed tomography (CT)
imaging. C'T images are generated as X-rays penetrate biological tissues and interact with
matter at the atomic scale [2]. Due to their high energy, ionizing radiations can induce
molecular alterations within tissues and cells, most notably DNA damage. This damage
may occur through direct interactions with DNA molecules or indirectly through the
production of free radicals (highly reactive atoms or molecules with unpaired electrons
that can damage DNA, proteins, and cell membranes), which can subsequently damage
cellular structures [3].

These interactions create the basis for the diagnostic usefulness of CT. However, as
illustrated in Figure 1.1, the high-energy levels and short wavelengths (reaching 0.01
nm to 10 nm for diagnostic X-rays) place X-rays in the ionizing radiation region of the
electromagnetic spectrum. This physical positioning underscores the potential for patient
exposure to radiation-related risks, as the energy exceeds the ionization threshold required
to induce molecular damage.

Energy
>
Non-lonizing lonizing
SAFE AND BENEFICIAL ALMOST SAFE, DANGER SAFE AND BENEFICIAL EXTREMELY
IN APPROPRIATE DOSAGE* LOW DANGER IN APPROPRIATE DOSAGE* HARMFUL
—_— = '
@ (F = o &S M) &0
DD EREC T @E U ) %
ELF VLF LF RADIOFREGQUENCES MICROWAVES INFRA-RED VISIBLE ULTRAVIOLET X-RAY GAMMA RAYS
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Figure 1.1: The Electromagnetic Spectrum: From Non-Ilonizing to lonizing Radiation

(1]



Chapter 1: Physical Principles and Health Risks of Computed Tomography Imaging

1.2.2 Types of Radiation Used in CT Scans

X-ray beams used in computed tomography (CT) imaging are polychromatic beams
produced from 80-140 kVp; these beams allow for fully detailed cross-sections of the
human body [1]. The potential of the X-ray tube (kVp) determines the energy of the
photons; higher kVp results in more penetrating photons, allowing for a lower radiation
dose, though tissue contrast diminishes if the kVp is too high [4, 5]. Proper filtration
removes low-energy photons that would be absorbed superficially, reducing unnecessary
exposure without improving image quality [3, 5].

When X-rays interact with tissue, two fundamental mechanisms occur, as depicted in
Figure 1.2, the photoelectric effect and Compton scattering [1]. The photoelectric effect
occurs when a photon is completely absorbed by a bound electron, which is then ejected;
this interaction increases in high-density tissues like bone, providing the basis for skeletal
contrast [4]. In comparison, Compton scattering involves inelastic collisions resulting in
photon deflection and partial energy loss, which is a primary source of image noise and
contributes to patient dose [4].

The CT detector identifies these interactions for image reconstruction [5]. However,
these interactions also produce cellular ionization, causing DNA damage and potentially
leading to long-term risks such as radiation-induced cancer [2, 6]. Therefore, understand-
ing these physical and clinical repercussions is essential for optimizing CT protocols and
minimizing patient exposure [3, 2].

Types of Radiation Used in CT Scans
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Figure 1.2: X-ray Generation and Interaction with Biological Tissues in CT Imaging.
Source: Figure by author.
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1.2.3 Production of X-rays in CT Systems

Computed Tomography, or CT, is achieved using X-ray technology. An X-ray tube
produces X-rays through a process in which high-voltage electricity causes electrons
released by a heated cathode to travel toward a tungsten anode, producing ionizing
radiation (or X-rays) that can be processed to form a CT image [1].

X-Ray Tube: X-Ray Production
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Figure 1.3: Detailed diagram of the X-ray tube: showing the heating of the cathode,
electron acceleration through high voltage, and the interaction
with the tungsten anode to produce X-rays.
Source:Figure by author

The X-ray beam is modified using filtration and collimation prior to reaching the
patient. Filtration removes low-energy X-ray photons (the lowest-energy X-rays do not
provide acceptable quality images), while collimation reduces the area being examined
and therefore reduces the amount of unnecessary radiation delivered during the CT exam
[3, 5]. Therefore, both of these functions help to minimize the overall radiation to which
a patient will be subjected while retaining CT image quality [3, 5].

Finally, the production intensity of the X-ray beam at a given time and the total
X-ray output during CT imaging are governed by specific technical parameters. These
parameters include:

« kVp (kilovoltage peak): which indicates the energy penetration capabilities of
the X-ray beam.

« mA (milliamperes): which specifies the amount of X-ray photons produced.

e Time of rotation: which describes how long the X-ray tube revolves around the
patient’s body.
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Together, these parameters must be carefully adjusted to achieve an optimal balance
between diagnostic image quality and radiation safety [1, 7].

Production of X-rays in CT Systems
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Figure 1.4: Overview of X-ray production in CT systems: illustrating the filtration
process to remove low-energy photons and the technical
parameters (kVp and mA) that govern beam quality and quantity.
Source:Figure by author

1.3 Radiation Dose Metrics in CT Imaging

1.3.1 The Relationship Between Radiation Dose and Image
Quality

Computed tomography uses a polychromatic x-ray tube to produce images of body
cross sections. Production of these images typically requires the use of an x-ray imaging
system generating x-ray tube potentials (kVp) in the range of 80 — 140 kVp [1]. The
x-ray photon energy is determined by the kVp of the x-ray tube; increasing kVp provides
higher penetration power of photons resulting in lower radiation dose to the patient but
potentially reducing contrast of an image [5, 7]. Conversely, decreasing the kVp will
improve image contrast, however higher radiation dose will be delivered to the patient
[5, 7]. Effective filtration removes low-energy photons that will be absorbed at the tissue
surface, thereby decreasing unnecessary radiation dose without improving image quality
3, 5].

Two mechanisms are involved when x-rays interact with human tissue: the pho-
toelectric effect and Compton scattering [1]. The photoelectric effect occurs when a
photon transfers all of its energy to a bound electron, which completely absorbs the

5
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photon; the photoelectric effect will occur more frequently in high-density tissues (e.g.,
bone) compared to low-density tissue, and as such, will provide good image contrast
between opaque (bone) and adjacent radiolucent (soft tissue) structures [4]. Compton
scattering occurs when an inelastic collision occurs between a photon and a loosely
bound electron, with the result being partial loss of energy and deflection of the photon;
Compton scattering predominates in soft tissues and contributes to image noise, image
scatter artifacts and the radiation dose delivered to a patient [1, 7]. All simultaneous
interactions of tissue with photons are termed photon-tissue interactions other than pair
production [1]. A comprehensive visual representation of the previously discussed CT
physics principles, including beam energy, filtration, and photon—tissue interactions, is
presented in Figure 1.5.
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Figure 1.5: Summary of CT physical principles: The dose-contrast relationship relative
to kVp (top-left), the mechanism of beam filtration (top-right)
and a comparison between Photoelectric and Compton tissue
interactions (bottom). Source: Figure by author

1.3.2 Dosimetric Quantities in CT

The Computed Tomography Dose Index (CTDI) represents the first step in estimating
patient radiation dose from a CT examination. CTDI is defined as the radiation
dose delivered during a single rotation of the X-ray tube under standardized reference
conditions [1, 5]. In clinical practice, a more relevant metric is the Volume Computed
Tomography Dose Index (CTDI,)), which accounts for the pitch in helical CT acquisitions
and provides a standardized measure of the average radiation intensity within the scanned
volume using standardized phantoms [7, 5].
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The next step in the dose estimation process is the Dose-Length Product (DLP),
which is calculated as the product of CTDI,, and the scan length. DLP represents the
total radiation energy delivered during a C'T examination and is widely used for protocol
comparison, dose auditing, and the establishment of diagnostic reference levels [3, 2.
Both CTDI,, and DLP are indicators of scanner output and do not directly reflect organ
doses or the individual biological risk associated with a CT examination [1, 4].

Effective dose (E) provides a population-based, risk-related estimate of radiation ex-
posure by applying tissue weighting factors that account for the different radiosensitivities
of organs and tissues [2, 6]. In CT imaging, effective dose is commonly estimated from
the DLP using region-specific conversion coefficients to allow approximate comparison of
stochastic radiation risks, such as the risk of radiation-induced cancer, between different
CT protocols and imaging modalities [7, 2]. However, effective dose is not intended for
estimating radiation risk in individual patients. Nevertheless, understanding effective dose
and its proper use is essential for CT protocol optimization, dose management, and the
application of the ALARA (As Low As Reasonably Achievable) principle in clinical CT
practice [3, 5].

1.4 Biological Effects of CT Radiation on Public
Health

1.4.1 Mechanisms of Radiation Interaction with Human Cells

X-ray photons used in CT are low-LET (Linear Energy Transfer) ionizing radiation
that interact with tissue by photoelectric effect and Compton scattering, producing
energetic electrons that deposit energy along their tracks [6]. Two principal mechanisms
of interaction with cells are distinguished [6, 2J:

o Direct action: Energy is deposited directly in critical biomolecules (especially
DNA), causing base damage, single-strand breaks (SSBs), double-strand breaks
(DSBs), and DNA—protein crosslinks. DSBs are the most consequential lesions,
often leading to chromosomal aberrations and cell death or mis-repair [6, 8.

e Indirect action: Most cellular water is radiolysed, producing reactive oxygen
species (ROS) such as OHe, He and hydrogen peroxide (H2 O2). These diffuse
to DNA and other targets, generating oxidized bases, SSBs, and clustered DNA
damage [6, 8].

Radiation-induced DNA damage activates complex DNA damage response (DDR)
pathways: sensor proteins recognize lesions, trigger cell-cycle checkpoints, and recruit
repair systems (non-homologous end-joining for DSBs, base excision repair for SSBs) [8].
Mis-repair can fix mutations that underlie carcinogenesis; extensive or irreparable damage
can result in apoptosis, mitotic catastrophe, or senescence [6, 9]. In CT-level exposures
(a few to tens of mGy per scan), the average number of DSBs per cell is small, but a large
cell population is exposed, so even a low per-cell transformation probability can translate
into a measurable population-level cancer risk [2, 9].
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1.4.2 Deterministic Effects

Deterministic effects (the International Commission on Radiological Protection (ICRP)
now terms them "tissue reactions”) show a dose threshold below which they are not
observed and whose severity increases with dose [2, 10, 11]. They arise when radiation
kills or functionally impairs a critical number of cells in a tissue [6]. Typical approximate
thresholds for low-LET radiation in humans are in the hundreds of mGy to Gray range,
far above doses from a single diagnostic CT [2, 6]. Examples include:

o Skin erythema and epilation after localized doses >2-3 Gy during fluoroscopically
guided procedures [10, 12].

o (Cataract formation in the lens; the ICRP currently uses a threshold of about 0.5
Gy for protracted exposure when setting lens dose limits [2, 11].

o Bone marrow depression, gastrointestinal syndrome, and neurovascular syndrome
in acute whole-body exposures at multi-Gy levels [6].

Standard diagnostic CT of a single body region (effective dose ~2-20 mSv; correspond-
ing organ doses ~tens of mGy) does not cause immediate deterministic injury in patients
with normal tissue tolerance [13, 12]. However, repeated high-dose or interventional CT-
guided procedures can approach thresholds in localized tissues, reinforcing the need for

careful protocol selection and monitoring of cumulative organ doses in high-use scenarios
[13, 12, 9].

1.4.3 Stochastic Effects

Stochastic effects are random in occurrence: their probability (but not severity)
increases with dose, and no dose threshold is assumed [2, 10, 11]. The principal stochastic
outcomes associated with CT X-rays are radiation-induced cancers and, to a much lesser
extent in humans, heritable effects [2, 6]. Epidemiological evidence derived from atomic-
bomb survivors, as well as medically and occupationally exposed populations, supports an
approximately linear dose-risk relationship for solid cancers and leukemia down to doses
of at least several tens of mGy [10, 2].

On this basis, international radiation protection bodies have adopted the Linear No-
Threshold (LNT) model, which assumes that any incremental dose of ionizing radiation,
regardless of magnitude, results in a proportional increase in cancer risk [2, 10]. The LNT
model underpins the ICRP’s derivation of detriment-adjusted nominal risk coefficients
and the establishment of effective dose limits for occupationally exposed workers and the
general public [2].

Some radiobiological and modeling studies suggest that low-dose responses may
deviate from strict linearity and that adaptive responses or dose-rate effects could imply
effective thresholds or nonlinear behavior [11]. Nevertheless, for regulatory and public
health purposes, the LNT model remains the conservative reference framework adopted by
the ICRP, International Atomic Energy Agency (IAEA), and major professional societies
for estimating CT-related cancer risk and guiding dose optimization strategies [2, 10, 11].

1.4.4 Impact of CT Radiation on Public Health

The global use of computed tomography (CT) has expanded dramatically since its
introduction, making CT the dominant contributor to the collective effective dose from
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medical X-ray imaging worldwide [13, 12, 9]. Typical adult CT examinations deliver
effective doses on the order of a few to several tens of mSv, substantially higher than
those associated with conventional radiographic procedures [13, 12].

Population-based analyses have linked the increasing utilization of CT to a marked
rise in collective radiation dose, raising concerns regarding future CT-attributable cancers,
particularly when examinations are repeated over extended periods of time [12, 9, 13].

Children represent a particularly radiosensitive population due to their rapidly
dividing tissues, higher organ doses for equivalent CT techniques, and longer post-
exposure life expectancy [10, 12, 9]. Several large cohort studies of pediatric CT have
demonstrated positive dose-response relationships for leukemia, brain tumors, and other
malignancies at cumulative organ doses of a few tens of mGy, suggesting small but
measurable absolute risks at the population level [12, 9, 13].

Pregnant women and the developing fetus are also considered populations of special
concern. Fetal radiosensitivity varies according to gestational age; although deterministic
effects require radiation doses far exceeding those delivered by optimized maternal CT
examinations, potential stochastic risks, such as childhood cancer, justify stringent
justification criteria and a preference for non-ionizing imaging modalities whenever feasible
[2, 10, 12]. International recommendations therefore emphasize careful risk—benefit
communication and the adjustment of C'T protocols to patient-specific conditions when
imaging is clinically indispensable [2, 10, 12].

1.5 International Radiation Protection Protocols and
Guidelines

1.5.1 ALARA Principle in CT Imaging

Modern radiation protection is founded on the triad of justification, optimization,
and dose limitation, commonly summarized by the ALARA (As Low As Reasonably
Achievable) principle [2, 3].

Justification: Any CT examination must provide a net clinical or public health
benefit. Unindicated or duplicative scans should be avoided, and alternative non-ionizing
imaging modalities such as ultrasound or magnetic resonance imaging (MRI) should be
preferred when they can provide diagnostically adequate information [2, 3, 12].

Optimization: For examinations that are clinically justified, imaging parameters
including tube voltage (kV), tube current (mA), pitch, collimation, scan length, and
reconstruction algorithms are tailored to achieve sufficient diagnostic image quality at the
lowest reasonable radiation dose. This process relies on diagnostic reference levels (DRLs)
as well as size- or age-based protocols, particularly for pediatric populations [2, 3, 12, 9].

Dose limitation: Numerical dose limits apply to occupationally exposed workers
and members of the public, but not to patients undergoing medically justified diagnostic
CT examinations. Nevertheless, dose limits for staff and the public in and around CT
facilities, including limits for lens and skin exposure, inform shielding requirements and
procedural design [2, 11]. For patients, dose constraints and diagnostic reference levels are
applied within the framework of optimization rather than strict regulatory limits [2, 3].
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1.5.2 International Organizations and Recommendations

Several international organizations provide authoritative guidance relevant to radiation
protection in CT imaging:

o International Commission on Radiological Protection (ICRP): Issues foun-
dational recommendations, such as ICRP Publication 103, defining core radiation
protection principles, dose quantities, tissue weighting factors, and nominal risk
coefficients that underpin effective dose calculations as well as justification and
optimization strategies in CT practice [2].

o International Atomic Energy Agency (IAEA): Publishes the International
Basic Safety Standards (GSR Part 3), which harmonize regulatory requirements
worldwide for medical, occupational, and public exposures. These standards
emphasize justification, optimization, quality assurance, and education in CT
practice [3].

e« World Health Organization (WHO): Promotes patient safety in medical
imaging, encourages the use of appropriateness criteria and dose tracking, and
collaborates with the TAEA and ICRP in initiatives aimed at reducing unnecessary
radiation exposure, particularly in children and pregnant women [12, 14, 15].

o American Association of Physicists in Medicine (AAPM): Produces
detailed reports and task-group guidelines addressing CT dosimetry, scanner
performance, and protocol optimization for both adult and pediatric imaging,
including the application of CTDI,,, dose-length product (DLP), and size-specific
dose estimates (SSDE) [13, 16].

o European guidelines: European professional and regulatory bodies adapt ICRP
and TAEA recommendations into region-specific CT guidelines and diagnostic refer-
ence levels, with particular emphasis on pediatric imaging, structured justification
pathways, and rigorous quality control programs [12, 17].

Together, these international organizations shape national regulations, accreditation
frameworks, and clinical practice guidelines, thereby promoting safer, more consistent,
and more optimized use of CT imaging worldwide.

1.5.3 Relationship Between Delivered Dose and Patient Param-
eters

The radiation dose received by a patient during a CT examination depends not only on
scanner settings but also on patient-related parameters and the anatomical region being
imaged [13, 12, 8, 9].

o Age: Children and small adults absorb higher organ doses for the same CTDI,
(Volume CT Dose Index) owing to smaller body diameters and reduced photon at-
tenuation, resulting in an increased lifetime attributable cancer risk. Consequently,
pediatric CT protocols typically employ reduced tube voltage and current and
restrict scan length to the minimum required for diagnostic purposes [10, 13, 12, 9].

10
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o Sex: For an equivalent absorbed organ dose, females generally exhibit higher
effective radiation risk because radiosensitive organs such as the breast and thyroid
are assigned larger tissue weighting factors. CT protocol design therefore places
particular emphasis on minimizing exposure of the breast and gonads, including
exclusion from the primary beam or shielding when clinically feasible [10, 11, 9].

« Body weight, BMI, and morphology: Larger patients require higher tube
current or tube voltage to maintain acceptable image quality, leading to increased
radiation dose. Conversely, smaller or leaner patients can often be imaged using
substantially reduced exposure parameters. Automated tube current modulation
systems dynamically adapt tube output to patient cross-sectional size and attenu-
ation characteristics [13, 8, 9].

e Anatomical region examined: Organ doses and associated radiation risks vary
considerably among head, chest, abdominal-pelvic, and cardiac CT examinations.
Radiosensitive tissues, including bone marrow, breast, lungs, thyroid, and gonads,
may receive substantial doses depending on the scanned region and imaging protocol
[10, 13, 12, 8, 9.

Understanding these relationships is essential for patient-specific CT protocol se-
lection, accurate radiation risk estimation, and effective risk communication in clinical
practice.

1.6 Personalized Radiation Risk Assessment

1.6.1 Concept of Personalized Medicine in Medical Imaging

Conventional CT practice has historically relied on standardized imaging protocols
defined primarily by anatomical region, with limited consideration of inter-individual
variability. However, advances in CT technology, dosimetry, and radiobiology, together
with increasing awareness of the potential risks associated with low-dose ionizing
radiation, have driven a progressive shift toward personalized, patient-specific imaging
protocols [13, 12, 9].

Personalized CT imaging integrates multiple patient- and indication-specific factors,
including;:

o Age- and size-adapted exposure parameters: Adjustment of tube voltage and
tube current according to patient age and body habitus (e.g., pediatric versus adult
patients, small versus large body size) to ensure adequate image quality at the
lowest reasonable radiation dose.

e Clinical question—driven scan design: Optimization of scan length, number of
acquisition phases (e.g., pre- and post-contrast), and scan coverage strictly according
to the diagnostic task, thereby avoiding unnecessary multiphase examinations when
not clinically justified.

o Advanced image reconstruction techniques: Application of iterative recon-
struction and noise-optimized acquisition protocols to preserve diagnostic image
quality while enabling substantial dose reduction.

11
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e Individual radiation risk considerations: Incorporation of patient-specific risk
factors, such as young age, known or suspected genetic radiosensitivity, and limited
remaining life expectancy, when balancing diagnostic benefit against radiation risk
and when selecting the most appropriate imaging modality [10, 13, 12, 9].

This paradigm shift aligns CT practice with the broader principles of personalized
medicine, aiming to maximize diagnostic and therapeutic benefit while minimizing
potential harm at the level of the individual patient rather than an average ”standard”
patient.

1.6.2 Patient-Specific Risk Factors

Personalized radiation risk assessment in CT imaging considers multiple patient-specific
factors that extend beyond the parameters of the immediate examination.

e Prior radiation exposure history: Previous exposures from CT scans, inter-
ventional radiology procedures, radiotherapy, or occupational sources contribute to
cumulative organ doses. In patients anticipated to undergo repeated imaging over
time, such as those with chronic diseases or requiring cancer follow-up, minimizing
dose per examination and considering alternative non-ionizing imaging modalities
becomes particularly important [10, 12, 9].

« Biological sensitivity: Certain populations, including children, pregnant women,
and individuals with DNA repair deficiencies or other radiosensitivity conditions,
exhibit increased susceptibility to stochastic effects and, potentially, tissue reactions
at a given radiation dose. In these groups, lower thresholds for switching to
ultrasound or MRI, and more aggressive dose optimization strategies, are warranted

10, 12).

« Remaining lifetime expectancy: For patients with long anticipated survival
(e.g., pediatric and young adult populations), even small incremental radiation risks
may accumulate over decades. Conversely, in patients with limited life expectancy
due to advanced malignancy, the immediate diagnostic or therapeutic benefit may
outweigh small long-term risk increments, justifying higher or repeated CT doses
when clinically indicated [10, 12, 9].

Integration of these patient-specific risk factors supports individualized justification
and optimization of CT examinations, enhances informed consent, and frames imaging
decisions within a long-term survivorship and patient-centered care perspective.

1.7 Clinical Case Examples: CT Imaging in Cancer
Patients

1.7.1 Role of CT in Cancer Diagnosis and Follow-up

Computed tomography (CT) plays a central role in modern oncologic imaging, provid-
ing high-resolution, cross-sectional visualization of primary tumors, nodal involvement,
and distant metastases [13, 12, 9]. Typical clinical applications include:

12
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o Initial diagnosis and staging: Chest, abdominal-pelvic, and neck CT exam-
inations are used to determine TNM (Tumor, Node, Metastasis) stage in many
malignancies, guiding prognosis assessment and informing therapeutic planning,
including surgical resection, radiotherapy field design, and systemic therapy
selection [13, 12, 9].

e Therapeutic monitoring: Serial CT imaging enables quantification of changes
in tumor size and morphology in response to chemotherapy, targeted therapy,
or immunotherapy. Standardized criteria such as RECIST (Response Evaluation
Criteria in Solid Tumors) are applied, and CT can also detect treatment-related
complications, including pneumonitis or gastrointestinal perforation [13, 12, 9].

o Surveillance: Periodic CT scans following curative-intent therapy monitor for dis-
ease recurrence or the development of new primary malignancies. This surveillance
is often conducted over many years in high-risk patient populations [13, 12, 9].

While these clinical applications confer substantial diagnostic and therapeutic benefits,
repeated CT examinations contribute to the accumulation of high cumulative medical
radiation doses, placing cancer patients among those with the greatest lifetime exposure
from medical imaging.

1.7.2 Radiation Risk in Oncologic Patients: Repeated Exami-
nations and Dose Accumulation

Oncologic patients frequently undergo multiple C'T examinations throughout the course
of their disease, including initial staging, interim response assessment, restaging at
progression, and post-treatment surveillance [13, 12, 9]. Each CT scan contributes organ
doses on the order of tens of milligray (mGy), which can cumulatively approach or exceed
levels associated with a small but measurable increase in the risk of secondary solid cancers
or leukemia, particularly in long-term survivors treated at young ages [12, 9].

Cancer patients may also receive therapeutic radiotherapy, further increasing radiation
dose to organs adjacent to treatment fields. Although the immediate risk—benefit
balance strongly favors imaging and therapy in life-threatening malignancies, awareness
of cumulative exposure supports the adoption of strategies to minimize unnecessary
radiation, including:

o Preferential use of limited-range, single-phase CT protocols when clinically accept-
able.

o Periodic re-evaluation of the necessity and timing of surveillance scans.

o Increased reliance on non-ionizing imaging modalities such as MRI or ultrasound
for follow-up where diagnostically feasible.

These dose-reduction strategies are particularly important for pediatric and adolescent
oncologic patients, who typically have high survival rates and long remaining lifetimes,
thereby increasing the potential impact of cumulative radiation exposure [10, 12, 9].

13
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1.7.3 Example of a Cancer Patient Undergoing Multiple CT
Scans

Consider a 45-year-old woman diagnosed with locally advanced colorectal cancer. Her
imaging course includes:

o Contrast-enhanced CT of the chest, abdomen, and pelvis for initial staging.

o (CT-based radiotherapy planning of the pelvis.

During neoadjuvant chemoradiotherapy and postoperative chemotherapy, she under-
goes serial abdominal-pelvic CT scans every 3-4 months to monitor treatment response
and detect complications, followed by annual surveillance CT for at least five years. Over
this period, she may receive approximately 10-15 body CT examinations, each with an
effective dose of roughly 815 mSv, resulting in a cumulative effective dose on the order
of 100-150 mSv, with organ doses to the bowel, bone marrow, and ovaries in the several
hundred milligray range [13, 12, 8, 9].

From a public health and radiation protection perspective, this case illustrates several
key principles:

o Dose evaluation: Use of CTDI,,, DLP (Dose-Length Product), and organ dose
estimation tools (based on scanner output and patient size) to quantify cumulative
exposure and support informed discussions with the patient [13, 8.

e Clinical justification: Each examination is justified by substantial expected
benefit, including accurate staging, early detection of recurrence, and management
of therapy-related morbidity. Omitting critical scans could compromise prognosis
(13, 12, 9].

o Personalized dose optimization: CT protocols are adapted to her body habitus
and clinical needs, including lower tube voltage for smaller patients, automated tube
current modulation, restricted z-axis coverage to the region of interest, single-phase
imaging when multiphase is unnecessary, and iterative reconstruction to maintain
image quality at reduced dose. When feasible, MRI or ultrasound substitutes for
CT in specific follow-up scenarios (e.g., evaluation of pelvic recurrence or liver
metastases) [13, 12, 8, 9].

Through such individualized balancing of diagnostic yield and radiation risk, CT can
continue to play a central role in cancer care while adhering to international radiation
protection principles and minimizing avoidable long-term harm.
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1.8 Conclusion

In this chapter, we covered the physical and biological aspects of ionizing radiation in
CT and discussed some of the potential risks to both the individual cell and the clinical
environment. The relationship between the radiation output of a CT unit (CTDI) and its
biological effect on a patient (effective dose) confirms the need for protection of patients
and the application of the ALARA principle.

However, the identification of various risks is just the starting point; the more
significant challenge is to reduce those risks while maintaining diagnostic quality. The
next chapter will explore how advanced technology, specifically Artificial Intelligence, can
help achieve a balance between patient safety and image quality by providing practical
solutions that consider dose as well as other factors to reduce risks.
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2. State of the Art

2.1 Introduction

The use of Computed Tomography (CT') has become an integral component of modern
diagnostic practice due to its ability to generate high-resolution images with rapid
acquisition times. However, the growing reliance on CT examinations has led to a
significant increase in population-level exposure to ionizing radiation, thereby renewing
concerns regarding potential long-term biological and stochastic effects.

Over the past decade, substantial progress has been made in CT dose optimization
strategies. Early approaches primarily relied on hardware advancements and physics
based reconstruction algorithms. More recently, technological innovations such as photon
counting detectors and the integration of Artificial Intelligence (Al) have transformed CT
imaging into a data-driven and adaptive system. Concurrently, international radiation
protection frameworks have evolved from generalized population-based dose limits toward
more individualized and patient-centered optimization models.

Despite these advancements, a fundamental challenge persists: achieving meaningful
radiation dose reduction without compromising diagnostic image quality. Conventional
optimization techniques are approaching intrinsic physical and noise-related limita-
tions. Although Al-based models have demonstrated promising performance in image
reconstruction and denoising, important questions remain regarding their robustness,
generalizability across diverse clinical settings, and long term clinical reliability.

This chapter critically reviews the evolution of CT dose optimization methods between
2015 and 2025, compares conventional and deep learning—based approaches, examines
emerging strategies in personalized radiation risk assessment, and identifies the key
research gaps that motivate the present study. However, most previous studies have
treated dose optimization and radiation risk assessment as separate research domains.
This chapter synthesizes these two perspectives to identify integrated solutions that
address both image quality preservation and patient-specific risk estimation.
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2.2 Evolution of CT Dose Optimization (2015-2025)

The past decade has witnessed a paradigm shift in Computed Tomography (CT) dose
optimization, driven by rapid technological advancements and a heightened awareness of
radiation safety. Between 2015 and 2025, the field transitioned from conventional physics-
based and hardware-centric methodologies toward autonomous, data-driven frameworks.
This evolution is characterized by three pivotal phases: the refinement of traditional
hardware [18], the emergence of quantum technological leaps such as photon-counting
detectors [19, 20, 21], and the current era of Artificial Intelligence (Al) integration in
both acquisition and reconstruction [22]. In CT imaging, reconstruction refers to the
mathematical process of converting raw X-ray attenuation data (sinograms) into cross-
sectional images.

2.2.1 The Pre-Al Era

Before the widespread adoption of artificial intelligence (AI) to control the radiation
dose administered to patients during computed tomography (CT) scans, there were
numerous strategies aimed at limiting this dose, which relied on improvements in
photon detection equipment and the development of advanced reconstruction algorithms
grounded in physical models [18]. The principal strategies included:

o Automatic Tube Current Modulation (ATCM): ATCM used patient charac-
teristics related to attenuation to dynamically modify tube current [18].

» Peak Kilovoltage (kVp) Adaptation: The kVp used for CT examinations was
adjusted according to patient size and the purpose of the CT acquisition [18].

o Spectral Shaping Technologies: Use of techniques, such as tin filtration, to
eliminate low-energy photons from the CT X-ray beam that did not improve image
quality but did increase patient dose [18].

o Iterative Reconstruction (IR): A series of methods evolved from hybrid
statistical models toward more complex Model-Based Iterative Reconstruction
(MBIR). While MBIR significantly improved diagnostic image quality and reduced
noise compared to traditional filtered back projection (FBP), its widespread clinical
adoption was hindered by substantial computational demands and prolonged
reconstruction times [18].

Each of these methods resulted in moderate patient dose reductions for CT, typically
in the range of 20% to 50%, while maintaining diagnostic image quality [18]. However,
all of these methods were limited in their effectiveness to further reduce dose due to
the inherent physical and statistical noise limitations of the photon detection and signal
processing involved in making CT images. As the dose to the patient decreased, the
decrease in visible image quality from quantum noise became increasingly difficult to
mitigate solely by using traditional reconstruction models.

Therefore, by the late 2010s, it was clear that traditional CT optimization methods
were nearing an effective "noise-floor” barrier, meaning that further dose reduction would
compromise image quality due to quantum noise [18].
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2.2.2 Technological Quantum Leaps

The photon-counting computed tomography (PCCT) systems represent a paradigm
shift in dose-efficient imaging. Unlike traditional energy-integrating detectors (EID),
which aggregate the total energy of X-rays into a single signal, photon-counting detectors
(PCD) process each X-ray photon individually and categorize it according to its specific
energy level [19, 20]. The principal advantages of this technology include improved signal-
to-noise ratio (SNR), intrinsic spectral imaging capabilities, reduction of electronic noise,
and higher spatial resolution [19, 21].

The development of advanced high-resolution detector architectures and more efficient
collimation techniques has also greatly improved the efficiency of photon utilization,
enabling better contrast, reduced radiation exposure, and the potential for quantitative
imaging [21].

Despite these hardware advances, the limitations of the trade-off between aggressive
dose reduction and diagnostic reliability have not been fully resolved through hardware
innovations alone. Consequently, increasing attention has been directed toward compu-
tational intelligence approaches, particularly artificial intelligence, as a complementary
solution for CT dose optimization and image reconstruction [22].

18



Chapter 2: State of the Art

2.2.3 Integration of Artificial Intelligence

Initially, computer-aided diagnosis (CAD) systems were primarily developed for detect-
ing and classifying lesions after image acquisition. More recently, artificial intelligence has
been integrated not only into post-processing tasks but also into image acquisition and
reconstruction stages [18].

Deep learning techniques, particularly convolutional neural networks (CNNs), have
demonstrated excellent performance in denoising low-dose CT scans and reconstructing
images. These models are capable of learning complex relationships between low-dose and
standard-dose images, allowing substantial noise reduction while preserving important
structural details [22, 23].

Currently, Al has been incorporated into several aspects of CT imaging, including:

o Deep Learning Reconstruction (DLR) engines integrated into commercial CT
scanners.

o Automated protocol selection systems that analyze patient morphology to determine
appropriate acquisition parameters such as kVp and mAs.

e Predictive modelling approaches used to estimate optimal acquisition parameters
before the scan is performed.

These developments indicate a transition in medical imaging from static rule-based
optimization, where identical protocols are applied to all patients, toward adaptive data-
driven imaging systems.

However, challenges remain, including the generalisability of Al models, the risk of
bias within training datasets, and the necessity for extensive long-term clinical validation
before widespread adoption [22].

2.3 Dose Optimization Methods

2.3.1 Conventional and Hardware-Based Methods

Dose optimization methods in computed tomography (CT) are generally based on the
development of imaging hardware and physics-based reconstruction algorithms [7, 24]. A
major aspect of these methods is Automatic Tube Current Modulation (ATCM), which
automatically varies the tube current (mAs) according to the attenuation of the X-ray
beam as it passes through the patient [24]. This results in higher exposure in denser
anatomical regions and lower exposure in less attenuating areas, thereby improving image
quality uniformity while minimizing unnecessary radiation dose.

At the same time, peak kilovoltage (kVp) is adjusted according to patient size and
the clinical purpose of the CT examination [24]. Lower kVp values can improve iodine
contrast while simultaneously reducing the overall radiation dose. In addition, spectral
shaping techniques, such as the use of tin (Sn) filters, are employed to remove low-energy
photons that contribute to patient dose without improving image quality [24].

In parallel with acquisition techniques, reconstruction algorithms have also evolved
significantly. Iterative Reconstruction (IR) methods have largely replaced conventional
Filtered Back Projection (FBP) in many modern CT systems [7]. Advanced techniques
such as Model-Based Iterative Reconstruction (MBIR) can produce high-quality images
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with significantly reduced noise, especially at lower dose levels [7]. However, these
methods may require substantial computational resources and longer reconstruction times.
Despite these advances, traditional hardware and physics-based optimization approaches
are approaching fundamental statistical limits related to photon noise, often referred to
as the "noise floor,” particularly at ultra-low radiation dose levels [24].

2.3.2 Deep Learning-Based Optimization (The AI Frontier)

Deep learning (DL) technology has given rise to an entirely new area in improving
low-dose (LD) computed tomography (CT) imaging. This is made possible by the ability
of DL models to extract high-level structures from large amounts of medical data. By
learning from high-quality reference data, DL can generate diagnostic-quality images using
sparse or noisy input image data [18].

As related to LDCT denoising and reconstruction, a primary architecture used is
Convolutional Neural Networks (CNNs). CNNs complete the non-linear mapping process
from the original noisy LDCT acquisition to a standard dose CT acquisition while
suppressing quantum noise and maintaining anatomical detail faithfully [22].

Additionally, Generative Adversarial Networks (GANs) show great potential value in
LDCT imaging. GANSs utilize a two-part network system: the Generator synthesizes
CT images, while the Discriminator evaluates the generated image’s authenticity. As a
result, when used with ultra-low-dose CT acquisition data, GANs provide reconstructed
high-quality CT images with realistic texture and detail compared to more traditional
reconstruction methods [22].

The growing amount of Al and ML for clinical use in medical imaging has dramatically
increased with the advent of commercial Deep Learning Reconstruction (DLR) systems.
Major CT manufacturers now include standalone Al engines built directly into the
acquisition processes of their scanners. Examples include GE’s TrueFidelity™ and Canon
Medical’s AiCE, which utilize deep neural networks to perform advanced reconstruction
and produce high-fidelity images even at significantly reduced dose levels [18].

In addition to reconstruction, Al is also increasingly used to automate and optimize
scanning protocols. Al-based systems analyze scout images and patient anatomy to
determine parameters such as kVp and mAs, enabling a transition from non-adaptive
to adaptive and personalized CT acquisition strategies [22].

2.3.3 Personalized Radiation Risk Assessment

Traditional methods for optimizing doses from imaging have focused on decreasing the
amount of radiation used during imaging procedures. Recent research has demonstrated
the need for an individual-based (or personalized) approach to radiation risk assessments
[13, 9].

Estimations of radiation risks based on standard metrics (e.g., effective dose) provide
only rough estimates since they do not reflect patient-specific anatomical and biological
variations [2, 3].

To help overcome this limitation, new methods utilize organ-specific dose estimations,
which measure the radiation dose to individual organs rather than population averages.
Modern simulations rely heavily upon computer-based models (e.g., voxel-based phantoms
and NURBS phantoms) [13, 9].
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Certain patient-specific characteristics (e.g., age, gender, BMI(the weight), and
heritable risk) also significantly affect radiation response and long-term cancer risk [13, 9].
Incorporating this information in dose estimation models improves accuracy and enables
better personalized dose assessments.

Recent developments in artificial intelligence (AI) have enabled predictive models for
radiation-induced cancer risk, using clinical and dosimetry databases to estimate future
risks following imaging studies. Personalized radiation risk assessments are becoming a
key element of contemporary CT safety [2, 3].

Comprehensive Review of Dose Optimization Methods

Conventional & : Deep Learning-Based " Personalized Risk
Hardware-Based Methods g Optimization Assessment
= og ATCM — Eé’;s‘, CNN - @ Organ-Specific Dose
— =4+ kvp Adjustment — @ can - @ Patient Factors (Age, BM)
=5 spectral Shaping — @ DLR (TrueFidelity, AICE) L Q Predictive Models
— @ [terative Reconstruction _— Al Algorithms

Figure 2.1: Conceptual classification of CT dose optimization methods. Source: Figure
by author.

2.4 Comparative Analysis of DL-based Optimization

Artificial Intelligence (AI) has become an essential facet of Computed Tomography
(CT) due to its ability to provide reliable and reproducible predicted radiation dose
metrics for quality assurance, as well as its ability to produce high-quality images using
Deep Learning Reconstruction (DLR). Several studies have investigated the potential
of Al for dose prediction, image quality optimization, and reconstruction. Table 2.1
summarizes the key characteristics and findings of these studies, including the types of
datasets, Al models employed, and main results achieved.
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Table 2.1: Summary of Al-based approaches for CT dose prediction and image quality
optimaization

Reference &
Study

Year

Objective & Key
Findings

Dataset

AT Model

[25]:  Meineke
et al.

2019

Detect dose
optimization

potential in chest
CT QA. Successfully
identified
exceeding predicted

CTDIvol thresholds

exams

3,199 chest CT

examinations

Feed-forward neural
network

[26]: Tekin et
al. (Abdomen)

2022

Predict DLP for
abdominal CT.
Bayesian algorithm
showed superior
performance (R =

0.957)

551 abdominal
CT datasets

ANN (Bayesian)

[27]:
et al.

Tamura

2022

low-dose
HIR.
DLR
image
lower

Compare
DLR  with
Low-dose
maintained
quality with
exposure

71 patients

Deep
(AiCE)

Learning

[28]:
al.

Park et

2022

Assess DLR at dif-
ferent tube voltages.
Dose reduction up to

61.5%

1 abdominal
phantom

Deep Learning
(TrueFidelity)

[29]:  Morad-
mand et al.

2023

Predict breast dose
in chest CT wusing
ANFIS. Achieved R
= 0.93 correlation

50 patients

ANFIS

[30]: Liu et al.

2024

Evaluate Al with
low-dose chest CT.
65% dose reduction
with improved
quality

100 patients

Deep learning algo-
rithm
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2.4.1 Quantitative Comparison

The quantitative analysis of the provided studies reveals a transformative capacity for
radiation dose reduction through Al-driven interventions. Rather than marginal gains,
the integration of Deep Learning Reconstruction (DLR) has enabled a substantial decrease
in exposure levels. Specifically, Liu et al. [30] achieved a 65% reduction in CTDI,, by
transitioning from standard protocols to AI-combined low-dose settings. Similarly, Park et
al. [28] demonstrated that DLR can maintain superior noise control even when operating
at only 38.5% of the routine dose (a 61.5% reduction), effectively outperforming traditional
Hybrid Tterative Reconstruction (HIR) at full exposure. This trend is further supported
by Tamura et al. [27], who reported a 40.6% significant decrease in the total effective
dose (P < 0.001 ,0.1% probability of random chance), indicating that this reduction was
statistically significant and highly unlikely to be due to random variation.

Regarding predictive precision, the performance of Artificial Neural Networks (ANNs)
and hybrid models remains exceptionally high across different anatomical regions.
Moradmand et al. [29] achieved a correlation coefficient of R = 0.93 for predicting
breast dose in chest CT using an Adaptive Neuro-Fuzzy Inference System (ANFIS).
Similarly, Tekin et al. (Abdomen) [26] reported predictive accuracy rates exceeding
95% for abdominal scans, proving that parameters such as BMI and age are highly
reliable predictors for personalized dosing. Furthermore, the sensitivity of these models
in identifying dose optimization opportunities reached 83%, with a relatively low margin
of error (RMSE of 1.76 mGy) [25].

Finally, the balance between dose reduction and image quality has shifted in favor of
Al models. Subjective quality assessments indicate that Al-optimized protocols do not
just "maintain” quality but can actually improve it by approximately 17.5% compared
to routine high-dose protocols [30]. This is evidenced by higher Contrast-to-Noise
Ratios (CNR) even at lower tube voltages (80 kVp), where DLR models surpassed the
performance of traditional HIR at higher energy levels (120 kVp) [28].

2.4.2 Research Gaps Identification

Despite recent progress in the application of Artificial Intelligence (AI) for radiation
dose optimization in Computed Tomography (CT), several gaps remain in the scientific
literature:

1. Limited Use of Comprehensive Anthropometric Parameters

Many Al-based models rely on a limited number of anthropometric parameters, most
commonly Body Mass Index (BMI) or body weight, for radiation dose prediction.
Studies conducted by Tekin et al. [26] and Meineke et al. [25] demonstrate the
feasibility of using these parameters for dose estimation. However, the reviewed
studies rarely incorporate a comprehensive set of patient-specific variables such as
height, sex, and water-equivalent diameter simultaneously for automated protocol
optimization.

2. Focus on Post-Scan Image Reconstruction Rather Than Prospective
Optimization

A large proportion of the literature focuses on improving image quality after
image acquisition through advanced reconstruction techniques. Deep learning
reconstruction methods have been shown to reduce noise and maintain diagnostic
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image quality at lower radiation doses, as reported by Tamura et al. [27], Park et
al. [28], and Liu et al. [30]. In contrast, fewer studies investigate the use of Al for
prospective optimization, such as recommending optimal tube voltage (kVp) and
tube current (mAs) settings before the CT examination.

3. Limited Generalizability of Current AI Models

Another limitation observed in the reviewed studies is the restricted diversity of
training datasets. Many Al models are developed using data collected from a
single institution or from specific imaging systems. As indicated in studies on dose
prediction using artificial neural networks [26], additional validation using larger
and multi-institutional datasets would be necessary to improve the robustness and
generalizability of Al-based dose prediction models.

4. Limited Interpretability and the ”Black-Box” Nature of Models

Although deep learning techniques have demonstrated promising results in dose
optimization, their decision-making processes often suffer from the ”black-box”
nature of deep learning architectures. Most of the reviewed studies focus mainly
on model performance and predictive accuracy, while the explainability (XAI)
of these systems—essential for clinical trust and safety—remains a challenge
[22]. Integrating these models into routine clinical workflows requires further
investigation into how these algorithms justify specific parameter recommendations
to medical physicists and radiologists.

5. Limited Personalization Based on Clinical Indication

Several studies have explored dose reduction strategies while maintaining diagnostic
image quality for specific CT examinations. However, most Al applications do not
yet dynamically adjust scanning parameters according to the clinical purpose of the
examination, which could further enhance both radiation protection and diagnostic
efficiency. This gap has been highlighted in recent scoping reviews [22].

6. Lack of Integration of Cumulative Radiation Exposure

Current Al models for dose optimization primarily focus on predicting or reducing
radiation exposure for individual CT examinations. The cumulative radiation
exposure history of patients is rarely incorporated into existing decision-support
systems, even though long-term radiation risk is known to be cumulative in
nature [2, 10]. Integrating this information could significantly improve personalized
radiation protection strategies in clinical practice.

2.5 Discussion and Positioning of the Proposed Work

An important advancement in CT imaging has occurred with the development of Al-
based personalized CT imaging protocols, which constitute a shift from standard CT
imaging protocols [22, 18]. The primary challenge of implementing an Al-based dose
reduction program in the clinical setting is the need to achieve a balance between patient
radiation exposure and diagnostic quality [2]. This section reviews the current state of
the art, highlights the limitations of existing methods, and positions the proposed thesis
as a new paradigm for risk-informed prospective CT dose optimization.
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Synthesis of Findings

The review of current research shows that CT imaging is shifting from standard
protocols toward more personalized methods. Studies by Liu et al. [30] and Park et
al. [28] have proven that deep learning is effective at reducing image noise, which allows
for lower radiation doses without losing diagnostic detail. Similarly, Tamura et al. [27]
showed that reconstruction algorithms can maintain the clarity of a scan even when the
dose is significantly reduced.

The synthesis indicates that while Al has mastered "noise management,” it has yet
to achieve "protocol mastery”” The balance between patient safety and image quality
is currently achieved through back-end processing rather than front-end optimization,
leaving a significant gap in the proactive application of the ALARA (As Low As
Reasonably Achievable) principle [2, 3].

2.6 Comparison Between Prior Studies and the Pro-
posed Work

The reviewed studies, while demonstrating significant advances in CT dose optimiza-
tion, differ from the present work in several fundamental dimensions. First, regarding
the target population, the majority of prior studies focused exclusively on adult patients.
Meineke et al. [25] used 3,199 chest CT examinations from adult cohorts, and Tekin
et al. [26] applied their model to 551 adult abdominal scans. In contrast, the present
study is specifically designed for pediatric patients ranging from 5 days to 16 years of
age, a population with substantially higher radiosensitivity and for whom personalized
dose management is clinically more critical. Second, concerning the scope of the task,
previous works typically addressed a single objective, either dose prediction or image
reconstruction improvement. Tamura et al. [27] and Park et al. [28] focused solely
on post-acquisition image quality enhancement through Deep Learning Reconstruction,
while Tekin et al. [26] and Meineke et al. [25] limited their contributions to DLP or
CTDIvol prediction. The present work, by contrast, integrates three complementary
tasks within a unified pipeline: regression for dose prediction, classification for radiation
risk stratification, and rule-based protocol recommendation aligned with the ALARA
principle. Third, with respect to biological personalization, none of the reviewed studies
incorporated patient-specific radiosensitivity factors derived from ICRP recommendations
into their modeling framework. The proposed work explicitly encodes age-dependent and
sex-dependent sensitivity weights, yielding a biologically grounded risk score that reflects
individual vulnerability rather than relying solely on physical dose metrics. Finally,
regarding explainability and clinical deployability, most prior studies present their models
as offline evaluation tools without a clinical inference interface. The present work includes
an interactive decision support interface that generates real-time, patient-specific protocol
recommendations, representing a step toward practical clinical integration. In summary,
while prior studies have established the feasibility of Al-driven dose optimization, the
proposed framework advances the field by addressing pediatric specificity, multi-task
integration, biological risk personalization, and prospective protocol recommendation
within a single coherent system.
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2.7 Conclusion

This chapter concludes that CT dose optimization has evolved from conventional
hardware-based methods to deep learning approaches and personalized risk assessment
strategies.  Despite significant progress, important research gaps remain, including
limited data diversity, poor generalizability, the "black-box” nature of Al models, lack of
cumulative radiation history integration, and insufficient personalization based on clinical
indication. These gaps form the foundation for the proposed work, which aims to provide
more comprehensive, transparent, and patient-centered solutions for prospective C'T dose
optimization.
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3 Methodology and Results

3.1 Introduction

This chapter describes the methodology developed to build an intelligent pipeline
for predicting CT radiation dose (CTDIvol and DLP) and assessing patient-specific
radiation risk in pediatric patients using machine learning. The dataset is first described
in terms of sources, composition, and relevant clinical variables. Preprocessing steps
are then detailed, including anatomical feature extraction from DICOM images, fusion
with clinical metadata, missing value imputation, and feature engineering guided by
ICRP recommendations. The data splitting strategy, feature scaling, and four machine
learning models—Random Forest, Gradient Boosting, Support Vector Machine, and
Multi-Layer Perceptron—are subsequently presented, along with the experimental
setup (hardware, hyperparameter tuning, and cross-validation) and SHAP-based model
explainability. After establishing the methodology, regression results for CTDIvol and
DLP prediction, as well as classification results for risk level prediction, are reported with
visual summaries. The chapter concludes with a discussion and critical interpretation
of the findings. Unlike prior studies that focused on adult populations or conventional
regression, this work emphasizes pediatric-specific risk assessment.

3.2 Dataset Description

Initial Data Exploration

The primary objective of this study was to develop a machine learning model applicable
to all age groups (from children to adults) and various anatomical regions, with the
goal of achieving a comprehensive dose optimization solution. To this end, we initially
proposed the American Association of Medical Physicists’ (AAPM) Low-Dose Computed
Tomography (LDCT) Grand Challenge dataset [31], but it was not available on their
website. We contacted them via email (2026.aapm@aapm.org), and they provided it to
us via the link: https://aapm.app.box.com/s/eawdjddb53keglbptavvvdlsf4x3pedh.
This dataset contains high-quality CT images and comprehensive descriptive data for
adult patients [31]. However, considering the need to cover the full range of age groups (0
to 95 years and older) and multiple anatomical regions (thorax, abdomen, pelvis, etc.),
a substantial amount of data would be required. Based on the data volume typically
required for multi-patient and multi-region computed tomography (CT) studies, where
even a small cohort of adult patients confined to a single anatomical region can demand
tens of gigabytes due to the size of the DICOM files, this volume exceeded the computing
and storage resources available for this study [32]. Therefore, after careful consideration,
the focus was redirected toward a more specialized and age-appropriate pediatric medical
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dataset, which would still allow for the development of a robust model within the study’s
limitations.
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Figure 3.1: Ezample from the AAPM LDCT Grand Challenge dataset

Pediatric-CT-SEG Dataset Characteristics

Based on the limitations identified with the AAPM dataset, we selected the Pediatric-
CT-SEG collection from The Cancer Imaging Archive (TCIA) [33].This dataset com-
prises CT examinations from 359 pediatric patients (180 male, 179 female) ranging in
age from 5 days to 16 years (mean age 7 years), covering the full range of pediatric age
groups: neonates and infants (0-1 year), young children (2-5 years), school-age children
(6-10 years), and adolescents (11-16 years). Both male and female patients were included,
with approximately balanced sex distribution. The collection contains DICOM CT images
acquired from two different CT scanners (GE and Siemens). The total imaging size is
approximately 61 GB, and the metadata includes patient age, sex, and weight when
available. This dataset is specifically designed for patient organ dose estimation, making
it particularly suitable for our pediatric CT dose optimization objective [33].

Final Dataset Composition

After downloading the Pediatric-CT-SEG dataset [33], we performed the following
steps to construct our final master table for model training.

Image Processing: Using the pydicom library in Python, we processed the DICOM
CT scans to extract anatomical features not readily available in the metadata.

Data Integration: The image-derived features were then merged with the clinical
metadata (age, sex, weight, scanner settings) using the unique patient identifier, creating
a unified tabular dataset.

Handling Missing Values: Missing values were addressed using distinct strategies
for each feature:

o Weight: Missing weight values were estimated using age-based pediatric growth
charts from the World Health Organization (WHO) [34].
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« Tube Voltage (kVp): This parameter was extracted directly from the DICOM
headers of each examination [35].

o Tube Current-Time Product (mAs): The mAs value was not directly available
in the metadata. According to the DICOM Standard PS3.3, the Exposure
tag (0018,1152) is defined as "the product of exposure time and X-Ray Tube
Current expressed in mAs” [36]. Therefore, we calculated mAs using the following
relationship:

mAs = Tube Current (mA) x Exposure Time (s) (3.1)

The tube current (in mA) was extracted from DICOM tag (0018,1151) and the
exposure time (in milliseconds) from DICOM tag (0018,1150), which was then
converted to seconds [36].

« Volume CT Dose Index (CTDIvol): For examinations with missing CTDIvol,
we recalculated it using an empirical formula derived from the acquisition parame-

ters: )
kVp mAs
TDI,, =4 — 2
CTDlu OX(mo) X(mo) (3.2)

This formula provides an estimate of the volume-weighted CT dose index based on
the tube voltage and tube current-time product, normalized to reference values of
100 kVp and 100 mAs. The constant (40) represents a scaling factor appropriate
for the scanner models and acquisition protocols used in this study [37, 38].

o Dose Length Product (DLP): DLP was then calculated according to the
standard definition from the AAPM Report [39]:

DLP = CTDI,y X Scan Length (cm) (3.3)

where the scan length was extracted from the DICOM metadata representing the
total irradiated length along the patient’s longitudinal axis [40]. This approach
follows the widely accepted methodology for DLP calculation in pediatric CT dose
studies [41, 42].

After applying these imputation and recalculation procedures, a complete dataset with
no missing values for the primary dosimetric and morphological features was obtained,
enabling subsequent machine learning analysis.

Table 3.1: Sample of the final preprocessed dataset (first 5 rows)

Age Weight | Diameter | kVp | mAs | CTDIvol DLP
(vears) | (kg) | (mm) (mGy) | (mGy - cm)
10 30.20 144 100 | 168.56 39.31 1627.43
3 12.01 112 100 | 57.50 14.55 526.71
15 76.60 228 100 | 324.00 45.11 3193.79
12 36.10 155 100 | 116.80 25.96 1455.38
1 9.46 107 100 | 41.20 11.11 356.21
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Scanner Equipment

Examinations were performed on two CT scanner models representing distinct
generations of detector technology and dose modulation capabilities:

 GE Revolution CT: a wide-detector, high-speed scanner with 256-slice acquisition
capability and ASiR-V iterative reconstruction. Key technical specifications include
a gantry rotation time of 0.28 s and tube voltage options of 80, 100, 120, and 140
kVp [43].

¢ Siemens SOMATOM Definition AS+: a dual-source scanner with CARE
Dose4D tube current modulation and SAFIRE iterative reconstruction. The system
features automatic tube current adjustment based on patient attenuation and real-
time anatomy detection [44].

The heterogeneity of scanner models was intentionally preserved in the dataset to
improve the generalizability of the trained models and to reflect realistic multi-center
clinical conditions [45]. Scanner manufacturer and model were encoded as numerical
features (one-hot encoding) in the machine learning pipeline.

3.3 Machine Learning Methodology

Feature Engineering

Raw clinical variables were supplemented by a set of engineered features designed to
capture physiologically meaningful interactions and to encode domain knowledge from
medical physics:

« Age radiosensitivity factor (age__sens): a stepwise function derived from ICRP
Publication 103 recommendations, assigning higher weighting to younger patients
(x3.0 for age < 1 year, x2.5 for 2-5 years, x2.0 for 6-10 years, x1.5 for 11-16
years) [2].

» Sex radiosensitivity modifier (sex_ factor): female patients were assigned a
factor of 1.15 relative to male patients (1.0), reflecting higher gonadal and breast
tissue sensitivity to ionizing radiation [2].

o Combined radiosensitivity score (radiosens_ score): calculated as
radiosens_score = age_sens X sex_factor, representing a composite individual
vulnerability index.

e Morphological interaction terms: two product terms were created:

— age_x_diam = Age x Diameter

— weight  x scan = Weight x Scan Length

These terms model dose dependence on body habitus and examination extent.

30



Chapter 3: Methodology and Results

Body cross-sectional area (body__area_ cm?): approximated as:
50 (3.4)

where diameter is in mm. This feature is relevant to X-ray beam attenuation
modeling.

Diameter 2
bodyiareaicm2 =7 X (mneer)

Binary kVp flag (kvp__bin): distinguishes high-dose acquisition (kVp > 100)
from low-dose acquisition (kVp < 100):

1 if kVp > 100

. (3.5)
0 if kVp < 100

kvp_ bin = {

Age group encoding: a four-level ordinal variable (0-3) capturing developmental
stage:

— 0: Neonates and infants (0-1 year)

— 1: Young children (2-5 years)

— 2: School-age children (6-10 years)

— 3: Adolescents (11-16 years)

Scanner model binary flags: GE Revolution CT and Siemens SOMATOM
Definition AS+ were encoded separately as dummy variables (one-hot encoding).

After feature construction, the final input matrix X comprised 19 features per patient
(12 original variables + 7 engineered features).

Table 3.2: Summary of all features in the final input matriz (19 features)

Feature Name Type Origin
Age (years) Continuous Original
Sex (M/F) Categorical Original
Weight (kg) Continuous Original
Body diameter (mm) Continuous Original
kVp Discrete Original
mAs Continuous Original
Scan length (cm) Continuous Original
Slice thickness (mm) Discrete Original
Manufacturer (GE/Siemens) | Categorical Original
age_ sens Continuous Engineered
sex_ factor Continuous Engineered
radiosens score Continuous Engineered
age_ x_diam Continuous Engineered
weight_ x_scan Continuous Engineered
body area cm? Continuous Engineered
kvp bin Binary (0/1) | Engineered
age_ group Ordinal (0-3) | Engineered
GE_ flag Binary (0/1) | Engineered
Siemens flag Binary (0/1) | Engineered
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3.3.1 Radiation Risk Label Generation

A composite risk score was computed as:

Risk Score = DLP x age sens x sex_ factor (3.6)

This formulation integrates the physical dose delivered (DLP) with the individual
biological sensitivity of the patient. The resulting distribution of risk scores was then
thresholded at the 33rd and 66th percentiles to generate three balanced risk classes:

« Low risk: Risk Score < Ps3 (bottom 33% of the distribution)
o Medium risk: P;3 < Risk Score < Py (middle 33% of the distribution)

« High risk: Risk Score > Pys (top 33% of the distribution)

This ICRP-consistent, data-adaptive labeling strategy avoids reliance on arbitrary
fixed thresholds and ensures approximately equal class representation (33% per class),
which is important for balanced classifier training.
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Figure 3.2: Overview of dataset characteristics for the pediatric cohort: (a) age
distribution, (b) sex distribution, (c) CTDIvol distribution, (d) DLP distribution, (e)
CTDIvol vs. Age by risk level, (f) DLP vs. Weight by risk level, (g) feature correlation
matriz, (h) risk label distribution, and (i) CTDIvol by age group.
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3.3.2 Data Splitting and Preprocessing

The dataset was partitioned into a training set (80%, n = 287) and a test set (20%, n
= 72) using stratified sampling based on pediatric age groups. Stratification was applied
to ensure proportional representation of all four developmental stages in both subsets,
preserving the statistical characteristics of the full cohort.

Feature scaling was applied exclusively for the SVM and MLP algorithms, both of
which are sensitive to feature magnitude differences. A RobustScaler was used rather
than the standard MinMaxScaler or StandardScaler. The RobustScaler removes the
median and scales the data according to the interquartile range (IQR), making it more
resistant to outliers compared to other scaling methods. This is a clinically important
property given that pediatric dose data can include extreme values associated with very
small infants or obese adolescents. Tree-based models (RF, GB) received the unscaled
feature matrix, as they are invariant to monotonic transformations of the input features.
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Figure 3.3: Train-test split performed on age groups: distribution of Infant and Child
samples in our experiment

3.3.3 Model Architectures

Four supervised learning algorithms were implemented and trained for both the
regression and classification tasks:

Random Forest (RF)

An ensemble of 300 decision trees, each trained on a bootstrapped sample with random
feature subspace selection at each split. Key hyperparameters: max_depth=12, min_-
samples_split=4, min_samples_leaf=2. The ensemble averages predictions across all
trees for regression and uses majority voting for classification.

Gradient Boosting (GB)

An additive boosting ensemble of 300 shallow trees (max_depth=5), trained sequentially
to minimize the residual error of the previous stage. Key hyperparameters: learning -
rate=0.05, subsample=0.8 (stochastic gradient boosting). The reduced learning rate
and subsample ratio together serve as regularization mechanisms.
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Support Vector Machine / Regression (SVM/SVR)

An RBF-kernel SVM with C' = 100 for regression (¢ = 0.1) and C' = 10 for classification.
The high regularization parameter reflects the moderate dataset size and the relatively
smooth dose-feature relationship expected from physical principles.

Multi-Layer Perceptron (MLP)

A feed-forward neural network with three hidden layers of 128, 64, and 32 neurons
respectively, using ReLU activation, the Adam optimizer, and a learning rate of
0.001. Early stopping (patience=25 iterations without validation loss improvement) was
implemented to prevent overfitting, with 10% of the training data held as an internal
validation set.

3.3.4 Evaluation Metrics and Cross-Validation Protocol

Model evaluation was performed on the held-out test set using the following metrics:

« Regression: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),
and Coefficient of Determination (R?).

« Classification: Accuracy, Precision (macro-averaged), Recall (macro-averaged),
and Fl-score (macro-averaged), supplemented by per-class confusion matrices and
full classification reports.

Additionally, 5-fold cross-validation on the training set was performed for all models
to assess variance in performance and detect potential overfitting. Permutation-based
feature importance analysis was conducted post-training to identify the most influential
predictors.

Table 3.3: Summary of input features and target variables used in the ML pipeline.

Variable Type Range / Categories Role in Model
Age (years) Continuous 0-16 Input feature
Sex Categorical M/F Input feature
Weight (kg) Continuous 3-80 Input feature
Body diameter (mm) | Continuous 124 — 245 Input feature
kVp Discrete 80 / 100 / 120 Input feature
mAs Continuous 20 — 450 Input feature
Scan length (cm) Continuous 8 — 45 Input feature
Slice thickness (mm) Discrete 1.0 /20/3.0 Input feature
Manufacturer Categorical GE / Siemens Input feature
CTDIvol (mGy) Continuous — Regression target A
DLP (mGy - cm) Continuous — Regression target B
Radiation Risk Ordinal | Low / Medium / High | Classification target
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3.4 Implementation Framework

In this section we describe the technical environment in which our system was built
and executed, including the programming language, development tools and libraries used
throughout the implementation.

Hardware Configuration

To implement our system, we used a combination of computing environments. Initially,
the dataset was downloaded and preliminary code development was carried out using a
university computer. Subsequently, we used a personal laptop for further development
and testing. Table 3.4 summarizes the specifications of the personal laptop, while the
university computer provided similar or higher computational capabilities with access to
institutional storage and networking resources.

Table 3.4: Personal laptop hardware specifications (HP EliteBook 840 G5)

Component Specification

Personal Computer HP EliteBook 840 G5

Processor Intel(R) Core(TM) i7-7600U @ 2.80 GHz (up to 2.90 GHz)
RAM 16.00 GB

Hard Drive 238 GB SSD

Graphics Intel UHD Graphics 620 (128 MB)

Operating System  Windows 11 Pro (21H2)

3.5 Development Language and Tools

This section outlines the programming language and tools used to implement and
evaluate the proposed CT dose optimization and radiation risk assessment system.

Python

Python is a high-level, object-oriented, interpreted programming language with
dynamic semantics, first released in 1991. It is extremely attractive for rapid application
development and for use as a scripting or glue language to join pre-existing components
because of its high-level built-in data structures, dynamic typing, and dynamic binding.
Python’s easy-to-learn syntax prioritizes readability, which lowers software maintenance
costs [46]. Python’s strengths for machine learning are its readability, simplicity, and
abundance of libraries. With frameworks like scikit-learn, TensorFlow, and PyTorch,
Python makes it simple to implement complex machine learning algorithms, and its
rich ecosystem of data manipulation and visualization tools (like Pandas and NumPy)
speeds up model development and experimentation. Additionally, Python has a robust
community that ensures ongoing innovation and resources for addressing a variety of
machine learning problems [46].
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Anaconda

Anaconda is a complete platform for data science and statistical analysis that includes
Python along with a number of libraries and tools for data analysis, MLOps, model
management, and software development, including Jupyter Notebook, which requires no
prior setup. This is the reason we chose to use Anaconda on both the university computer
and the personal laptop [47].

) ANACONDA.

AT

Figure 3.4: Anaconda Logo

PyTorch

PyTorch is an open-source deep learning framework created by Meta Al. It offers a
versatile and efficient platform for creating and training neural networks with the help
of dynamic computation graphs and powerful GPU acceleration. PyTorch’s performance
and ease of use have contributed to its adoption in both academia and industry [48]. In
this study, PyTorch was used to implement the Multi-Layer Perceptron (MLP) model.

PIL and Pillow

PIL (Python Imaging Library) is the original Python library for opening, modifying, and
storing a wide variety of image file formats [49]. Pillow is a modern fork of PIL, providing
extensive support for image processing operations such as loading, manipulating, and
saving images in various formats [50]. It is compatible with Python and integrates easily
with popular libraries like NumPy and PyTorch [50]. These libraries were used to extract
anatomical features from DICOM images during preprocessing.

NumPy

NumPy is an open-source project that makes it possible to use Python for numerical
computation. It was developed in 2005, expanding upon the earlier work of the Numeric
and Numarray libraries. By consensus of the NumPy and larger scientific Python
community, NumPy is developed publicly on GitHub [51]. In this work, NumPy was used
extensively for array operations and mathematical computations (e.g., dose formulas).

Scikit-learn (sklearn)

One of the most useful machine learning packages in Python is the scikit-learn library,
which offers a variety of powerful methods for statistical modeling and machine learning
[52]. Regression, classification, clustering, and dimensionality reduction are some of these
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methods [52]. In this study, scikit-learn was used to implement Random Forest, Gradient
Boosting, and Support Vector Machine models, as well as for data splitting, feature
scaling (RobustScaler), and evaluation metrics (MAE, RMSE, R2, accuracy, precision,
recall, Fl-score).

Pydicom

Pydicom is a pure Python package for parsing DICOM files [53]. It allows easy extraction
of metadata and pixel data from medical imaging files [53]. This library was essential
for processing the Pediatric-CT-SEG dataset and extracting parameters such as tube
voltage (kVp), tube current (mA), exposure time, scan length, and body diameter from

the DICOM headers [54].

Matplotlib and Seaborn

Matplotlib and Seaborn are Python libraries for data visualization [55][56]. They were
used in this work to plot training curves (loss vs. epochs), feature importance graphs,
dose distribution histograms, and comparison charts between predicted and actual dose
values.

OS, Glob, and Shutil

The built-in Python libraries os, glob, and shutil were employed to navigate the directory
structure of the Pediatric-CT-SEG dataset [54], to recursively search for DICOM files,
and to organize preprocessed image files into structured folders.

TQDM

TQDM (TaQuiD Mi) is a Python library that generates progress bars for loops and long-
running operations [57|. It was utilized in this study to monitor feature extraction from
thousands of DICOM slices and to track training epochs in an interactive manner.

3.6 Results and Discussion

3.6.1 Regression Task: CTDIvol and DLP Prediction

Performance Metrics Overview

To evaluate model accuracy in predicting the two primary dose metrics (CTDIvol and
DLP), several statistical measures were employed: the coefficient of determination (R?),
mean absolute error (MAE), and root mean square error (RMSE). Table 3.5 summarizes
the performance of the four models (Random Forest, Gradient Boosting, SVM, MLP) on
the test set.

The Gradient Boosting model has an advantage over all other models as it yields
better results such as R? value of the CTDIvol being 0.9825, R? value of the DLP being
0.9424 along with the least amount of error metrics regarding MAE and RMSE in the
predictions of DLP. The SVM model was able to predict well for CTDIvol with R? of
0.9804 and MAE being 0.873 mGy but did not successfully learn from the complexity of
the relationship with DLP, indicating that the SVM model can be very sensitive to the
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Table 3.5: Performance metrics of the four models for CTDIvol and DLP prediction

Algorithm CTDlIvol (mGy) DLP (mGy - cm)
R? MAE RMSE  R? MAE RMSE
Random Forest 0.9662 1.692 2973 0.9029 1404 226.8
Gradient Boosting 0.9825 1.176 2.139 0.9424 106.6 174.6
SVM 0.9804 0.873 2.263 0.6545 261.3 427.6
MLP 0.9556 1.204 3.411 0.9399 125.1 1784

distribution and nature of the sample data set. The high level of accuracy associated
with the Gradient Boosting and Random Forest algorithms is due to their ability to learn
and account for the non-linear relationships and interactions between all variables (i.e.,
weight, age, kVp and mAs), which is reflective of how these factors are known to affect
radiation dose in computed tomography.

Actual vs. Predicted Plots

The scatter plots (Figures 3.5 and 3.7) illustrate the relationship between the actual and
predicted values for each model. Points clustered around the ideal fit line (y = x) reflect
model accuracy. The SVM model shows less scatter for lower CTDIvol values, while
the MLP model tends to vary for higher values. For DLP, the Gradient Boosting model
exhibits the closest convergence, while SVM shows scattered points far from the ideal
line, confirming its poor performance in this task. These plots confirm that tree-based
and boosting models are the most suitable for this problem.
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Random Forest Gradient Boosting
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Figure 3.7: Comparative Performance of Machine Learning Models for DLP Prediction
in Pediatric CT Scans

3.6.2 Classification Task: Radiation Risk Stratification

Risk Label Generation

Patients were stratified into three risk categories (Low, Medium, High) based on a
calculated Risk Score defined as (DLP x age-sensitivity factor x sex factor). This
method, grounded in International Commission on Radiological Protection (ICRP)
recommendations, accounts for variations in radiosensitivity across age groups and sexes,
resulting in a relatively balanced distribution of classes (Low: 119, Medium: 118, High:
122 patients), which is essential for effective classifier training.

Classifier Performance Comparison

Table 3.6 summarizes the performance of the four classification algorithms for the risk
stratification task.

The MLP model demonstrates a significant advantage across all metrics, surpassing
tree-based and traditional machine learning models. The high F1-Score (0.8723) indicates
that the model achieves an excellent balance between precision and recall. The SVM
model ranks second, while Random Forest shows the lowest performance. This suggests
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Table 3.6: Performance Comparison of Classification Algorithms

Algorithm Accuracy Precision Recall F1-Score
Random Forest 0.7222 0.7414  0.7222  0.7268
Gradient Boosting  0.7778 0.7859  0.7778  0.7803
SVM 0.8472 0.8568  0.8472  0.8491
MLP 0.8750 0.8765  0.8750  0.8723

that the nature of the decision boundaries for risk categories may be more complex
(potentially non-linear and non-convex) than what tree-based models can capture, while
being effectively modeled by the MLP.

Confusion Matrix Interpretation

Figure 3.8 presents confusion matrices for four classifiers (Random Forest, Gradient
Boosting, SVM, and MLP) across three risk classes: High, Medium, and Low.

Random Forest shows the weakest performance: it correctly identifies only 19 out
of 29 High cases (65.5%), misclassifying 8 as Medium and 2 as Low — both are clinically
dangerous errors. It also confuses 4 Low cases as Medium and 1 Low as High.

Gradient Boosting improves High-class accuracy (22/27 correct, 81.5%), with 5
High—Medium errors and no High—Low errors. It also correctly classifies all Medium
cases (17/17) without Medium—High errors.

SVM matches Gradient Boosting in High-class performance (22/27 correct, 5
High—Medium errors) but outperforms it in Medium-class accuracy (20/20 correct) and
Low-class accuracy (19/22 correct, 86.4%). SVM makes only 1 Low—High error, which
is less dangerous than missing a High case.

MLP is the best-performing model from a clinical safety perspective: it correctly
classifies 26 out of 27 High cases (96.3%), with only one High—Medium error and no
High—Low errors. Low and Medium classes show minimal confusion (1-3 errors each).

Random Forest Gradient Boosting

Figure 3.8: Comparative Confusion Matrices of Machine Learning Models for
Personalized Radiation Risk Classification in Pediatric CT

3.6.3 Protocol Recommendation ALARA Principle

The kVp recommendation logic follows a two-dimensional look-up strategy indexed by age
group and predicted risk level, as depicted in the heatmap panel of Figure 3.9. Specifically:

o for infants (0-1 year): 80 kVp is assigned for Low and medium risk and 100 kVp for
High risk;
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o for young children (2-5 years): 80 kVp is assigned for Low risk, and 100 kVp for
Medium and High risk;

o for school-age children (6-10 years): 100 kVp is uniformly applied across all risk
levels; and

o for adolescents (11-16 years): 100 kVp is applied for Low and Medium risk,
escalating to 120 kVp for High risk to maintain adequate image contrast in larger
anatomical cross-sections.

This graduated kVp assignment is grounded in the well-established inverse relationship
between tube voltage and photon beam attenuation: lower kVp settings increase
photoelectric absorption contrast, benefiting small-diameter patients at the cost of higher
skin dose, while higher kVp reduces dose-per-mAs but requires higher current to maintain
SNR. The 80 kVp protocol for low-risk infants and young children is consistent with
European guidelines (EC Publication No. 185) and published paediatric CT optimisation
studies.

The mAs recommendation is derived from an ALARA-adjusted median protocol: the
function clinical inference() queries the training dataset for similar patients (within
+2 years of age and £30% of weight) to extract a reference median mAs. For High-risk
patients, a mandatory 15% reduction is applied to this reference value in accordance with
iterative reconstruction capability assumptions, yielding the recommended mAs as:

mAs,.. — {0.85 X MASeference  (High risk) (3.6)

MAS eference (Low or Medium risk)

This 15% reduction margin was selected to balance dose reduction with the minimum
acceptable signal-to-noise ratio threshold for paediatric abdominal CT, as endorsed by
the American College of Radiology Dose Index Registry. The central panel of Figure 3.9
superimposes three curves: the actual CTDIvol values sorted by patient index, the
Gradient Boosting predicted values, and the ALARA-optimised projection (—15% for
High-risk patients). The close tracking between actual and predicted confirms the model
fidelity, while the ALARA curve demonstrates a meaningful dose reduction potential: at
the highest dose cases (patient indices 60-72), the ALARA-optimised CTDIvol is reduced
by 4-15 mGy compared to current practice, representing a clinically significant reduction
in stochastic risk for adolescent patients.
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Figure 3.9: Three-panel visualization of the ALARA-based protocol recommendation
system: (left) mean mAs by age group and risk level; (center) comparison of actual
CTDlvol, Gradient Boosting predictions, and ALARA- optimized projections (—15group
and risk level.
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Clinical Inference Case Studies

An interactive clinical testing interface was implemented using the Gradient Boosting
model, identified as the best-performing regressor from earlier comparative analysis (R?
= 0.9424 for DLP, low MAE/RMSE). The interface allows adjustment of key patient
parameters — age, sex, weight, auto-estimated diameter, and scanner type. For a
representative test case (9-year-old male, 24 kg, estimated diameter 200 mm, GE scanner),
the model predicted a CTDIvol of 10.83 mGy, DLP of 383.0 mGy - cm, and effective dose
of 5.75 mSv. The corresponding ALARA-based protocol recommendation (kVp = 100,
mAs = 57) was generated automatically. This interactive tool demonstrates the clinical
deployability of the Gradient Boosting model, enabling real-time, patient-specific dose
predictions with integrated risk assessment (low radiation risk, age sensitivity factor).

% Patient Parameters

Age (years) 9
Sex
® Male
) Female

Weight (kg) 24.0
Auto-estimate diameter Diameter (mm) 200
Scanner

GE Siemens

Figure 3.10: Clinical interface: patient input parameters
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CTDIvol: 10.83 mGy ldl DLP: 383.0 mGy-cm & Eff. dose: 5.75 mSv

RADIATION RISK

. Low @ Riskscore: 766 Age sensitivity; 2.0x Y Sex factor; 1.0=

RECOMMENDED PROTOCOL (ALARA)
kVp: 100 Fl mAs: 57
B Standard ALARA

Figure 3.11: Clinical inference output: dose predictions (CTDIvol, DLP, effective
dose) and ALARA-based protocol recommendation
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3.6.4 Limitations

« Sample Size and Generalizability: The dataset (n=359) is modest for training
neural networks, potentially contributing to the MLP’s slightly higher cross-
validation variance.

o Limited Scanner Diversity: Data from only two scanner manufacturers (GE,
Siemens) limits the direct generalizability of the model to other vendors without
retraining or adaptation.

» Surrogate Endpoints: The study uses dose metrics (CTDIvol, DLP) and a
calculated risk score as endpoints, not actual patient outcomes.

o Missing Image Quality Metric: The model lacks a noise-to-dose trade-off
measure; a truly ALARA-compliant tool requires an integrated measure of image
quality.

3.7 Conclusion

This chapter presented a complete methodological framework for predicting CT radiation
dose metrics and risk stratification using machine learning. A dataset of pediatric
CT examinations was processed to extract relevant features, and four models were
developed and evaluated alongside traditional baselines. The results demonstrated that
tree-based and boosting models excelled at regression tasks, capturing the non-linear dose-
feature relationships expected from physical principles. For the three-level radiation risk
classification task, the MLP achieved the best overall performance. Feature importance
analysis revealed that mAs, kVp, and patient diameter were the most influential predictors.
The integration of these models into an ALARA-based protocol recommendation system
was also explored. While several limitations were identified and discussed, the proposed
approach provides a solid foundation for developing a patient-specific clinical decision
support system for dose optimization.
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General Conclusion

This thesis aimed to develop a machine learning framework for optimizing CT radiation
dose and enabling personalized radiation risk assessment in compliance with the ALARA
principle. A comprehensive pipeline was established to predict dose metrics (CTDIvol,
DLP) and stratify patients into three risk categories (Low, Medium, High) using patient-
specific features (age, sex, weight, body diameter, scanner parameters) combined with
ICRP-based radiosensitivity factors.

A review of the literature (2015-2025) revealed that most Al approaches focus on post-
scan image denoising or isolated dose prediction, with limited integration of cumulative
radiation risk or prospective (pre-scan) protocol recommendations. In response, our work
proposes a prospective, risk-informed system combining tree-based regressors for dose
prediction and a Multi-Layer Perceptron (MLP) for risk stratification.

Experimental results on a pediatric CT dataset of 359 patients demonstrated strong
performance. The Gradient Boosting model achieved an R? of 0.9825 for CTDIvol and
0.9424 for DLP, while the MLP attained 87.5% accuracy and an Fl-score of 0.8723 for
risk classification. Feature importance analysis confirmed that mAs, kVp, and patient
diameter are the most influential predictors. These findings compare favorably with prior
studies by integrating radiosensitivity and prospective protocol logic, thereby addressing
a key gap in the literature.

However, several limitations are acknowledged. The dataset size (n=359) is modest,
data from only two scanner manufacturers (GE, Siemens) limits generalizability, the study
relies on surrogate endpoints (CTDIvol, DLP) rather than actual patient outcomes or
image quality metrics, and the absence of a noise-to-dose measure prevents full ALARA
compliance.

To address these limitations, the following solutions are proposed:

o Data expansion to include more patients (2,000-3,000), multiple centers, and
additional scanner vendors (Canon, Philips) through collaborative initiatives like
TCIA.

o Integration of image quality metrics (SNR, CNR) via multi-task learning to
enable explicit dose-quality optimization.

e Clinical deployment as a CDS tool integrated into radiology workflow, providing
pre-scan kVp/mAs recommendations and risk classification.

o Cumulative dose tracking to adjust scan objectives based on lifetime attributable
risk (LAR), validated through prospective cohort studies.

» Integration of explainability methods (SHAP, LIME) to enhance clinical trust
and transparency.
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General Conclusion

In conclusion, this thesis demonstrates that a machine learning pipeline combining
tree-based regressors and a neural network can effectively predict CT dose and personalize
radiation risk in a pediatric population. While current limitations related to sample
size, scanner diversity, and missing image quality metrics preclude immediate clinical
deployment, the proposed framework establishes a solid foundation. By systematically
addressing these gaps, the system can evolve into a clinically robust, ALARA-compliant
decision support tool that enhances patient safety without compromising diagnostic
confidence.
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