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ABSTRACT OF THE DISSERTATION

Image quality metrics as a basis for characterizing and predicting CT protocol-induced variation

in quantitative imaging

by

Morgan Allison Daly

Doctor of Philosophy in Physics and Biology in Medicine

University of California, Los Angeles, 2026

Professor Michael McNitt-Gray, Chair

Quantitative imaging in CT promises objective descriptors of disease from medical images,

but clinical translation is limited by sensitivity to CT acquisition and reconstruction protocol. The

same object imaged under different scanner models, reconstruction kernels, or dose levels can yield

substantially different measurements, and for the texture features that carry much of radiomics’

discriminative value, this protocol-induced variation can rival or exceed the biological differences

of interest. The same dependence undermines deep learning models, whose performance often

falls on data acquired outside the training distribution. Existing responses largely seek to reduce

a biomarker’s sensitivity to protocol, through harmonization, standardization, or stability-based

feature selection. This dissertation takes a complementary approach: rather than reduce protocol

sensitivity, it characterizes and predicts it in terms of physical, quantitative image quality metrics.
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To enable this, an open-source CT texture phantom with 3D-printed modular inserts was de-

signed and manufactured, producing distinct and reproducible radiomic signatures. The phantom

was scanned together with an image quality phantom across 170 protocols spanning four scanner

models from two vendors, pairing measurements of three-dimensional image quality (MTF, NPS,

NEQ, and CNR) with radiomic texture features extracted under identical conditions. Analysis of

this dataset established that texture features respond systematically to fundamental image quality

characteristics, with relationships largely consistent across different physical textures. Regression

models were then developed to predict radiomic feature values from image quality metrics. Fi-

nally, the framework was extended to a convolutional neural network classifying lung nodules,

trained and evaluated across reconstruction kernels. The change in classifier performance was

predictable from a single phantom-derived resolution metric, and a model fit on one scanner

retained much of its accuracy when transferred to an unseen scanner, providing initial evidence

that protocol-induced performance degradation can be anticipated from phantom measurements

alone.

By describing protocol sensitivity in vendor-neutral physical terms, this work moves toward

defining the range of CT conditions over which a quantitative imaging biomarker can be reli-

ably applied, an imaging inclusion criterion expressed in measurable image quality rather than

manufacturer labels, and toward predicting prospectively where such models would fail on out-

of-distribution clinical data.
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1 Introduction

1.1 Motivation

There is substantial interest in the development of quantitative imaging biomarkers, which have

the potential to improve diagnostic precision, consistency, and standardization [1]. Radiomic fea-

tures are quantitative descriptors of intensity, texture, and shape extracted from regions of interest

within an image, and have shown potential as objective, reproducible measures of disease status

and progression [2], [3], [4]. More recently, deep neural networks have emerged as a promising

approach for image-derived quantitative imaging, with the potential to automate diagnostic tasks

and capture image properties beyond what is accessible to either human observers or traditional

computer vision approaches [5]. Of particular interest is computed tomography (CT) imaging,

which reports X-ray attenuation on a calibrated scale relative to water (Hounsfield units), making

it an inherently quantitative imaging modality [6].

Despite this promise, quantitative imaging biomarkers have translated slowly into clinical

practice. Radiomic feature values have been shown to vary substantially across CT scanner

models, reconstruction kernels, and dose levels [7], [8], [9], [10], [11], [12]. For the texture

features that carry much of radiomics’ discriminative promise, this protocol-induced variation can

be comparable to or larger than the variation across a tumor population, such that an apparent

difference between two patients may reflect the imaging protocol rather than the underlying

1



biology [13].

The same protocol sensitivity affects deep-learning-based quantitative imaging models. Al-

though deep learning models often achieve strong performance on internal test data, this perfor-

mance is rarely replicated on external datasets acquired with different protocols or at different

institutions. Zech et al. reported that a pneumonia detection model dropped from an AUC of

0.93 on internal data to 0.82 on external data [14]; Wang et al. found that three published

mammogram classification CNNs lost between 0.23 and 0.51 AUC across three external test

sets [15]; and a systematic review by Yu et al. found that 24% of radiologic deep learning models

with external validation reported a performance drop of at least 0.10 [16]. This phenomenon,

known as acquisition shift, parallels the protocol sensitivity of handcrafted features: in both cases,

the measurement depends on how the image was made, and that dependence undermines the

biomarker’s clinical use.

Acquisition shift is a particular form of dataset shift in which the distribution of image in-

tensities changes because of differences in scanner hardware, acquisition settings, reconstruction

algorithms, or patient positioning rather than differences in disease prevalence [17]. Unlike many

sources of dataset shift, acquisition shift is often measurable and arises from known physical

changes to the imaging system.

Standardizing CT protocols to address this problem is not fully achievable. While some efforts

have been made to develop carefully standardized CT imaging protocols for clinical trials, such

as the National Lung Screening Trial (NLST) [18], and the Subpopulations and Intermediate

Outcome Measures in COPD Study (SPIROMICS) [19], protocols are generally the product of

2



vendor suggestion, local radiologists’ familiarity with the clinical literature or personal preferences

on image appearance [20]. This large degree of variation observed in clinical practice was re-

ported as part of an analysis of the data collected by the Medical Imaging and Data Resource

Center (MIDRC) [21], [22]. The Quantitative Imaging Biomarkers Alliance publishes protocol

recommendations for this purpose, but have thus far been limited to volumetry applications [23].

Compounding this, scanner platforms differ fundamentally in detector design, beam filtration, and

especially reconstruction kernels and algorithms, the definitions of which are largely proprietary, so

there does not exist a straightforward way to select a protocol to match the image characteristics

of another.

Existing work has largely sought to reduce a biomarker’s sensitivity to protocol variations by

using methods such as retrospective harmonization, image-domain correction, or stability-based

feature selection. In this work, rather than reduce protocol sensitivity, we seek to characterize and

predict CT protocol-induced variation in quantitative imaging using physical, scanner-independent

measurements of image quality as a basis

1.2 Objective measurement of image quality in CT

Protocol parameters such as tube current, reconstruction kernel, and slice thickness influence im-

age appearance through their effects on a relatively small number of fundamental image quality

characteristics. Rather than describing protocols by vendor-specific acquisition and reconstruc-

tion settings, these physical characteristics provide a common, scanner-independent language for
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describing the resulting images.

Objective image quality measurements provide a way to quantify these characteristics. In CT,

image quality is primarily characterized in terms of spatial resolution, noise, and contrast, which

together determine the visibility of anatomical structures and lesions.

1.2.1 Spatial resolution

Spatial resolution describes the ability of a CT system to distinguish small or closely spaced

objects, and is determined by factors including the detector characteristics, focal spot size, image

reconstruction, and pixel size [24]. Higher spatial resolution preserves finer anatomical detail,

whereas lower spatial resolution results in increased blurring and loss of small structures.

The modulation transfer function (MTF) provides a quantitative description of spatial reso-

lution [25], [26]. Defined as the magnitude of the Fourier transform of the point spread function,

the MTF describes how object contrast is transferred as a function of spatial frequency.

Reconstruction kernels directly influence the MTF: smoother kernels attenuate high spatial

frequencies, producing blurrier images with lower spatial resolution, whereas sharper kernels pre-

serve higher spatial frequencies, improving the visibility of fine detail at the expense of increased

image noise. The relationship between image appearance and the MTF is illustrated in Figure 1.1.
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Figure 1.1: Comparison between low resolution (left) and high resolution (right) CT images and
their corresponding MTFs (below). Reproduced from [27].

1.2.2 Image noise

Image noise in CT arises primarily from the finite number of detected X-ray photons, making its

magnitude strongly dependent on the radiation dose. The image reconstruction process introduces

spatial correlations in the noise, so neighboring pixels exhibit similar fluctuations rather than

independent random variations, producing the characteristic textured appearance of CT noise [24].
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Noise is commonly summarized as the standard deviation of pixel values within a uniform

region, but this scalar describes only the magnitude of the fluctuations and not their spatial

structure. Two images with the same pixel standard deviation can differ markedly in appearance

depending on how the noise power is distributed across spatial frequencies. The noise power spec-

trum (NPS) captures this distribution, characterizing both the magnitude of the noise, through

its integral, and its texture, through its shape.

The NPS is defined as the Fourier transform of the spatial autocovariance of image noise,

and describes how noise variance is distributed across spatial frequencies [28]. Reconstruction

kernels act directly on the NPS: smoother kernels suppress high-frequency noise and shift noise

power toward lower spatial frequencies, producing coarser noise, while sharper kernels retain high-

frequency power and produce finer-grained noise. The relationship between noise appearance and

the NPS is illustrated in Figure 1.2.

1.2.3 Limitations of image quality measurement

The image quality measurements described above are well-posed for linear, shift-invariant systems.

They are well-established and applicable for conventional filtered backprojection reconstruction,

which is analytical. In this case, the MTF is independent of the object being imaged, so a single

measured MTF characterizes the response to any input.

The introduction of iterative reconstruction, and more recently deep-learning reconstruction,

complicates their use, because these methods are strongly nonlinear. In this nonlinear case, a
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Figure 1.2: Illustration of the relationship between image noise appearance (a) and the corre-
sponding NPS curves (b). The curves in (b) describe the noise power spectra of the image regions
in (a). Moving up the rows, increasing noise magnitude in image space corresponds to increasing
NPS amplitude in frequency space; moving across the columns, finer noise texture in image space
corresponds to a shift of noise power toward higher spatial frequencies. Reproduced from [27].

measured MTF no longer represents the response to an arbitrary input object, and the system

resolution becomes dependent on object contrast and background noise level. The NPS likewise

becomes dose- and contrast-dependent [29]. Task-based metrics have been proposed that partially

address this, but no single measurement fully characterizes a nonlinear system [30].

1.3 Approaches to protocol-induced variation

There has been substantial work in response to the protocol-induced variation described in Sec-

tion 1.1, which we termed acquisition shift. Most of these approaches aim to reduce a biomarker’s

sensitivity to imaging conditions: improving model generalizability across domains, standardizing
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protocols at their source, selecting features that are stable across protocols, and correcting feature

values after acquisition.

1.3.1 Improving generalizability

This problem has motivated substantial research on out-of-distribution (OOD) generalization, or

domain generalization [31], [32]. Given access only to data from the available domains during

training, the goal of OOD generalization is to maintain model performance across a broader set

of domains, including unseen ones [33], most commonly by encouraging models to learn feature

representations that are invariant across domains [34], [35].

These methods can extend the range of conditions a model tolerates, but they do not guar-

antee performance on an arbitrary unseen protocol. For the goal of developing clinically useful

machine learning applications, generalizability has been criticized as overemphasized compared to

improved understanding of whether a system will be useful in a given, specific case [36].

1.3.2 Standardization

As discussed in Section 1.1, standardization is not widely used in clinical practice outside of specific

clinical trials, and consensus recommendations. As protocols are not directly comparable across

vendors, developing these recommendations is not straightforward, and even a “within-standard”

protocol on one scanner does not reproduce the image characteristics of another exactly. While

standardization is an important approach to mitigate acquisition shift at the source, it has thus
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far proven challenging to implement widely.

1.3.3 Stability-based feature selection

A common response to protocol-induced variation in radiomics studies is to retain only those

radiomic features that are reproducible under the conditions of interest, discarding the rest before

any modeling. The premise is that a biomarker built from features insensitive to protocol will

itself be robust to protocol.

However, that a feature is sensitive to protocol does not imply that the feature is not infor-

mative or discriminative. Filtering on stability therefore may discard information relevant to the

prediction task. Additionally, no feature is robust without bound. Protocol variation can always

be taken to a regime in which any feature degrades; at the limit of vanishing dose, for instance,

the image is dominated by noise and no feature can remain stable, as there is no longer a signal

to measure. Robustness is thus not an intrinsic property of a feature but a statement about the

range of conditions over which it holds.

This motivates characterizing how features respond to image quality, rather than filtering on

whether they respond at all.

1.3.4 Correction and harmonization

Alternatively, normalization and harmonization techniques can be applied retrospectively. ComBat

and its derivatives have provided an approach to harmonize feature values across a cohort of
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patients scanned with different protocols[37], [38], [39]. However, it is not directly applicable to

standardizing feature values for individual patients scanned across different settings.

Deep learning techniques have been proposed to convert images between different recon-

struction kernels or to synthetically generate images with different technical parameters [40],

[41]. While these approaches have shown promise in reducing feature variability, they suffer from

a lack of interpretability and artifacts that may not be appropriate for all clinical applications

(e.g., clinical trials). Furthermore, the generalization of these models to unseen protocols and

scanner types remains a challenge [14], [15].

Physical metrics such as MTF and NPS have been proposed as a basis for harmonization

through prospective protocol selection as a way of reducing variation in radiomic features across

scanner models [42], [43]. These metrics have also been proposed as a basis for analytically

predicting and correcting protocol-induced variation in radiomic features. In this framework,

MTF and NPS serve as quantitative inputs that characterize the resolution and noise state of

each imaging condition, enabling feature-level corrections that are grounded in the underlying

physics rather than dependent on categorical protocol labels [44], [45].
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1.4 Characterizing and predicting protocol-induced

variation

The approaches of Section 1.3 all aim to reduce protocol sensitivity. A prior question, however,

is whether that sensitivity can be characterized at all, in terms general enough to predict how a

given biomarker will behave under a protocol it has not yet encountered.

A small number of studies have begun to relate radiomic feature behavior to physical image

quality metrics rather than categorical protocol labels. Zarei et al. builds regression models

relating radiomic feature stability to MTF- and NPS-derived metrics across simulated imaging

conditions, and used these models prospectively to recommend protocol settings that minimize

feature variation in lung nodule volumetry [46]. This direction is encouraging: it establishes that

radiomic feature behavior is structured enough in image-quality space to support quantitative

modeling, and that physical image quality metrics provide a more general basis for that modeling

than categorical protocol descriptors.

However, this approach depends on a ground truth reference. While this framing can be

applied to morphological features, it does not extend to texture features. A simulated nodule

has a true volume, surface area, and sphericity computable from its geometry, independent of

imaging; texture features are a property of the realized image and thus do not have a well-posed

ground truth value. Additionally, as morphological features are computed from a segmentation

mask, their protocol sensitivity acts through the segmentation boundary. Thus, any impact of

protocol on morphological features is indirect, as it is mediated by the segmentation approach
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(whether manual or automated).

1.5 Specific aims

To address these limitations, we propose an approach for predicting the variability of QIF val-

ues across different CT protocols based on measurable image quality metrics. By quantifying

the relationship between protocol differences and QIF robustness in terms of fundamental image

quality characteristics, rather than with categorical protocol labels, we aim to develop general-

izable models that can predict the expected performance of imaging biomarkers across a wide

range of CT acquisition and reconstruction conditions. This physics-based approach leverages the

inherent link between image quality metrics and the perceptual and quantitative characteristics

of the resulting images.

By quantifying the relationship between protocol differences and imaging biomarker robustness

in terms of fundamental image quality characteristics, such as spatial resolution, noise, and

contrast, we aim to develop generalizable models that can predict the expected performance of

these tools across a wide range of CT acquisition and reconstruction conditions.

We propose three specific aims:

Specific Aim 1: Characterize the relationships between radiomic texture feature values and

measured image quality metrics across CT protocols.
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Specific Aim 2: Predict the variation in radiomic texture feature values between CT protocols

from measured image quality metrics.

Specific Aim 3: Predict the variation in CNN classification performance between CT protocols

from measured image quality metrics.

The significance of this work lies in the potential to facilitate the clinical adoption of quan-

titative imaging by providing a means to ensure reliable performance in the face of real-world

heterogeneity in CT protocols. The successful development of such models would enable the

definition of “imaging inclusion criteria” to identify the range of CT protocols over which a given

imaging biomarker can be reliably applied, thereby facilitating its translation into clinical practice.

Moreover, this range of CT protocols would be agnostic to scanner model or manufacturer, as it

would be defined in terms of image quality features measurable with any CT scanner. This would

be a significant step towards addressing the challenge of silent failure of quantitative imaging

models on out-of-distribution clinical data.
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Clinical reality

Dissertation aims

Problem:
CT protocol-induced variation

Impact on images

Aim 1: 
Characterize the relationships 
between radiomic texture feature 
values and measured image quality 
metrics across CT protocols.

Aim 2: 
Predict the variation in radiomic 
texture feature values between 
CT protocols from measured 
image quality metrics.

Aim 3:
Predict the variation in CNN 

classification performance 
between CT protocols from 
measured image quality metrics.

Differences in CT image acquisition and reconstruction conditions

Radiation dose, reconstruction kernel, scanner hardware, etc.

Differences in CT images Differences in physical image quality

Differences in radiomic feature values Differences in CNN performance

Use physical image quality as a continuous, quantitative basis 
for characterizing CT-protocol induced variation

Figure 1.3: Overview of the relationship between the Aims.

1.6 Overview

Specific Aim 1 is addressed in Chapters 2 to 4. Chapter 2 describes the design, manufacture, and

initial evaluation of an open-source CT texture phantom developed for radiomics research, with

3D-printed modular inserts producing distinct radiomic signatures. Chapter 3 describes a unique

dataset of a CT texture phantom with paired image quality assessments for quantitative imaging.

This dataset was generated by scanning the texture phantom described in Chapter 2 together with

an image quality phantom across a diverse protocol space, measuring 3D image quality metrics

(MTF, NPS) and extracting texture features from four texture objects under identical conditions.
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This paired texture phantom and image quality (PTP-IQ) dataset enables direct investigation

of the quantitative relationship between fundamental image quality metrics and image textures.

The systematic variation of acquisition parameters across multiple scanner platforms creates a

controlled experimental framework for addressing key challenges in reproducibility and robustness

for quantitative imaging. Chapter 4 uses the data provided in Chapter 3 to perform the desired

investigations into characterizing the resulting relationships, establishing that texture features

respond systematically to fundamental image quality characteristics.

Specific Aim 2 is addressed by Chapter 5, which develops and evaluates regression models to

predict texture feature values from physical image quality metrics. Using polynomial regression

with ElasticNet regularization, we assess prediction accuracy and evaluate whether the models

generalize across vendors and to unseen scanner platforms.

Specific Aim 3 is addressed in Chapter 6, which extends the framework from radiomic fea-

tures to a deep learning model, investigating whether physical image quality metrics can predict

out-of-distribution performance degradation of a convolutional neural network for lung nodule

classification. Using clinical lung cancer screening CT reconstructed with multiple kernels, we

model CNN performance change across imaging conditions as a function of measured image

quality.
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2 An open-source CT texture phantom for

radiomic imaging studies: design, manufacture,

and initial evaluation

This Chapter is based on the following manuscript: M. A. Daly, M. F. McNitt-Gray, and J. M.

Hoffman, “An open-source CT texture phantom for radiomic imaging studies: Design, manufac-

ture, and initial evaluation,” Medical Physics, vol. 53, no. 8, e70613, 2026. DOI: 10.1002/mp.

70613.

2.1 Introduction

Quantitative imaging in computed tomography (CT) has produced promising results in medical

imaging research, with applications ranging from tumor characterization to treatment response

assessment. The field of radiomics, which involves the high-throughput extraction of quantita-

tive features from regions of interest in medical images, has demonstrated potential to improve

diagnostic accuracy and clinical decision making [2], [3], [4]. Texture-based radiomic features

in particular, which capture spatial patterns of intensity variation within a region of interest,

have shown utility across a range of clinical applications including the CT image-based diagnoses

and prognoses in lung nodules [47], [48], [49], interstitial lung disease [50], [51], and bone [52],
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[53], [54]. By converting medical images into mineable data, radiomics may enable the discovery

of imaging biomarkers that reflect underlying pathophysiology not apparent to visual inspection

alone.

However, the clinical translation of radiomic biomarkers has been impeded by challenges in

reproducibility and standardization. Multiple studies have documented substantial variability in

radiomic features due to differences in CT acquisition parameters, reconstruction algorithms, and

scanner characteristics [7], [11], [55], [56]. This variability undermines the generalizability of

radiomic models and limits their utility in multi-institutional studies and general clinical prac-

tice. The need for improved standardization approaches in efforts to develop imaging biomarkers

has been highlighted by the Quantitative Imaging Biomarkers Alliance (QIBA) and the Image

Biomarker Standardisation Initiative (IBSI) [57], [58], [59].

One barrier to the advancement of quantitative imaging is the lack of accessible standard-

ized phantoms for validating radiomic measurements. Conventional CT phantoms, such as the

American College of Radiology (ACR) CT accreditation phantom, serve important roles in routine

quality assurance; however, they typically consist of uniform materials that are not suitable for

evaluating texture-based radiomic features [60], [61], [62]. This limitation has led researchers to

develop custom “handcrafted” phantoms consisting of cartridges filled with different materials

to produce textures, such as the Credence Cartridge Radiomics (CCR) Phantom [13], [63], [64].

Phantoms that use filled cartridges as texture objects are inherently one-of-a-kind, as they cannot

be manufactured reproducibly. This makes it challenging to directly compare results from differ-

ent CT scanners, technical parameter settings, or institutions because differences could be due to
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the physical texture objects, rather than the scanner or parameters, etc. Furthermore, extending

existing work becomes essentially impossible without acquiring the original custom-built phantom

used.

Recent advances in three-dimensional (3D) printing technology have made it a promising

solution for producing custom phantoms for CT physics experiments. This approach enables

the physical realization of computer-designed textures and shapes, providing a pathway to a

substantially more reproducible manufacturing approach than traditional methods, such as filled

cartridges. A 3D printed infill has been included as a subset of cartridges in some CT radiomics

cartridge phantoms [13], [65], [66]. Other approaches have focused on directly printing entire

phantom bodies or employed sophisticated approaches to print anatomical phantoms [67], [68],

[69], [70]. However, these approaches often require professional-grade equipment, materials, and

expertise that may not be readily available to many research groups. More importantly, these

approaches were not developed with widespread reproducibility as a goal, and the designs have

not been made publicly available.

The lack of a shared, reproducible phantom represents a substantial gap in the radiomics

workflow. Without common reference objects, it becomes challenging to determine whether

observed variations in radiomic measurements arise from biological differences, technical factors,

or phantom inconsistencies.

The lack of a shared, reproducible phantom represents a substantial gap in the radiomics

workflow. Without common reference objects, it becomes challenging to determine whether

observed variations in radiomic measurements arise from biological differences, technical factors,
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or phantom inconsistencies. To address this gap, we first present the design and manufacturing

approach for an open-source, modular CT phantom body and set of eight texture inserts. We

then provide an initial evaluation of the reproducibility of four manufactured phantom bodies

based on measurements of uniformity, as well as the reproducibility across three replicate sets

of inserts based on measurements of radiomic features. Finally, we characterize the phantom’s

utility as a platform for radiomic imaging studies by evaluating that the set of inserts provide

non-redundant texture stimuli based on measured radiomic feature values, and evaluating the

sensitivity of the inserts to CT imaging protocol variation.

2.2 Materials and methods

Section 2.2.1 presents the design and fabrication of the phantom system, comprising an epoxy-

filled cylindrical body and a set of eight modular 3D-printed texture inserts. Section 2.2.2 then

describes the evaluations performed to assess the reproducibility of the phantom manufacturing

approach, as well as the phantom’s utility as a platform for radiomic imaging studies. Additional

manufacturing instructions and methods are provided in Appendices A.1 and A.2. The digital

phantom design components (STL files) have been made publicly available at https://doi.

org/10.5281/zenodo.19340627.
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Figure 2.1: Renderings (a) and schematics (b) of the 3D printed phantom body shell design. The
shell is printed with a depth of 44.0 mm to allow for shrinkage of the epoxy resin to a target
depth of 40 mm. Both show the alignment features, including the keyed design for the insert
cavities, grooves for laser leveling and alignment, and labels for positioning.

2.2.1 Phantom design and physical realization

2.2.1.1 Phantom body specification and manufacturing

The phantom body consists of a hollow, cylindrical 3D-printed shell filled with a liquid casting

resin (200 mm diameter × 40 mm depth, shown in Figure 2.1). It features eight cylindrical

cavities (30.0 mm diameter) designed to accept the modular texture inserts: seven arranged

peripherally on a 70.0 mm radius circle, and one located centrally. The geometric configuration

was optimized to minimize beam hardening and photon starvation artifacts by ensuring that

no more than two (potentially high-density) inserts align along any single ray path when the

phantom is positioned at the scanner isocenter. The phantom body dimensions were scaled to

match standard commercial modules (e.g., Gammex 464, Sun Nuclear, Melbourne, FL), ensuring

cross-compatibility with existing clinical positioning equipment and scatter-inducing body rings.
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Figure 2.2: Manufactured phantom body. Shows the alignment features, including the keyed
design for the insert cavities, grooves for laser leveling and alignment, and labels for positioning.

A photo of a completed phantom body is shown in Figure 2.2.

The specific properties of phantoms produced using this method will depend on the materials

used for construction. PLA has been characterized as having CT attenuation values broadly

similar to soft tissue, with reported HU values ranging from 115 to 200 HU when printed with

100% infill, varying linearly with density [70], [71], [72]. Prior work has found that the attenuation

properties of PLA are stable over time and do not require special storage conditions, suggesting the

inserts are suitable for longitudinal use [71]. A characterization of clear epoxy resin for phantom

applications reported measurements of density as 1.17 g/cm3 and an average CT number of
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116±6.7 HU, although this was a 3D printed resin rather than a two-part liquid resin [73]. These

materials are not expected to be water equivalent.

This hollow-shell-and-cast approach reduces total print time, mitigates thermal warping risk

associated with large-volume fused deposition modeling (FDM) prints, and yields a more uniform

attenuating background than 3D-printed infill; full material specifications and casting procedures

are provided in Appendix A.1.

Several phantom and insert setup constraints were integrated directly into the physical design

to maximize the reproducibility of the phantom alignment and positioning across imaging sessions.

External insets (or “grooves”) for horizontal and vertical alignment with the CT scanner’s external

laser system were included to facilitate consistent phantom placement at isocenter. The phantom

surface features a directional arrow and the text “HEAD” to enforce consistent superior-inferior

orientation and scan direction. Importantly, the cavities for the modular inserts feature a flat,

mechanically keyed face that permits only a single, predetermined orientation for each test object.

This eliminates rotational variability during physical teardown and re-assembly, isolating sources

of texture variance to desired experimental variables.

2.2.1.2 Modular insert design and 3D printing

The modular inserts’ exterior dimensions were designed to match the phantom body, including

a “lid” (a 2 mm protrusion at the base of the insert, shown in Figure 2.3) to ensure consistent

insertion depth, and a keyed face in the lid to ensure reproducible angular orientation across

experimental setups. Test objects of interest (i.e., 3D-printable shapes and textures) were then
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modeled within the cylindrical insert body. A schematic is shown in Figure 2.3.

Figure 2.3: Schematics of the 3D printed modular inserts. The measurements of the insert
exterior are shown in (a), with the corresponding wireframe showing the interior of an example
texture design in (b). Both show the keyed lid design that ensures reproducible positioning of the
inserts within the phantom body.

The eight texture inserts were designed as binary density distributions (utilizing 3D printed

material and air), shown in Figure 2.4. All textures were extruded uniformly in the 𝑧-direction to

eliminate partial-volume effects along the longitudinal length of the insert, ensuring that minor

translational offsets in phantom setup or slice selection during ROI placement do not introduce

slice-to-slice morphological variations during the reproducibility assessment.

Six inserts (Figure 2.4, Textures 2–7) were designed as mathematically defined geometric

primitives: periodic rectangular and circular grid lattices of varying pitch (2.5–8.0 mm) and

feature size (0.75–7.0 mm). Designs were intended to provide some range in texture appearance,

such as scale, ratio of 3D printed material to air, and rounded or squared shapes. These regular

structures were selected because their parameterization provides both a known digital ground

truth and flexibility for future experiments. By defining the geometries through discrete variables
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Figure 2.4: Images of the eight texture patterns that were designed and manufactured. The full
CT image is shown left, with the inserts labeled. An enlarged view of the inserts is shown at
right. Images are shown with window width 1300 HU, window level -450 HU.

(e.g., rod diameter, lattice spacing), the scale and spatial frequency of the textures can be easily

adjusted as an additional experimental variable.

One insert was designed with a stochastic distribution of cylindrical elements with diameters

ranging from 0.5 mm to 2.0 mm (Figure 2.4, Texture 1). Unlike handcrafted approaches to pro-

ducing stochastic textures (e.g., granular fill materials), this insert retains a deterministic digital

model, providing a reproducible and shareable ground truth despite its randomized appearance.

This serves as a proof-of-concept for the platform’s extensibility toward more clinically realistic

texture models. Finally, a solid 100% infill insert was included as a reference with no underlying

structural heterogeneity (Figure 2.4, Texture 8).

All inserts were 3D printed using PLA, with air as the texture background. Definitions and

print settings for all inserts are provided in Appendix A.2.
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2.2.2 Evaluation of manufacturing and metrology

The following evaluations were performed to assess the reproducibility of the phantom manufac-

turing approach (Sections 2.2.2.1 and 2.2.2.2), as well as the phantom’s utility as a platform for

radiomic imaging studies (Sections 2.2.2.3 and 2.2.2.4). Four phantom bodies and three sets of

modular inserts were manufactured as described in Section 2.2.1. Section 2.2.2.1 evaluates that

the casting process produces a reproducible, homogeneous attenuating background by character-

izing the spatial uniformity across the four epoxy phantom bodies. Section 2.2.2.2 evaluates the

reproducibility of the 3D-printed texture inserts across three independent manufacturing cycles

based on measurements of radiomic features. Section 2.2.2.3 assess that the eight inserts provide

non-redundant stimuli spanning a range of radiomic signatures by characterizing their radiomic

feature space coverage via principal component analysis (PCA). Section 2.2.2.4 investigates the

ability of the platform to detect and express protocol-induced radiomic variations it is intended

to measure by comparing radiomic feature values across different acquisition and reconstruction

protocols.

Table 2.1: The imaging protocols (tube current and reconstruction kernel) used for each experi-
ment.

Experiment Tube current [mA] Reconstruction kernel

Phantom body spatial uniformity (Section 2.2.2.1) 360 Br46f
Texture insert reproducibility (Section 2.2.2.2) 360 Br62f
Texture insert separability (Section 2.2.2.3) 360 Br62f
Sensitivity to imaging protocol (Section 2.2.2.4) 60, 360 Br32f, Br46f, Br62f

All images were acquired in helical mode with a Siemens Definition AS 64 (Siemens Health-
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ineers, Forchheim, Germany) using a tube voltage of 120 kV, fixed tube current, and a pitch of

1.0. All images were reconstructed at a slice thickness of 1.0 mm, a reconstruction diameter of

219 mm, and a matrix size of 512 × 512. The tube current and reconstruction kernel used are

specified in Table 2.1. Doses were selected to be consistent with our institution’s routine chest

protocol (≈10–15 mGy) and a low-dose lung screening protocol (≈2 mGy).

2.2.2.1 Phantom body spatial uniformity

The spatial uniformity of the epoxy phantom bodies was measured to assess whether the cast-

ing process produced a homogeneous, reproducible attenuating background. The four phantom

bodies were scanned using a tube current of 360 mA (CTDI𝑣𝑜𝑙 of 13.68 mGy) and images were

reconstructed using a Siemens Br46f kernel. Insert holes were left unfilled; considering the modest

phantom size (20 cm) and robust scatter rejection mechanisms on modern diagnostic CT scan-

ners (anti-scatter grids, software correction), scatter-related effects on uniformity measurements

were assumed to be negligible. Uniformity within each phantom body (intra-phantom uniformity)

was evaluated through HU measured from different regions of interest (ROIs). Two sets of seven

ROIs were placed at 40 mm and 80 mm radial distances to capture potential differences between

the interior and periphery positions within the phantom. Three slices were measured within each

phantom to capture potential axial heterogeneity in the 𝑧-direction. The measurements were

then also used to assess the uniformity across four manufactured phantom bodies (inter-phantom

uniformity).

The acceptance criteria was based on the ACR CT accreditation guidelines for uniformity,
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which uses a maximum absolute deviation of ±5 HU (and not exceeding ±7 HU) between ROIs

in a homogeneous phantom [74]. Though ACR uniformity only assesses differences between

center and each periphery position in an assumed uniform object, we apply this ±5 HU tolerance

to the epoxy bodies to serve as a benchmark for phantom body homogeneity and agreement.

Figure 2.5: Placement of uniformity ROIs. Shown with window width 1300 HU, window level
-450 HU.

Consistent ROI placement across all scans was ensured through the use of a 2D programmatic

mask based on the digital ground-truth geometry, as shown in Figure 2.5. On each slice, fourteen

circular ROIs (24 mm diameter) were extracted: seven positioned at a radial distance of 40 mm

(“inner”) and seven at 80 mm (“outer”) from the phantom center. To capture potential axial

heterogeneity, measurements were extracted from three image slices per phantom: the central

slice, and slices offset by +5 mm and -5 mm. This sampling strategy was selected to provide
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the minimum necessary data to calculate standard deviation and isolate z-axis variance while

maintaining an efficient manual segmentation workflow.

The mean HU was calculated from each ROI. The overall mean HU for each phantom was

reported (𝜇𝑜𝑣𝑒𝑟𝑎𝑙𝑙, averaged over all ROIs within a phantom), as well as the inner mean (𝜇𝑖𝑛𝑛𝑒𝑟,

averaged over the ROIs at the inner position) and outer mean (𝜇𝑜𝑢𝑡𝑒𝑟, averaged over the ROIs

at the outer position) to evaluate radial gradients. The intra-phantom uniformity (Δ𝑚𝑎𝑥) was

defined as the maximum absolute difference in mean CT number between any two ROIs within

a given phantom. To assess the reproducibility of the liquid-casting pipeline across independent

builds, inter-phantom uniformity was evaluated by calculating the maximum absolute difference

in 𝜇𝑜𝑣𝑒𝑟𝑎𝑙𝑙 between any pair of the four manufactured bodies.

Additionally, to evaluate both inter-phantom and intra-phantom equivalence, a pairwise two

one-sided tests (TOST) procedure was applied [75]. The TOST procedure was performed com-

paring the inner and outer ROIs within each individual phantom body to verify the absence of

radial manufacturing gradients or severe beam hardening artifacts, as well as across all included

phantom bodies to evaluate inter-phantom reproducibility. The TOST procedure tests whether

the observed difference between groups is small enough to be considered clinically irrelevant—

here, whether phantom-to-phantom and inner-to-outer differences fall within the ±5.0 HU cri-

teria. To account for potentially unequal variance between phantom bodies and between radial

regions, the procedure used Welch’s equations for standard error and degrees of freedom.
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2.2.2.2 Texture insert reproducibility

To evaluate the reproducibility of the 3D-printing manufacturing approach, radiomic feature ex-

traction was performed and compared across three independently manufactured sets of phantom

inserts. While assessing radiomic stability serves as an indirect surrogate for evaluating the

microscopic dimensional accuracy of the printed geometries, it represents a critical metric for

validation; the primary utility of this phantom is to standardize quantitative imaging pipelines.

Consequently, agreement of the extracted radiomic features across the replicate inserts was es-

tablished as a benchmark for manufacturing reproducibility.

Three insert sets were independently printed and imaged with 360 mA (CTDI𝑣𝑜𝑙 of 13.68 mGy)

and a Br62f reconstruction kernel. This high-frequency kernel was selected to maximize spatial

resolution and preserve small details and edges within the textures, more accurately reflecting

the true physical dimensionality of the printed objects. Between acquisitions the phantom was

removed from the CT couch, all inserts were extracted and replaced with the next set, and the

assembly was re-positioned using the scanner’s external laser system. This approach ensures that

measurements reflected the combined, realistic sources of variability: 3D printing, insert seating,

and phantom positioning and alignment.

For image analysis, a rigid mask of 25.7 mm diameter circular ROIs (slightly smaller than

the 30.0 mm diameter of the insert itself) derived from the digital ground truth geometry was

manually placed over the eight texture inserts. Annotations were centered on the mid-plane of

the insert volume and applied to slices at -3 mm and +3 mm from the center, yielding three
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non-adjacent slices per insert.

From these ROIs, all available 2D radiomic texture features were extracted using PyRa-

diomics [76]. The extraction yielded a total of 91 features per ROI: 18 first-order features, and

73 second order features including gray level co-occurrence matrix (GLCM), gray level run length

matrix (GLRLM), gray level size zone matrix (GLSZM), neighboring gray tone difference matrix

(NGTDM), and gray level dependence matrix (GLDM) features.

Reproducibility across the three independent print-and-assembly cycles was quantified using

the intraclass correlation coefficient (ICC), providing a measure of agreement where ICC > 0.90

is considered excellent [77], [78].

Additionally, the reproducibility was quantified using the coefficient of variation (𝐶𝑉 = 𝜎
𝜇)

for each texture object. To evaluate the physical fidelity of the 3D printing process, or the

“inter-print” reproducibility, the CV for each radiomic feature was calculated across the three

physical insert set replicates (e.g., Print 1, Print 2, and Print 3); the measurement was repeated

at three slice locations, then averaged. To evaluate inter-slice (i.e., 𝑧-axis) uniformity, the CV was

calculated across three distinct slice locations; the measurement was repeated for each of the three

insert sets, then averaged. The features were subsequently stratified by radiomic feature class

(first-order vs. second-order). The percentage of features meeting established CV reproducibility

thresholds (≤ 10% and ≤ 15%) [23] was reported to provide an initial evaluation of platform

manufacturing variability.
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2.2.2.3 Evaluation of texture insert set for non-redundancy

As the texture inserts were designed with relatively simple two-material geometric patterns, it

was necessary to confirm that geometric variations successfully translated into distinct radiomic

signatures, rather than exhibiting high feature redundancy that would limit their utility.

To characterize the radiomic feature space coverage of the eight-insert set and confirm that

the inserts provide non-redundant stimuli, a principal component analysis (PCA) was performed

on the radiomic features extracted from each texture insert. Radiomic feature extraction was

performed as described in Section 2.2.2.2 from images acquired with 360 mA (CTDI𝑣𝑜𝑙 of 13.68

mGy) and a Br62f reconstruction kernel. Features were standardized to zero mean and unit

variance prior to decomposition, due to the sensitivity of PCA to variable scaling. The PCA

was performed using the scikit-learn library [79]. The first two components were kept and used

to visualize the the relative spatial distribution of the eight textures in the rescaled PCA space.

A well-dispersed, non-overlapping separation of the inserts across the principal axes of variance

demonstrates that this simplified fabrication method successfully yields a diverse spectrum of

radiomic stimuli.

2.2.2.4 Sensitivity to imaging protocol variation

Finally, we evaluated the sensitivity of the texture inserts to clinically relevant variations in ac-

quisition and reconstruction protocol, assessing the platform’s ability to detect and express the

protocol-induced radiomic variation it is intended to measure.
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To evaluate protocol sensitivity, a single set of the 3D-printed inserts was imaged across six

distinct clinical conditions, capturing common ranges of image noise and spatial resolution. Scans

were acquired at 60 mA and 360 mA (yielding a CTDI𝑣𝑜𝑙 of 2.28 mGy and 13.68 mGy, respectively)

and reconstructed using three kernels spanning smooth to edge-enhancing frequencies (Br32f,

Br46f, and Br62f). Radiomic feature extraction was performed identically to the reproducibility

assessment described in Section 2.2.2.2 for each of these imaging conditions. Using Br46f and 360

mA as a reference condition (roughly equivalent to our institutional routine chest protocol), the

radiomic feature reproducibility was quantified using concordance correlation coefficient (CCC) to

assess pairwise agreement for each tube current and reconstruction kernel setting [80]. Consistent

with established guidelines, a CCC ≥ 0.90 was used as the threshold for reproducibility [81].

2.3 Results

2.3.1 Phantom body spatial uniformity

Across all 168 ROIs measured within the four manufactured phantom bodies, the overall dataset

mean attenuation was 104.9 ± 1.5 HU. A summary of the measurements is provided in Ta-

ble 2.2. All four phantom bodies met the target ±5 HU criteria for intra-phantom uniformity,

with Δ𝑚𝑎𝑥 ranging from 2.7 to 4.4 HU. Additionally, all four phantom bodies met the inter-

phantom reproducibility target of all ROIs falling within ±5 HU of the overall mean, as shown in

Figure 2.6. Furthermore, no visual beam hardening or streak artifacts were observed across the
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Table 2.2: Mean value ± standard deviation of the HU number measurements for each phantom
body.

Phantom body 𝜇𝑖𝑛𝑛𝑒𝑟 [HU] 𝜇𝑜𝑢𝑡𝑒𝑟 [HU] 𝜇𝑜𝑣𝑒𝑟𝑎𝑙𝑙 [HU] Δ𝑚𝑎𝑥 [HU]

1 103.5 ± 0.5 104.6 ± 0.6 104.1 ± 0.8 3.0
2 102.7 ± 0.6 103.7 ± 0.9 103.2 ± 0.9 4.4
3 105.3 ± 0.5 106.4 ± 0.7 105.8 ± 0.8 2.7
4 105.9 ± 0.7 106.8 ± 1.0 106.3 ± 1.0 3.7

Overall mean 104.4 ± 1.4 105.4 ± 1.5 104.9 ± 1.5 3.5 ± 0.7

epoxy volumes.

The pairwise TOST procedure confirmed both intra- and inter-phantom uniformity within

the ±5.0 HU criteria. For the worst-case inter-phantom comparison (Phantoms 2 and 4), the

maximum mean divergence was -3.11 HU (90% CI: [-3.45, -2.76] HU), well within the equivalence

criteria (𝑝 < 0.001). Intra-phantom spatial uniformity was similarly strong: for the worst-case

phantom (Phantom 4), the inner-to-outer mean difference was -0.90 HU (90% CI: [-1.34, -0.45]

HU), also falling entirely within the ±5.0 HU criteria (𝑝 < 0.001). Thus, the four manufactured

phantom bodies demonstrated excellent reproducibility and consistently high internal spatial uni-

formity.
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Figure 2.6: Uniformity measurements (mean values of ROIs in HU) for the four tested phantom
bodies. Red, solid line illustrates the overall mean value (104.9 HU) and the gray, dashed lines
illustrate ±5 HU from the mean.

2.3.2 Texture insert reproducibility

Figure 2.7: The three sets of 3D printed modular inserts, imaged at 360 mA and reconstructed
with the Br62f kernel. Visual agreement on CT is excellent, including the alignment and orien-
tation of the texture inserts relative to the phantom body across the three experimental setups
and acquisitions. Images shown with window width 1300 HU and level -450 HU.

Visual inspection of CT images confirmed consistent insert alignment and orientation across
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all three independent manufacturing sets (shown in Figure 2.7), with no macroscopic defects or

differences between the sets observed.

Table 2.3: Texture insert reproducibility results. Inter-print CVs were averaged across all slice
depths, and inter-slice CVs were averaged across all insert set replicates. Results are reported as
% of features meeting CV thresholds (count/total).

Inter-print CV Inter-slice CV

Texture Group < 15% < 10% < 15% < 10%

1 1st Order 100.0 (18/18) 100.0 (18/18) 100.0 (18/18) 100.0 (18/18)
2nd Order 100.0 (73/73) 95.9 (70/73) 100.0 (73/73) 98.6 (72/73)

2 1st Order 100.0 (18/18) 100.0 (18/18) 100.0 (18/18) 100.0 (18/18)
2nd Order 100.0 (73/73) 97.3 (71/73) 100.0 (73/73) 98.6 (72/73)

3 1st Order 100.0 (18/18) 100.0 (18/18) 100.0 (18/18) 100.0 (18/18)
2nd Order 100.0 (73/73) 100.0 (73/73) 100.0 (73/73) 100.0 (73/73)

4 1st Order 100.0 (18/18) 94.4 (17/18) 100.0 (18/18) 94.4 (17/18)
2nd Order 100.0 (73/73) 95.9 (70/73) 98.6 (72/73) 95.9 (70/73)

5 1st Order 100.0 (18/18) 100.0 (18/18) 100.0 (18/18) 100.0 (18/18)
2nd Order 100.0 (73/73) 95.9 (70/73) 95.9 (70/73) 94.5 (69/73)

6 1st Order 100.0 (18/18) 100.0 (18/18) 100.0 (18/18) 100.0 (18/18)
2nd Order 100.0 (73/73) 100.0 (73/73) 98.6 (72/73) 93.2 (68/73)

7 1st Order 100.0 (18/18) 100.0 (18/18) 100.0 (18/18) 100.0 (18/18)
2nd Order 94.5 (69/73) 89.0 (65/73) 100.0 (73/73) 94.5 (69/73)

8𝑎 1st Order 94.4 (17/18) 94.4 (17/18) 94.4 (17/18) 94.4 (17/18)
2nd Order 71.2 (52/73) 63.0 (46/73) 67.1 (49/73) 60.3 (44/73)

𝑎Note: Solid insert, not a heterogeneous texture pattern

The extracted radiomic features demonstrated high agreement across the independent print-

and-assembly cycles. The inter-print ICC across all eight textures exceeded 0.998 in all cases

(mean ICC > 0.999), demonstrating very strong agreement well above the established threshold

for excellent reproducibility (ICC > 0.90). Inter-slice ICC within individual inserts performed

similarly, yielding a mean ICC > 0.999.
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This stability is further reflected in the CV analysis, summarized in Table 2.3. For the first

order features, all the heterogeneous texture inserts except for Texture 4 had 100.0% (18/18) of

the first order features meet the strict CV < 0.10 reproducibility threshold across both inter-print

and inter-slice evaluations. For Texture 4, 100.0% of the first order features met the CV < 0.15

threshold and 94.4% (17/18) of the first order features met the CV < 0.10 threshold in both

inter-print and inter-slice evaluations. For Texture 8, the homogeneous solid insert, 94.4% of the

first order features met the CV < 0.10 threshold. The radiomic feature that did not meet the

reproducibility criteria in each of these cases was first order skewness, which relies on the third

central moment of the intensity distribution and can be highly sensitive to minor fluctuations in

image noise.

For the second order texture features, Textures 1–6 had 100.0% (73/73) of the second order

features meet the inter-print CV ≤ 0.15 criteria, and between 95.9% and 100.0% of the second

order features meet the stricter CV ≤ 0.10 criteria. Texture 7 exhibited slightly lower inter-

print reproducibility, with 94.5% of the second order features meeting the CV < 0.15 threshold,

and 89.0% of the second order features meeting the CV < 0.10 threshold. The inter-slice

reproducibility for the second order features was also high, with 93.2% to 100.0% of the second

order features meeting the CV < 0.10 threshold for all of the heterogeneous texture inserts.

While Texture 8 displayed lower reproducibility for second order features, these results were not

considered meaningful measures of the reproducibility of the physical objects, as there was not

a heterogeneous texture pattern to measure and these variations likely reflect nuance in how

radiomic textures are calculated in uniform objects.
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Distributions of the inter-print and inter-slice CV, as well as the complete report of the

features that did not meet the CV criteria, are provided in Appendix B.1. Overall, the inter-print

reproducibility was comparable to inter-slice reproducibility, indicating that very low physical print-

to-print manufacturing variance is similar to (or less than) the variation across printing layers.

2.3.3 Evaluation of texture insert set for non-redundancy

Figure 2.8: Principal component analysis of radiomic feature values measured on the eight texture
inserts. Images of the textures themselves with labels overlaid are used as markers.

The PCA of the radiomic features showed that the first two principal components captured

89.6% of total radiomic variance (PC1: 52.0%; PC2: 37.6%), indicating the set of texture inserts

selected is well-described by two dominant axes of variation. The distribution of inserts within
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this reduced space is shown in Figure 2.8. The visualization shows that there is a spread in the

distribution of the texture inserts within the feature space, confirming that the insert set provides

a range of radiomic stimuli rather than redundant first-order variations. Most of the textures are

well resolved along PC1, with PC2 separating Textures 5 and 8 from the other textures distinctly.

These results show that Textures 5 and 8 are the most unique in the set, as they are each

alone within their respective quadrants in the feature space with the greatest separation from any

other texture insert. Conversely, certain inserts exhibit closer proximity in the feature space; for

example, Textures 3 and 6 cluster together, reflecting their similar underlying physical geometry

in texture pitch and element size. Rather than indicating a problematic redundancy across the

entire insert set, this proximity is beneficial as it establishes a realistic spectrum of both highly

distinct and distinct-but-similar radiomic stimuli. Overall, the visualizations confirms that the

insert set provides diverse radiomic stimuli rather than redundant texture designs.

2.3.4 Sensitivity to imaging protocol variation

Visual assessment of the acquisitions (Figure 2.9) confirms that the selected protocols produced

a clinically realistic spectrum of image noise and spatial resolution, with fine physical textures

visibly blurring under smooth kernels and sharpening under edge-enhancing kernels.

The designed textures proved highly sensitive to variation in imaging protocol parameters,

particularly reconstruction algorithms. Transitioning from the standard Br46f to the smooth Br32f

kernel (with the reference tube current, 360 mA, held constant) yielded only 8.8% reproducible
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Figure 2.9: Images of the eight texture objects (labeled above) under each of the six imaging
conditions (labeled left). Rows are ordered with the highest noise condition at the bottom to the
lowest noise condition at the top. Images shown with window width 1300 HU and level -450 HU.

features, and transitioning to the sharp Br62f kernel yielded only 7.7%. When tube current was

reduced from 360 mA to 60 mA (with the reference kernel, Br46f, held constant), 58.2% of the

extracted radiomic features remained reproducible. Distributions of the CCC values are provided

in Appendix B.2.

Together, Figure 2.10 and Figure 2.11 illustrate the measured radiomic feature values across

all eight textures and imaging conditions. In Figure 2.10, raw feature values are shown for a

representative subset of features, highlighting specific directional sensitivities to protocol varia-

tions. For example, first-order mean attenuation remains exceptionally stable across both dose
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Figure 2.10: Radiomic features values for three illustrative features (first order mean, first order
variance, NGTDM strength) for each texture insert across the six imaging conditions.

and kernel changes, aligning with the physical reality that mean HU is driven by the textures’

material ratios (PLA vs. air) rather than reconstruction algorithms or dose. Conversely, first-

order variance increases significantly under sharper kernels, consistent with the expected increase

in image noise. Figure 2.11 extends this view to all extracted features, with feature values min-

max normalized to [0, 1] to enable visual comparison across features of differing scales. In this

heatmap, macro-level color differences across texture groupings (columns, labeled above) reflect

the degree to which features differ between texture objects, while color variation within a texture

grouping reflects sensitivity to protocol. Features that appear uniform in color within a texture

grouping are robust to protocol changes, whereas those exhibiting strong within-group variation

are more sensitive to reconstruction kernel and dose. While investigations into the reproducibility

of individual radiomic features was beyond the scope of this work, these figures illustrate the

phantom’s capacity to detect and measure this type of protocol-induced variation.
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Figure 2.11: Radiomic feature values of all features (grouped by feature class on the 𝑦-axis),
shown for each texture object and imaging condition (𝑥-axis), using the same imaging condition
order as in Figure 2.10. Feature values were min-max normalized to [0, 1]. Color variation
between texture groupings reflects differences between the texture objects, while within-group
variation reflects sensitivity to imaging protocol.

2.4 Discussion

This study demonstrates the feasibility of producing high-quality, reproducible phantoms for quan-

titative imaging using an accessible hybrid manufacturing approach. Results indicate that com-
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bining 3D-printed molds with epoxy resin casting yields phantom bodies with high uniformity

and reproducibility. The modular insert design enables rapid development and sharing of texture

patterns, addressing a critical need in the radiomics community for standardized yet customiz-

able validation tools. Importantly, the phantom system design and manufacturing provides a

pathway to those tools with dramatically reduced costs and improved accessibility compared to

commercial alternatives (approximately $50 per phantom system; a cost breakdown is provided

in Appendix A.3).

The epoxy casting approach produced four phantom bodies with spatial uniformity meeting

our acceptance criteria and high inter-phantom consistency (all ROIs within ±5 HU, and inter-

phantom differences statistically indistinguishable within ±5 HU with 𝑝 < 0.001). A small but

consistent radial gradient was observed, with outer ROIs approximately 1 HU higher than inner

ROIs on average; this is likely attributable to minor beam hardening at the phantom periphery

and falls well within acceptable limits. While this manufacturing run represents a best-case single-

group scenario, it establishes that an individual research group can reliably produce a small batch

of self-consistent phantom bodies using accessible equipment and standardized procedures.

The 3D printed texture inserts demonstrated excellent radiomic reproducibility across three

independently manufactured and assembled sets, with a mean inter-print ICC > 0.999 across

91 radiomic features. This result is comparable to the ICC reported by Li et al. in test-retest

analyses on a single texture phantom [65], suggesting that the print-to-print manufacturing vari-

ance achieved here is at the same level as the measurement repeatability floor for this class of

phantom. In contrast, clinical test-retest studies in patients have reported much lower radiomic
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feature reproducibility, underscoring the value of a controlled phantom reference for isolating

protocol-induced variation from biological and positioning noise [12].

We note that Texture 7, which has the smallest and most densely packed grid elements of any

structured insert, exhibited slightly lower inter-print reproducibility (94.5% at CV < 0.15). This

suggests the 0.75 mm feature diameter of this insert approaches the practical resolution limits

of the FDM process, where small dimensional deviations between print cycles have proportionally

greater impact on the resulting radiomic signature. This is a useful boundary condition for future

insert design: features substantially below 1.0 mm in any dimension should be treated with caution

when using standard 0.4 mm nozzle FDM printing, and the 0.2 mm nozzle used for Texture 7

represents the lower practical limit with consumer-grade equipment. Future work should further

characterize these limits for sub-millimeter texture designs.

The PCA of the radiomics features provides strong evidence that the insert set provides

genuinely non-redundant radiomic stimuli, with each insert contributing unique information to

the feature space. Textures 5 and 8 were particularly distinct, which could be attributed to each

representing an extreme in terms of material compositions within the set, with Texture 5 having

the highest ratio of air, and Texture 8 (the solid, uniform insert) having the highest ratio of PLA.

Finally, the phantom platform demonstrated the protocol sensitivity required of a quantitative

imaging tool. While both tube current and reconstruction kernel had dramatic impacts on ra-

diomic reproducibility, the effect of reconstruction kernel was greater: changing from the reference

Br46f kernel to either the smooth Br32f or sharp Br62f kernel left only 8.8% or 7.7% of features

reproducible, respectively, while reducing tube current from 360 mA to 60 mA left 58.2% of
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features reproducible. This sensitivity to changes in imaging protocol, as well as this asymmetry

in particular, is consistent with the broader radiomics literature, which identified reconstruction

kernel as a dominant source of protocol-induced radiomic variation [7], [11], [55]. The fact that

our synthetic textures exhibit this well-established pattern validates their suitability as reference

stimuli: a phantom that did not respond to kernel changes in the expected direction would be of

limited utility for protocol harmonization studies. The directional feature sensitivities observed for

the individual radiomic features are also physically interpretable, such as the stability of first-order

mean across all conditions versus the strong kernel-dependence of first-order variance, providing a

useful sanity check on the measurement pipeline. The radiomic feature variation observed across

the eight texture objects also supports the results from the texture insert set non-redundancy

PCA evaluation.

A key distinguishing contribution of this platform relative to prior 3D-printed phantom work

is its foundational commitment to open science. By dedicating the complete design files and

manufacturing specification to the public domain under a CC0 license, we remove the licensing

barriers that have historically restricted phantom-based harmonization efforts to well-resourced

groups with access to proprietary hardware. Unlike prior approaches that employed 3D printing

without public release of designs, this framework allows any research group with a consumer-grade

FDM printer to replicate, validate, modify, and redistribute phantom designs without restriction.

The modular architecture amplifies this benefit: new insert designs targeting specific clinical

tasks or tissue types can be developed, validated, and shared independently of the phantom body,

enabling community-driven expansion of the platform’s insert library without requiring each group
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to develop a complete phantom system from scratch.

The eight texture inserts evaluated in this work were selected to provide diverse and com-

plementary radiomic signatures rather than to mimic specific pathologies. Consequently, the

phantom is intended as a tool for studies involving radiomic feature reproducibility, protocol opti-

mization methodologies, and scanner harmonization or quality assurance. The mean attenuation

of the texture inserts evaluated ranged from -800 to 200 HU (shown in Figure 2.10), depending

primarily on the texture’s ratio of PLA to air. The materials used (PLA and clear epoxy resin)

exhibited attenuation values within the range of 100 to 200 HU. We expect the inserts to be

most relevant to quantitative imaging tasks involving heterogeneous tissue and, based on these

attenuation characteristics, may be most applicable to contrast-enhanced soft tissues, lung, and

abdominal organs. Applications in lung imaging may be of particular interest, as the lung is com-

posed of heterogeneous patterns soft tissue and air that mirrors the PLA-and-air compositions

of the texture inserts. However, the suitability of these textures for clinical applications should

be evaluated in future work. Users are encouraged to design custom texture inserts tailored to

specific clinical pathologies or modeling endpoints, which is supported by the phantom’s modular

nature and open-source design.

This initial evaluation was performed on a typical clinical CT scanner system, using the con-

ditions described in Table 2.1. While the phantom body and modular insert architecture are

expected to remain applicable across CT platforms, the specific texture inserts evaluated here

represent only an initial validation set and can be refined or expanded as scanner resolution and

quantitative imaging requirements evolve. Whether the measured reproducibility of the manu-
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facturing approach presented in this work is impacted by substantially higher spatial resolutions

available with systems such as photon-counting CT (PCCT) remains to be evaluated. However,

because the phantom specification is fundamentally digital and does not mandate a particular fab-

rication method, if needed the platform can be adapted to match the ultra-high spatial resolutions

achievable with next-generation PCCT systems through high-resolution additive manufacturing,

micromachining, or other computer-aided manufacturing techniques.

Several limitations of this work should be noted. First, the reproducibility analysis intentionally

represents a best-case manufacturing scenario: conducted by a single group using a single printer

and single material supplier. This baseline was a necessary first step, but future multi-center

studies will be needed to quantify the inter-institution variability introduced by different printers,

filament batches, and casting environments. Some increase in variability is expected across sites,

and it remains an open question whether stricter material standardization (e.g., specifying filament

density tolerances or epoxy formulation) will be required for cross-site harmonization. Second,

this was a single time point investigation, and thus did not include evaluation of the longitudinal

stability of the phantom materials. While prior work has found that the attenuation properties of

PLA are stable over time and do not require special storage conditions [71], a longitudinal stability

study is warranted before this platform is used for studies spanning multiple years. Finally, the

current insert set was intentionally designed as a simplified baseline: binary material distributions

with no 𝑧-axis structural variation and no attempt to mimic specific biological tissues or clinical

pathologies. This simplification was appropriate for the initial evaluation of the reproducibility

of the manufacturing approach and validating the platform’s basic metrological properties, but
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it means the inserts do not yet provide the clinically relevant or application-specific stimuli that

would be needed for targeted radiomic studies (e.g., inserts designed to emulate the textural

properties of lung nodules, liver lesions, or other tissues of clinical interest). Developing such

inserts, including designs that incorporate 𝑧-axis structural complexity or stochastic heterogeneity

representative of specific pathologies, represents the most important next step for the platform.

The modular open-source architecture is specifically designed to support these types of extensions.

2.5 Conclusions

The open-source, accessible phantom presented here addresses critical barriers to quantitative

imaging research. By combining 3D printing technology with epoxy resin casting, we have cre-

ated a solution that is simultaneously affordable, customizable, and reproducible. Serving as

a rigorous middle ground between expensive commercial products and non-reproducible hand-

made alternatives, this platform successfully demonstrated the key properties we require for our

radiomic texture experiments: uniformity, radiomic reproducibility, and radiomic sensitivity to

clinical protocol variations. By releasing the phantom and insert design into the public do-

main (https://doi.org/10.5281/zenodo.19340627), this tool remains unencumbered for

the entire research community, fostering collaborative development and long-term standardiza-

tion efforts. The immediate practical consequence is that any research group with access to a

consumer-grade FDM printer can replicate, validate, and extend this platform without restriction.
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3 Developing a dataset for investigations into

the impact of CT acquisition and reconstruction

conditions on quantitative imaging

This Chapter is based on the following manuscript: M. A. Daly, J. M. Hoffman, A. M. Hernandez,

A. Uneri, B. A. Varghese, J. Levy, and M. F. McNitt-Gray, “CT texture phantom dataset with

paired image quality assessments for quantitative imaging,” In press at Medical Physics, 2026.

DOI: 10.1002/mp.70633. Submitted as a Medical Physics Dataset Article.

3.1 Introduction

Quantitative imaging features (QIFs) extracted from computed tomography (CT) images hold

significant promise for precision medicine applications, including disease characterization, treat-

ment response assessment, and outcome prediction [2], [3], [82]. However, the clinical translation

of QIF-based biomarkers faces substantial challenges due to variability introduced by differences

in image acquisition and reconstruction protocols across scanners and institutions [12], [13].

This protocol-dependent variability can obscure true biological signals and compromise the repro-

ducibility of radiomics studies [83].

Texture-based QIFs, or radiomic texture features, have shown utility in predicting patient
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outcomes and treatment response [4], [47], [84]. The relationship between CT image quality

and image textures remains incompletely characterized, limiting efforts to develop effective har-

monization strategies. While previous studies have demonstrated that acquisition parameters

significantly influence texture features [7], [9], [66], [85], systematic datasets enabling compre-

hensive investigation of the relationships between image quality and radiomic texture features are

lacking. Existing phantom studies typically focus on either image quality assessment or texture

analysis in isolation, preventing direct correlation between image quality and QIF variability.

To address this gap, we have developed a dataset consisting of DICOM images of the 3D

printed texture phantom presented in Chapter 2 with paired image quality measurements acquired

under matched specified conditions across multiple CT scanner models and protocols. This

included 3D measurements of the modulation transfer function (MTF) and the noise power

spectrum (NPS), as well as contrast-to-noise ratio (CNR), as well as scalar summary metrics

extracted from these measurements. Comprehensive quantification of 3D MTF and 3D NPS is

essential for accurately characterizing the three-dimensional signal and noise transfer properties

of modern CT systems [28], [86]. From the texture phantom, radiomic features were extracted

from four texture objects for each condition.

This dataset enables researchers to directly correlate these detailed image quality measure-

ments with QIF measurements, particularly texture features that are inherently sensitive to image

quality variations. This dataset is restricted to filtered back projection (FBP) reconstruction ker-

nels. While iterative reconstruction is increasingly common in clinical practice, traditional image

quality measurements may not fully characterize system performance under non-linear processing
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conditions, as measurements often become dependent on object contrast and noise levels [30].

The primary objectives of this dataset are to: (1) provide a standardized resource for investi-

gating the relationship between image quality metrics and radiomic texture features (and between

image quality and image textures more generally), (2) enable the development and validation of

harmonization methods that account for underlying image quality differences, and (3) facilitate

optimization of acquisition protocols for quantitative imaging applications. This dataset is used

for the analyses of Chapters 4 to 6 of this dissertation.

3.2 Methods

An image quality assessment phantom and a CT texture phantom were scanned using matched

conditions for 170 protocols across four scanners. The protocols capture a wide range of radi-

ation dose levels and reconstruction kernels. Measurements of 3D spatial resolution, 3D noise

characteristics, and CNR were made for each protocol.

3.2.1 Phantoms

3.2.1.1 Image quality phantom

Image quality characterization was performed using the Corgi® phantom (Phantom Laboratory,

Salem, NY) that enables simultaneous measurement of CNR, 3D MTF, and 3D NPS using auto-

mated analysis software (described in Section 3.2.3) [87]. Corgi® contains 13.5 cm diameter, 4.0

cm thick cylindrical modules composed of polyurethane (PUR). For this study, a circular annulus
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was used, making the outer phantom diameter 20.0 cm. Corgi® is comprised of blank modules

which are uniform in composition, and test modules that are constructed with 20 mm diame-

ter cylindrical inserts with hemispherical end-caps with known attenuation properties: polyvinyl

chloride (PVC, 958 HU), polyoxymethylene (POM, 342 HU), polycarbonate (PC, 101 HU), nylon

(PA, 31 HU), and polystyrene (PS, -27 HU) at 140 kV [88]. The blank modules are used for

3D NPS measurements, and the test modules are used for 3D MTF and CNR measurements.

Example CT images of the are shown in Figure 3.1, and a schematic showing the test modules is

provided in Figure 3.2.

Figure 3.1: Example axial and coronal slices of the Corgi® phantom, used to measure image
quality. Shown with window width 650 HU, window level 175 HU.

The 3D measurement capability is particularly important for CT systems, as it accounts for

potential anisotropy in spatial resolution and noise characteristics that may result from the helical

acquisition geometry, variations in the effective focal spot size, or application of apodization kernel
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Figure 3.2: The Corgi phantom, developed for the rigorous assessment of CT image quality.
Reproduced from [88].

during reconstruction [28], [86], [89]. This comprehensive approach provides a more complete

characterization of image quality than traditional 2D measurements.

3.2.1.2 Texture phantom

To facilitate reproducibility and enable customization, we developed an open-source 3D-printed

texture phantom, as described in Chapter 2 [90]. The specific modular inserts used differ from

those described in Chapter 2 and are shown in Figure 3.3. The STL files for this set of inserts

is provided at https://doi.org/10.5281/zenodo.18718137 [91]. A PLA body ring was used

to increase the total diameter of the phantom to 27.5 cm.

Inserts 1, 2, and 3 were uniformly spaced 3 mm circular rods with varied pitch (4, 6, 8 mm).
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Figure 3.3: The 3D-printed texture phantom with the texture insert objects labeled 1-8, with the
PLA body ring. Shown with window width 1300 HU, window level -450 HU.

Inserts 4 and 5 were checkerboard patterns with different scales: grid square side lengths of

3 mm and 7 mm. Inserts 6 and 7 were spiculated solid objects of different scales. Insert 8 was

a texture composed of circles with random size and positioning. Inserts 1, 4, 5, and 8 were used

for radiomic feature analysis (described in Section 3.2.5). The positioning and orientation of the

inserts within the phantom was kept consistent across all acquisitions.

3.2.2 Image acquisition

Image acquisition was performed at two academic medical centers using four CT scanner models

from two manufacturers: SOMATOM Force and SOMATOM Definition AS64 (Siemens Healthi-
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neers, Forchheim, Germany) and Revolution EVO and Revolution Apex (GE Healthcare, Wauke-

sha, Wisconsin).

The image quality phantom and the two texture phantoms were scanned under matched

conditions with careful alignment for a diverse set of CT protocols. Scans were acquired at five

CTDI𝑣𝑜𝑙 levels and reconstructed with eight reconstruction kernels. This was repeated across the

four different CT scanner systems. All other parameters were kept constant across acquisitions

from the same scanner, and matched as closely as possible between scanner models. Imaging

conditions were selected with the goal of capturing varied image quality (i.e., noise and spatial

resolution) within a range of clinical practice for chest and abdomen/pelvis CT examinations. We

did not specifically consider head and neck CT examinations in this protocol selection.

The CTDI𝑣𝑜𝑙 levels ranged from 2.1 mGy to 17.1 mGy. The CTDI𝑣𝑜𝑙 values were selected

to approximate that of the lowest dose CT examinations (lung cancer screening) through that

of more typical diagnostic CT examinations (chest or abdomen/pelvis, depending on patient

size) [92], [93]. This range will capture a range of clinically realizable noise conditions. All scans

used 120 kV; the desired CTDI𝑣𝑜𝑙 levels were obtained by varying only tube current.

Reconstruction kernels were chosen to capture a range of clinically relevant FBP reconstruc-

tions. For the GE scanners, this included all eight kernels available. For the Siemens scanners,

eight kernels were selected that ranged from a smoothing kernel (e.g., Br32d) to a sharp over-

enhancing kernel (e.g., Br64d). All reconstructions employed FBP algorithms. The kernels and

dose levels selected for each scanner model can be found in Table 3.1.

Scans were acquired with a slice thickness of 1.0 mm on Siemens scanners and 1.25 mm
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Table 3.1: Summary of the scan protocols’ acquisition and reconstruction conditions (all FBP).

Vendor Scanner CTDI𝑣𝑜𝑙 [mGy] Reconstruction Kernels 𝑛

GE EVO 2.2, 4.2, 6.2,
10.6, 13.7, 17.0

BONE, BONEPLUS, CHST, DETAIL, EDGE,
LUNG, STANDARD

42

Apex 2.1, 4.3, 6.5,
10.7, 13.9, 17.1

BONE, BONEPLUS, CHST, DETAIL, EDGE,
LUNG, SOFT, STANDARD

48

Siemens Force 2.1, 4.3, 6.4,
10.7, 17.1

Br32d, Br36d, Br40d, Br44d, Br49d, Br54d,
Br59d, Br64d

40

Definition 2.1, 4.1, 6.4,
10.5, 16.9

Br32f, Br36f, Br40f, Br43f, Br49f, Br54f, Br59f,
Br62f

40

Total number of protocols: 170

on GE scanners, as these were the closest thin slice thicknesses available. Thin slice thickness

was selected as a higher resolution is generally preferred for quantitative imaging to reduce

partial volume effects. Additionally, the provision of thin-slice data offers maximum flexibility, as

thick-slice datasets (e.g., 2.5 mm or 5.0 mm) can be readily synthesized from thin-slice images

through simple averaging. This allows users to simulate various clinical viewing conditions from

the provided data. Conversely, generating thin slices from thick-slice acquisitions is not possible

without the loss of high-frequency information or the introduction of interpolation artifacts.

All protocols used 120 kV, 0.5 second rotation time, pitch of 1.0, and 350 mm field of view.

Tube current modulation was disabled to ensure that acquisition was consistent across slices,

and enable precise and reproducible pairing between texture phantom scans and image quality

measurements. Detailed descriptions of the four CT scanner systems and the parameters that

were held constant across acquisitions are provided in Table 3.2.
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3.2.3 Image quality measurements

Image quality was measured using the Corgi® phantom. The 3D MTF, 3D NPS, and CNR were

computed using automated software evaluation as described in Siewerden and Uneri et al [87].

Spatial resolution was measured both in-plane (also referred to as “axial” or “2D”) and out-

of-plane (“oblique” or “3D”). The edge spread function (ESF) was measured from the PVC insert

and used to calculate the MTF for the 2D and 3D measurements. The MTF measurements were

made on the highest dose scans to minimize uncertainty introduced by image noise. For a given

scanner system and kernel, the spatial resolution measurements made on the highest dose scan

were then propagated to the lower dose scans. For linear FBP, it is reasonable to assume that

MTF is independent of dose.

The 3D NPS was measured on the phantom’s uniform module, composed of homogeneous

PUR. The NPS curves are obtained by radially sampling the 3D NPS in the axial and oblique

directions. The NPS was measured for each of the 170 conditions.

The CNR measurements were made on each insert (PVC, POM, PC, PA, PS) to assess

contrast detectability across a range of attenuations. The CNR was calculated as:

𝐶𝑁𝑅 = 𝜇ROI − 𝜇BACKGROUND
𝜎BACKGROUND

(3.1)

where 𝜇ROI is the attenuation measured within the insert, 𝜇BACKGROUND is the attenuation

measured in the background, and 𝜎BACKGROUND is the noise (standard deviation) of the back-

ground. The measured attenuation, contrast, and CNR were reported for each insert. The CNR

was measured for each of the 170 conditions.
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Figure 3.4: Illustrations of a selection of extracted image quality metrics.

3.2.4 Image quality metric calculation

From the extracted image quality measurements, we calculated a set of scalar parameters that

sought to characterize the shape and behavior of the MTF and NPS curves. We refer to these

derived scalar parameters as “image quality metrics” or IQMs. Figure 3.4 shows axial MTF,

oblique MTF, and NPS curves for an example CT protocol, with a selection of IQMs annotated

for illustrative purposes. The complete set of computed IQMs is listed in Table 3.3.

Resolution (MTF). From each axial and oblique MTF curve, the spatial frequencies at which

the MTF falls to 10%, 25%, and 50% were extracted (MTF𝑓10, MTF𝑓25, MTF𝑓50). To quantify

the degree of edge enhancement, the peak MTF value (MTF𝑝𝑒𝑎𝑘) and the frequency at which

it occurs (MTF𝑓𝑝𝑒𝑎𝑘) were also recorded. Overenhancing kernels produce an MTF that peaks

above 1.0 (MTF𝑝𝑒𝑎𝑘 > 1), whereas conventional kernels do not (MTF𝑝𝑒𝑎𝑘 ≈ 1); the peak value

therefore provides a continuous descriptor that distinguishes overenhancing from conventional

kernels.

58



Noise (NPS). From the NPS curve, 𝑁𝑃𝑆(𝑓), was summarized by its magnitude and its

frequency content. The noise magnitude 𝜎 characterizes the overall noise level, and NPS𝑚𝑎𝑥

gives the peak noise magnitude. The frequency content was summarized by the peak frequency

𝑓𝑃 and the average frequency 𝑓𝐴:

𝑓𝑃 = arg max
𝑓

[𝑁𝑃𝑆(𝑓)], (3.2)

𝑓𝐴 =
∫ 𝑓 𝑁𝑃𝑆(𝑓) 𝑑𝑓
∫ 𝑁𝑃𝑆(𝑓) 𝑑𝑓

, (3.3)

where 𝑓 = √𝑓2
𝑥 + 𝑓2

𝑦 is the radial spatial frequency and 𝑁𝑃𝑆(𝑓) is the radially rebinned 1D

NPS.

Detectability (NEQ). The frequency-dependent noise-equivalent quanta (NEQ) combines res-

olution and noise into a single detectability descriptor:

𝑁𝐸𝑄(𝑓) = 𝑎2 𝑀𝑇 𝐹(𝑓)2

𝑁𝑃𝑆(𝑓)
, (3.4)

where 𝑎 is the mean pixel value, computed from ROIs placed in the uniform module of the

phantom [94].

Spectral shape descriptors. In addition to the single-frequency metrics above, the overall

shape of the MTF, NPS, and NEQ curves was summarized by treating each curve as a distribution

over radial frequency and computing its skewness and kurtosis, which capture the asymmetry and

peakedness of the curve, respectively. This yielded the shape descriptors MTF𝑠𝑘𝑒𝑤, MTF𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠,

NPS𝑠𝑘𝑒𝑤, NPS𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠, NEQ𝑠𝑘𝑒𝑤, and NEQ𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠.
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Contrast detectability (CNR). As described in Section 3.2.3, CNR was measured on each

of the five inserts (PVC, POM copolymer, nylon, polycarbonate, polystyrene) to characterize

contrast detectability across a range of attenuations (CNR𝑃𝑉 𝐶, CNR𝑃𝑂𝑀, CNR𝑃𝐶, CNR𝑃𝐴,

CNR𝑃𝑆).

Each IQM was computed for all 170 imaging conditions.

Table 3.3: Image quality metrics calculated from measurements made with the Corgi phantom.

Image quality metric Symbol Unit
[Axi.|Obl.] MTF’s frequency at 10% MTF{𝑎𝑥𝑖|𝑜𝑏𝑙}𝑓10 mm−1

[Axi.|Obl.] MTF’s frequency at 25% MTF{𝑎𝑥𝑖|𝑜𝑏𝑙}𝑓25 mm−1

[Axi.|Obl.] MTF’s frequency at 50% MTF{𝑎𝑥𝑖|𝑜𝑏𝑙}𝑓50 mm−1

[Axi.|Obl.] MTF’s frequency at 75% MTF{𝑎𝑥𝑖|𝑜𝑏𝑙}𝑓75 mm−1

[Axi.|Obl.] MTF’s frequency at 90% MTF{𝑎𝑥𝑖|𝑜𝑏𝑙}𝑓90 mm−1

[Axi.|Obl.] MTF’s frequency at peak MTF{𝑎𝑥𝑖|𝑜𝑏𝑙}𝑓𝑝𝑒𝑎𝑘 mm−1

[Axi.|Obl.] MTF peak MTF{𝑎𝑥𝑖|𝑜𝑏𝑙}𝑝𝑒𝑎𝑘 1
[Axi.|Obl.] MTF skew MTF{𝑎𝑥𝑖|𝑜𝑏𝑙}𝑠𝑘𝑒𝑤 1
[Axi.|Obl.] MTF kurtosis MTF{𝑎𝑥𝑖|𝑜𝑏𝑙}𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠 1

Noise magnitude 𝜎 HU
NPS peak NPS𝑚𝑎𝑥 HU2mm3

NPS’s frequency at average NPS𝑓𝑎𝑣𝑔 mm−1

NPS’s frequency at peak NPS𝑓𝑝𝑒𝑎𝑘 mm−1

NPS skew NPS𝑠𝑘𝑒𝑤 1
NPS kurtosis NPS𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠 1

NEQ maximum NEQ𝑚𝑎𝑥 1
NEQ skew NEQ𝑠𝑘𝑒𝑤 1
NEQ kurtosis NEQ𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠 1

CNR of PVC CNR𝑃𝑉 𝐶 1
CNR of POM copolymer CNR𝑃𝑂𝑀 1
CNR of nylon CNR𝑃𝐶 1
CNR of polycarbonate CNR𝑃𝐴 1
CNR of polystyrene CNR𝑃𝑆 1
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3.2.5 Radiomic feature measurements

The radiomic features were measured using the texture phantom described in the Section 3.2.1.2.

Circular regions of interest (ROIs) with standardized dimensions were placed within four

texture inserts at three central, non-adjacent axial locations as shown in Figure 3.5 Sampling

central, non-adjacent slices mitigated potential artifacts from slice-to-slice correlation or edge

effects.

A
B

C

D

Figure 3.5: Texture phantom. ROIs and labels placed on the four texture inserts used in experi-
ments. (A) circular rods, (B) random circles, (C) checkerboard, and (D) square grid.

The radiomic features were extracted from each ROI using PyRadiomics software [76]. First

order and second order texture features were extracted, for a total of 94 QIFs. Shape features
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were excluded, as all ROIs were identical. The categories consisted of First Order Statistics (First

Order), Gray Level Co-occurrence Matrix (GLCM), Gray Level Run Length Matrix (GLRLM), Gray

Level Size Zone Matrix (GLSZM), Gray Level Dependence Matrix (GLDM), and Neighboring Gray

Tone Difference Matrix (NGTDM), as described in Table 3.4. A complete list of the radiomic

features used can be found in Table C.1. Features comply with feature definitions as described

by the Imaging Biomarker Standardization Initiative (IBSI) [59], to improve the reproducibility

and generalizability of our results.

Table 3.4: Radiomics feature categories, descriptions, and number of features extracted using
Pyradiomics [76].

Category Description Count
First Order Statistics
(First Order)

Characterize the distribution of voxel intensities with-
out regard to spatial relationships, including measures
of central tendency, dispersion, and distribution shape.

19

Gray Level Co-occurrence
Matrix (GLCM)

Quantify spatial relationships between neighboring vox-
els, capturing local texture patterns and directional de-
pendencies.

24

Gray Level Run Length
Matrix (GLRLM)

Characterize consecutive voxels with identical gray lev-
els, sensitive to linear texture patterns and directionality.

16

Gray Level Size Zone
Matrix (GLSZM)

Quantify regions of connected voxels with identical gray
levels, capturing information about texture homogeneity
and region sizes.

16

Gray Level Dependence
Matrix (GLDM)

Characterize dependence of voxels at specified distances,
capturing larger-scale texture patterns.

14

Neighboring Gray Tone
Difference Matrix
(NGTDM)

Assess local intensity differences, providing measures of
texture coarseness and complexity.

5

Total features 94
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3.3 Results

3.3.1 Image quality measurements and derived metrics

The MTF curves measure spatial resolution of the images as a function of spatial frequency. The

NPS curves provide a measure of the images’ noise as a function of spatial frequency, where

the overall magnitude corresponds to the image’s noise magnitude, and the shape of the curve

corresponds to the noise texture.

The measured image quality curves from the highest dose protocols of the dataset (CTDI𝑣𝑜𝑙 ≈17)

are shown in Figure 3.6. Evaluating a single dose level is sufficient to capture the majority of the

dataset’s range in image quality, as varying dose does not impact MTF or noise texture (only noise

magnitude). The measured axial and oblique MTF curves demonstrate a wide range of spatial

resolution, consistent with the range of reconstruction kernels included in the dataset (rang-

ing from smoothing to sharpening). Peak MTF values exceeding 1.0 indicate edge-enhancing

reconstruction. The oblique MTF curves (middle) are compressed to lower spatial frequencies

compared to the axial MTF curves (top), reflecting the reduced resolution in the slice-thickness

direction relative to the in-plane direction. The NPS curves (bottom) illustrate the expected

tradeoff between spatial resolution and noise: sharper kernels, which yield higher spatial resolu-

tion, are associated with substantially elevated noise magnitude and a shift of noise power toward

higher spatial frequencies. Line style denotes scanner model (see legend), with multiple curves

per scanner corresponding to the set of reconstruction kernels measured; the four scanners span

a broadly comparable range of imaging conditions. Taken together, these curves confirm that
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the imaging conditions sampled span a meaningful range of the resolution-noise tradeoff space,

providing a diverse set of protocols for evaluating relationships between image quality and texture

images.

Figure 3.7 shows the distributions of a representative selection of the extracted IQMs across

the 170 imaging conditions. The conditions span a wide range of both spatial resolution and

noise confirming that the dataset captures a meaningful diversity of image quality. Negative CNR

corresponds to 𝜇ROI < 𝜇BACKGROUND. This range in image quality, and selection of metrics

that capture that variation, enabling the characterization of IQM–radiomic relationships in the

following chapters.
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Figure 3.6: Measured image quality data from the highest CTDI𝑣𝑜𝑙 protocols of the dataset (≈17
mGy). Each line corresponds to a single imaging condition. From top to bottom: axial MTF,
oblique MTF, axial NPS. These curves illustrate the range in CT protocol represented in the
dataset.
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(a) Distribution of image quality metrics derived from the modulation transfer function (MTF)
measured from the dataset.

(b) Distribution of image quality metrics derived from the noise power spectrum (NPS)
measured from the dataset.

(c) Distribution of contrast-to-noise (CNR) values measured from the dataset.

Figure 3.7: Distributions of a selection of the extracted IQMs across the 170 protocols.
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3.3.2 Texture phantom image data

The image data from the texture phantom across the 170 protocols illustrates the impact of

imaging protocol on the image appearance qualitatively. Figure 3.8 shows close-up images of

the four texture objects for a selection of protocols from the highest dose level. For all four

texture objects, labeled A through D, variations in the reconstruction kernel substantially alter

the sharpness and noise. Smooth kernels, such as Apex SOFT and Force Br32d, yield images with

reduced visible noise but present blurred structural boundaries across the checkerboard and circular

patterns. Sharper kernels, such as the Apex EDGE or Force Br64d, enhance edge definition and

preserve high-spatial-frequency details, but also increase the amount of noise in the image.

A

Apex
SOFT

17.1 mGy

Definition AS
Br54f

16.9 mGy

Apex
EDGE

17.1 mGy

Force
Br49d

17.1 mGy

EVO
EDGE

17.0 mGy

Force
Br64d

17.1 mGy

EVO
DETAIL

17.0 mGy

Force
Br36d

17.1 mGy

Force
Br32d

17.1 mGy

Definition AS
Br43f

16.9 mGy

Apex
BONEPLUS
17.1 mGy

B

C

D

Figure 3.8: Close-up view of four of the texture objects (labeled A, B, C, D) on CT from a
random selection of 12 protocols from the highest dose level.

Figure 3.9 shows close-up images of the four texture objects at each dose level for a smooth

kernel (a) and a sharp kernel (b) to show the combined influence of radiation dose and kernel is
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further elucidated by comparing acquisitions across varying dose levels.

Figure 3.9 shows the effect of dose reduction from 17.1 mGy down to 2.1 mGy for a smooth

kernel (Br32d) and a sharp kernel (Br64d) from the Force scanner. For the smooth kernel (a),

the qualitative appearance of the texture objects remains relatively uniform across the dose range,

as the smoothing properties of the algorithm compensate for the increase in noise due to dose

reduction. The sharp kernel (b) displays a stronger sensitivity to radiation dose. As the dose

decreases, the noise increases substantially.

A
2.1 mGy 4.3 mGy 6.4 mGy 10.7 mGy 17.1 mGy

B

C

D

SOMATOM Force, Br32d

(a) Images across the five dose levels used recon-
structed with a Br32d kernel.

A
2.1 mGy 4.3 mGy 6.4 mGy 10.7 mGy 17.1 mGy

B

C

D

SOMATOM Force, Br64d

(b) Images across the five dose levels used recon-
structed with a Br64d kernel.

Figure 3.9: Close-up view of four texture objects (labeled A, B, C, D) on CT from the range of
radiation dose levels acquired. The smooth kernel (a) shows less variation than the sharp kernel
(b).
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3.3.3 Radiomics data

Feature sensitivity to protocol variations showed significant heterogeneity. Figure 3.10 shows

kernel density estimates (KDEs) of a selection of radiomic features, grouped by feature family,

with separate distributions for each of the four texture inserts (A–D). The separation of the four

distributions (textures) varied by feature. For example, first order mean and median, and several

GLCM and GLRLM features show distinct, only partially overlapping distributions across textures,

indicating the ability to discriminate between the texture objects. Other features, including

GLCM MaximumProbability, GLSZM ZonePercentage, and GLDM GrayLevelNonUniformity, show

substantial overlap across all four textures.

The width of each per-texture distribution reflects the variation in that feature’s value across

the 170 imaging protocols. For several features, such as GLDM GrayLevelVariance and GLRLM

RunEntropy, this protocol-induced spread is large enough that the per-texture distributions are

no longer clearly separable, indicating that CT protocol can introduce variation similar in scale

to the variation that distinguishes one physical texture from another.

The measured distributions of radiomic feature values for all features are provided in Ap-

pendix D.
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Figure 3.10: Distributions (KDEs) of a selection of radiomic features across all 170 protocols.
Each row contains three features for a given feature family. For each subplot, 𝑥-axis is feature
value and 𝑦-axis is kernel density estimate.
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3.4 Public release of the dataset

As part of this effort, a version of this dataset was curated and publicly released [95]. The

paired texture phantom and image quality (PTP-IQ) includes DICOM image data and HDF5

files containing image quality measurements, but does not include the derived image quality

metrics or the extracted radiomic feature values discussed in this Chapter. The public dataset

includes a second texture phantom (a radiomics liver phantom [64]) that was not used within

this dissertation. All files have been made available via Zenodo (https://doi.org/10.5281/

zenodo.16820900) [96].

While the radiomics liver phantom provides additional textures and modules that are distinct

from the 3D-printed phantom included in this Chapter, it is a custom-made object that was

not designed to be reproducible. Because reproducibility and open accessibility were prioritized

throughout this dissertation, we restricted our analyses to the 3D-printed phantom (presented

in Chapter 2), whose design can be reproduced by other groups from the publicly available

specification.

The public dataset includes 154 of the 170 imaging conditions described in this Chapter. This

is because (1) the public dataset was restricted to five dose levels per scanner, and (2) certain

conditions that were not acquired for the radiomics liver phantom.

The total dataset size is 17.57 GB uncompressed. Prior to upload, each subdirectory was

compressed using gzip (https://www.gnu.org/software/gzip/), after which the total size

was 9.59 GB. The repository is organized as follows:
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ptp-iq-dataset/

��� metadata.csv

��� radiomics-liver-phantom/

� ��� {protocol_id}/

� ��� {instance_number}.dcm

��� 3d-printed-texture-phantom/

� ��� {protocol_id}/

� ��� {instance_number}.dcm

��� image-quality-data/

� ��� {protocol_id}.h5

��� examples/

��� example-data/

��� environment.yaml

��� data_reading_example.ipynb

The use of the DICOM data format, HDF5 file format, gzip compression, and Zenodo repos-

itory align with Findable, Accessible, Interoperable, Reusable (FAIR) data management princi-

ples [97].
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3.5 Discussion

This dataset provides a unique resource for the quantitative imaging community by enabling di-

rect investigation of the quantitative relationship between fundamental image quality metrics and

image textures. The systematic variation of acquisition parameters across multiple scanner plat-

forms creates a controlled experimental framework for addressing key challenges in reproducibility

and robustness for quantitative imaging.

One important application of this dataset is in feature robustness analysis, where image

features (e.g., radiomics or handcrafted features) can be extracted and evaluated for stability

across a range of acquisition and reconstruction protocols. This can inform the selection of QIFs

that are reproducible for some relevant range of protocols. Conversely, the dataset may also

inform protocol optimization for specific quantitative imaging tasks: if particular features are

known to be predictive at a given operating point, one could determine the protocol conditions

under which those features remain stable, guiding protocol recommendations tailored to a given

clinical application.

More specifically, this dataset enables the analysis of feature robustness and reproducibility in

terms of measurable descriptors of image quality, rather than relying solely on protocol descriptions

that depend on manufacturer-specific terminology. While image quality measurements themselves

are the multi-factorial result of radiation dose, reconstruction kernel, and vendor-specific system

design, they provide a common, quantitative basis for characterizing the imaging conditions.

Currently, the reliance on categorical labels (e.g., ‘Br40d’ vs. ‘Bone’ kernels) limits the gen-
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eralizability of radiomic studies, as these labels lack a physical definition and vary significantly

between manufacturers. We hypothesize that physical image quality measurements provide a

standardized, manufacturer-independent coordinate system for comparing image acquisition and

reconstruction conditions. By studying radiomic features within this physical space, we collapse

the high-dimensional variability of proprietary hardware and software into a continuous set of

comparable metrics that will enable a more direct translation and application of research results

between studies. These approaches could be particularly important for achieving multi-center clin-

ical deployment of quantitative imaging-based predictive models; an objective that has remained

challenging despite promising results in research studies.

In practice, the image quality metrics provided in this dataset could be incorporated into har-

monization pipelines in several ways. Physical metrics such as MTF and NPS have been proposed

as a basis for harmonization through prospective protocol selection as a way of reducing variation

in radiomic features across scanner models [42], [43]. These metrics have also been proposed as

a basis for analytically predicting and correcting protocol-induced variation in radiomic features.

In this framework, MTF and NPS serve as quantitative inputs that characterize the resolution

and noise state of each imaging condition, enabling feature-level corrections that are grounded

in the underlying physics rather than dependent on categorical protocol labels [44], [45]. The

DICOM image subset alone also constitutes a valuable resource for validating or benchmarking

image-based harmonization and domain adaptation techniques: because the physical object be-

ing scanned is held constant across all imaging conditions, protocol-induced variation is the sole

source of differences between images, providing a degree of experimental control not achievable
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with clinical data [98], [99], [100].

The remainder of this dissertation explores some of these applications directly. In Chapter 4,

we use the dataset to characterize the relationships between physical image quality metrics and

radiomic feature values across the full protocol space. In Chapter 5, we develop and evaluate

models that predict radiomic feature variation from these metrics. Finally, in Chapter 6, we

extend the framework to predict the out-of-distribution performance of a deep learning model

across CT imaging conditions.

A number of potential extensions to this dataset are possible. Future contributions and

collaborations are supported by hosting on Zenodo, a stable open-access repository maintained

by CERN, which provides persistent archival and a permanent DOI to ensure the long-term

accessibility of this dataset. For example, external research groups could contribute annotations

or region-of-interest segmentations for the texture phantoms. This could be extended to the

release of the associated pre-computed radiomic feature measurements to supplement the existing

data.

Extending the dataset to additional texture objects is possible if a group has access to one

of the scanners used in the dataset. With careful matching of the protocol, the dataset’s image

quality data could be directly applied to study different texture phantoms. As the phantoms

used in this study consist of relatively simple texture patterns, extending to texture patterns

representing specific pathologies, or anthropomorphic phantom configurations for anatomical

realism could be of interest for targeted clinical investigations. For example, PixelPrint enables the

3D printing of patient-specific lung phantoms with accurate attenuation profiles and textures [70].
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This dataset differs from previously published CT phantom datasets in several important

respects. For example, Kalendralis et al. released a multicenter CT phantom dataset intended

for radiomics reproducibility tests [62]. However, Kalendralis et al. dataset used the COPDGene

Phantom II (Phantom Laboratory, Salem, NY) and the Abdominal Phantom (CIRS, Norfolk, VA)

which are composed of uniform density materials and were not designed for radiomics studies.

Additionally, their dataset does not include image quality measurements. The Credence Cartridge

Radiomics (CCR) Phantom dataset includes a variety of textures and was explicitly crafted to

study radiomics features [13]. However, it also lacks accompanying measurements of image

quality metrics, limiting its utility for studies that seek to correlate texture-based features with

objective image quality.

There are several limitations of the dataset that should be acknowledged. First, while the

dataset captures protocol variability across scanner models, manufacturers, dose levels, and re-

construction kernels, other sources of variability were not systematically explored. These factors,

such as slice thickness, beam energy, patient size, or positioning, can also significantly influence

image appearance and feature values and should be considered in future studies.

The phantoms used in this study represent a limited set of texture patterns. While they

provide a controlled and reproducible means of assessing texture sensitivity, they may not fully

capture the complexity and heterogeneity found in biological tissues. There are currently no

standard reference objects for assessing image texture in CT, and most commercially available

phantoms are composed of uniform materials. The texture objects included in this dataset

represent a preliminary step toward filling that gap, but additional efforts are needed to develop
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and standardize texture phantoms for quantitative imaging.

This dataset does not include images reconstructed using iterative reconstruction algorithms.

Although iterative methods are widely used in clinical practice, their non-linear behavior makes

it more challenging to characterize in terms of image quality. Future extensions of the dataset

may consider inclusion of iterative reconstructions, along with additional measures of image

quality required to characterize them, such as contrast- and noise-dependent measures of spatial

resolution, noise nonuniformity index, and noise inhomogeneity index; this may require defining a

task-specific context [30].

3.6 Conclusions

We have provided a public dataset of CT images from two texture phantoms that have been

acquired from multiple scanner models and a wide range of acquisition protocols, along with

the associated image quality measurements from each of those scanner models and protocols.

This unique resource enables systematic investigation of relationships between fundamental image

quality metrics and quantitative imaging features, addressing a critical need in radiomics harmo-

nization research. The dataset’s standardized acquisition design, paired image quality measure-

ments, and open-source components facilitate reproducible research toward robust quantitative

CT imaging. By making the PTP-IQ dataset freely available, we aim to accelerate development

of characterization and harmonization methods essential for clinical translation of QIF-based

biomarkers.
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In the remainder of this dissertation, we use this dataset to characterize and model radiomic

feature variation due to CT protocol using physical image quality (Chapters 4 and 5), and to

predict the effect of CT protocol variation on the out-of-distribution performance of a deep

learning model (Chapter 6).
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4 Investigating the effect of CT

protocol-induced variation on radiomic texture

features using physical image quality metrics

4.1 Introduction

Radiomic features are quantitative descriptors of intensity, texture, and shape extracted from

regions of interest within medical images, and have shown promise as imaging biomarkers of

disease status and progression [2], [3]. Their clinical translation is limited, however, by sensitivity

to CT acquisition and reconstruction protocol: the same physical object imaged under different

scanner models, reconstruction kernels, or dose levels can yield substantially different feature

values, and for texture features this protocol-induced variation can rival or exceed the biological

differences the features are meant to capture [13].

In Chapter 1, we proposed approaching that variation not by reducing a biomarker’s sensi-

tivity to it, as harmonization, standardization, and stability-based feature selection do, but by

characterizing and predicting it in terms of physical, scanner-independent image quality metrics.

In Chapter 3 we developed a dataset designed to enable this, but did not analyze it. It comprises

paired CT scans of a texture phantom (presented in Chapter 2) and an image quality phantom
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(Corgi, The Phantom Laboratory), acquired under 170 protocols spanning four scanner models

from two vendors (GE and Siemens), a range of dose levels (CTDI𝑣𝑜𝑙 approximately 2 to 17 mGy),

and seven or eight reconstruction kernels per scanner. For each protocol, 3D image quality mea-

surements (MTF, NPS, NEQ, CNR) were made from the image quality phantom, and radiomic

features extracted from the texture objects under identical conditions. This chapter is an initial

characterization of that dataset: it reduces the radiomic feature and image quality metric spaces

to representative subsets, builds intuition for how radiomic features respond to image quality, and

establishes that systematic relationships between the two exist.

The aims of this chapter are to: (1) reduce the radiomic feature and image quality metric

spaces to non-redundant representative subsets; and (2) demonstrate that radiomic features re-

spond systematically to variation in measured image quality. We additionally examine whether

these responses are consistent across the four texture objects, which would suggest the relation-

ships reflect general properties of the feature definitions rather than texture-specific effects.

The analyses in this chapter are primarily descriptive: the aim is to establish that the rela-

tionships are present and to characterize their form, not yet to model them. Establishing that

these relationships exist, and characterizing their form, builds the foundation for the predictive

modeling pursued in Chapter 5.
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4.2 Methods

4.2.1 Dataset

The dataset used was described in Chapter 3, and consisted of CT scans of a radiomics texture

phantom with paired image quality data for 170 protocols spanning four scanner models from

two vendors (GE and Siemens). CTDI𝑣𝑜𝑙 ranged from approximately 2 to 17 mGy, sampled at

five levels on the Siemens scanners and six on the GE scanners. Eight reconstruction kernels were

acquired per scanner, except the GE Revolution EVO, which had seven. This gave between 40

and 48 protocols per scanner; the full set of dose levels and kernels for each is listed in Table 3.1.

4.2.2 Radiomic feature selection

As an initial step to reduce the large radiomic feature space, we eliminated features that were not

reproducible between slices. This is a common first step in radiomics studies, as high intra-class

variability is not recommended for imaging biomarkers [1].

We calculated the coefficient of variation (CV) across slices for each texture object. The CV

is given as

𝐶𝑉𝑠𝑙𝑖𝑐𝑒 = 𝜎𝑠𝑙𝑖𝑐𝑒𝑠
𝜇𝑠𝑙𝑖𝑐𝑒𝑠

(4.1)

where 𝜎𝑠𝑙𝑖𝑐𝑒𝑠 is the standard deviation and 𝜇𝑠𝑙𝑖𝑐𝑒𝑠 is the mean calculated over three non-adjacent

slices. We eliminated features with a 𝐶𝑉 > 10% [101].

In addition, four radiomic features were selected to serve as representative examples for the
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initial investigation. Hierarchical clustering on the features’ Spearman rank-order correlations

was performed using Ward’s linkage [102]. Spearman correlation was preferred over Pearson

correlation for robustness to non-linear monotonic relationships between features. The distance

between any two metrics was defined as 1−|𝜌|, where 𝜌 is the Spearman correlation coefficient, so

that strongly correlated metrics in either direction are treated as close. Flat clusters were formed

by cutting the dendrogram at a distance threshold of 𝑡 = 1.0, corresponding to a minimum

absolute Spearman correlation of |𝜌| > 1 − 𝑡 for any two metrics to be assigned to the same

cluster. All implementations were done with the Python scikit-learn package [79].

4.2.3 Image quality metric selection

A total of 32 image quality metrics (IQMs) were computed from the MTF, NPS, CNR, and

NEQ measurements described in Chapter 3, summarized in Table 3.3. Many of these metrics

are expected to be highly correlated: for example, MTF evaluated at successive spatial frequency

points (𝑓10, 𝑓25, 𝑓50, 𝑓90) along the same measurement direction will vary together as the

reconstruction kernel changes. Retaining all 32 metrics would introduce substantial redundancy

into the regression models developed in Chapter 5, inflating the feature space without adding

independent information.

To reduce the feature space, we performed hierarchical clustering on the Spearman rank-

order correlation matrix of the 32 IQMs, computed across all 𝑁 = 170 protocols as described in

Section 4.2.2. Hierarchical clustering was performed using average linkage, in which the distance
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between two clusters is the mean pairwise distance between all members of each cluster, with

𝑡 = 0.10.

One representative metric was selected from each cluster as the metric with the highest

variance across all 170 protocols, computed on min-max scaled data. Variance was used as the

selection criterion in preference to a target-dependent measure such as mutual information, so

that the selected IQM set is fixed across all radiomic features and texture labels rather than

optimized for a specific modeling target.

4.2.4 Effect of image quality on texture appearance

To visualize how image quality variation affects the appearance of CT texture images, we selected

a subset of 12 protocols representing a range of measured MTF and NPS values in the dataset.

For each protocol, we extracted representative image patches from the four texture objects (A,

B, C, D) and displayed them side-by-side.

We created visualizations of the protocols displayed in random order to show the diversity

of image appearance across the dataset, and compared those to visualizations of the protocols

sorted by a single image quality metric to demonstrate systematic trends in texture appearance

as a function of that metric. These visualizations provide qualitative evidence that changes in

spatial resolution and noise texture produce visually perceptible and systematic changes in texture

appearance that correspond to changes in measured image quality.
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4.2.5 Radiomic feature dependence on image quality metrics

To quantitatively assess how radiomic features respond to image quality variation, we created

scatter plots of radiomic feature values versus individual image quality metrics. For each of the

four selected radiomic features, the feature values extracted from each texture object were plotted

as a function of selected image quality metrics.

Each point in these scatter plots represents a single protocol, with color indicating which

texture object (A, B, C, or D) the feature was extracted from. This visualization approach allows

us to assess: (1) whether relationships between image quality and radiomic features exist, (2)

the functional form of these relationships (linear, exponential, logarithmic, etc.), (3) whether

relationships are consistent across different texture types (indicated by similar trends for all four

colors), and (4) the relative strength of different image quality metrics as predictors of radiomic

feature variation.

Finally, the Spearman correlation coefficient was calculated between each radiomic feature-

texture object target and each selected IQM and visualized with a heatmap.

4.3 Results

4.3.1 Radiomic feature selection

A total of 52 features (out of the original 89) remained after applying the 𝐶𝑉 threshold of 10%.

This eliminated features with greater inter-slice variability in order to better isolate the impact of
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image quality as a source of variation.

From this subset of 52 radiomic features, four representative features were selected for il-

lustrative analyses. This was done based on the results of the hierarchical clustering shown in

Figure 4.1. A threshold of 1.0 was applied to form the clusters. The full Spearman correlation

matrix heatmap is provided in Appendix E.

Figure 4.1: Dendrogram of the clustering of the radiomic features. The hierarchical clustering is
performed using Ward’s linkage. The representative features are bolded.

Based on these results, the representative radiomic features selected were:

1. First order mean

2. First order kurtosis

3. GLCM autocorrelation

4. GLCM inverse difference normalized (IDN)
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4.3.2 Image quality metric selection

This procedure reduced the 32 IQMs to 𝑁𝐼𝑄𝑀 = 10 representative metrics. The dendrogram with

the clusters indicated by color is shown in Figure 4.2. The selected set are indicated with bolding,

and listed in Table 4.1. The selected set spans all major measurement categories: axial and oblique

MTF, NPS, NEQ and CNR, confirming that the clustering procedure did not preferentially discard

any physical measurement type. The full Spearman correlation matrix heatmap is provided in

Appendix E.

Figure 4.2: Dendrogram of the image quality metrics showing the clusters. The 10 selected IQMs
are shown bolded.
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Table 4.1: Representative image quality metrics selected after hierarchical clustering of the full
32-metric IQM set. One representative was selected from each cluster as the metric with the
highest variance across all 170 protocols.

Category Metric Description
MTF axial

(0∘)
MTF0 𝑓90 Spatial frequency at which the axial MTF falls to 90%
MTF0 peak Peak value of the axial MTF

MTF oblique
(45∘)

MTF45 𝑓75 Spatial frequency at which the oblique MTF falls to 75%
MTF45 peak Peak value of the oblique MTF
MTF45 skew Skewness of the oblique MTF curve

NPS
NPS 𝑓𝑝𝑒𝑎𝑘 Spatial frequency at which the NPS reaches its maximum
NPS skew Skewness of the NPS curve
NPS kurtosis Kurtosis of the NPS curve

NEQ NEQ kurtosis Kurtosis of the NEQ curve
CNR CNR (PVC) Contrast-to-noise ratio measured on the PVC insert

4.3.3 Effect of image quality on texture appearance

Figure 4.3 shows texture images from 12 randomly selected protocols, illustrating the substantial

diversity in image appearance across the dataset despite imaging identical physical objects. Visual

differences are apparent in both noise texture (granularity and magnitude) and spatial resolution

(sharpness of texture pattern edges).

Figure 4.4 presents the same protocols sorted by MTF45𝑓75 (top) and noise magnitude (bot-

tom). When sorted by MTF45𝑓75, a clear progression is visible from blurred texture patterns at

low MTF values (left) to increasingly sharp, well-defined patterns at high MTF values (right).

This is particularly evident in texture objects A and D, which contain high-frequency spatial pat-

terns. An apparent exception can be seen when comparing the EVO BONE 17.0 mGy column

to the neighboring Force Br40d 10.7 mGy column: despite both having an MTF45𝑓75 value of
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Figure 4.3: Close-up view of four of the texture objects (labeled A, B, C, D) on CT from 12
randomly selected protocols (selected from the 170 total).

0.30 mm−1, the Force Br40d appears noticeably more blurred than the EVO BONE.

When sorted by noise magnitude, the progression shows increasing noise visibility from left to

right, with smoother images at low noise values becoming progressively grainier at higher noise

values. This is most noticeable in texture object C, which has relatively uniform regions that

make noise more perceptible. Again, there is an apparent exception to the visual assessment:

the Apex STANDARD 2.0 mGy column is much softer visually than its neighbors. This protocol

corresponds to the lowest dose level included in the dataset, which happens to be the only one

of the 12 protocols included at that dose level, resulting in a higher measured noise magnitude

than the higher dose protocols it is being compared to, despite a relatively smoother kernel.

These visualizations demonstrate that measured image quality metrics (MTF, NPS) corre-

spond to systematic changes in image texture, and that this correspondence captures relationships

more subtle than visual inspection or protocol labels can easily resolve. While overall trends in
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sharpness and noise can be visually distinguished, we cannot reliably order protocols whose res-

olution or noise differ only slightly, and visual assessment can conflate the two, as illustrated by

the protocols that appear out of sequence when Figure 4.4 is sorted by a single metric. Man-

ufacturer protocol labels provide only an approximate ordering: kernel and dose descriptors are

categorical, vendor-specific, and combine several physical effects, so that protocols that share a

nominal label can produce measurably different MTF and NPS. The measured metrics instead

place every protocol on a common, continuous physical axis that captures these differences. Be-

cause radiomic features are mathematical quantifications of the same texture patterns, we expect

them to respond systematically to these measured image quality characteristics.
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Figure 4.4: Close-up view of four of the texture objects (labeled A, B, C, D) on CT from a range
of 12 protocols (selected from the 170 total). Images are shown sorted by MTF45𝑓75 (top), and
noise magnitude (bottom).
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4.3.4 Radiomic feature dependence on image quality metrics

Figure 4.5 plots the four selected radiomic features against representative IQMs, and shows clear

systematic relationships, although the form differs by feature. First order mean and GLCM auto-

correlation vary monotonically with the resolution metrics, decreasing as MTF45 skew increases.

GLCM IDN rises steeply with CNR and then saturates, approaching a plateau at high CNR. The

MTF45 peak column shows a discretization, with protocols falling into a few vertical bands rather

than spanning a continuous range— this is expected, as the peak MTF value is 1.0 for protocols

reconstructed without an edge-enhancing kernel. Overall, the general form of the relationships

between the radiomic features and IQMs is shared across the four textures, though first order

kurtosis differs: textures A and D respond similarly to each other, as do B and C, but the two

pairs respond differently, most notably to CNR (the first column).

Figure 4.6 summarizes the rank correlations between the four representative radiomic features

and the selected IQMs, computed separately for each texture object. Overall, the correlations are

strongest for the resolution metrics, CNR, and NPS 𝑓𝑝𝑒𝑎𝑘, weaker NEQ kurtosis, and weakest

for NPS skew and NPS kurtosis. GLCM autocorrelation and first order mean show the strongest

correlations, followed by GLCM IDN, and all three respond to IQM variation consistently across

texture objects, as shown by the visual uniformity down the four texture rows of each block.

In contrast, the correlations for first order kurtosis are weaker overall and lack this consistency:

textures A and D respond similarly to each other, while B and C respond differently from them.

Together, these results indicate that the selected features respond to the measured IQMs
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Figure 4.5: Scatter plots of the four selected radiomic features (subplot rows) vs example image
quality metrics (subplot columns) to illustrate some of the relationships captured. Each point
represents an individual CT protocol. Color represents the physical texture objects, with labeling
corresponding to the ROI labeling in Figure 4.4.

in a structured way, that the resolution metrics (MTF), CNR, and the noise peak frequency

(NPS 𝑓𝑝𝑒𝑎𝑘) are the strongest correlates, and that this response is consistent across textures for

first order mean, GLCM autocorrelation, and GLCM IDN, but texture-dependent for first order

kurtosis. The saturating and non-linear forms observed here also indicate that a purely linear

description would be insufficient, and that the model form may need to differ across radiomic

features.
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Figure 4.6: Spearman rank correlations between each of the four representative radiomic features
and the selected IQMs, computed separately for the four texture objects (rows A–D within each
feature block).

4.4 Discussion

This chapter establishes systematic, quantifiable relationships between physical image quality

metrics and radiomic feature values across 170 protocols spanning four scanner models and two
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vendors. Across the four selected features, the resolution metrics (MTF), CNR, and the noise

peak frequency (NPS 𝑓𝑝𝑒𝑎𝑘) were the dominant correlates, while the NPS shape descriptors (NPS

skew, NPS kurtosis) contributed little. The functional forms were frequently non-linear, such as

the saturating response of GLCM IDN to CNR, indicating that a linear description is insufficient.

Results also indicate that the appropriate model form may differ across features.

We also illustrate how these measured IQMs resolve protocol differences more finely than

either visual inspection or manufacturer protocol labels. Visual inspection orders the texture

images only by gross trends in sharpness and noise, and conflates the two, while manufacturer

labels are categorical, vendor-specific, and bundle several physical effects, so that protocols sharing

a nominal label can produce measurably different MTF and NPS. By placing every protocol on a

common, continuous, scanner-independent axis that the radiomic features are found to track, the

measured metrics make a quantitative, physically interpretable description of radiomic variation

possible, and provide the foundation for the predictive models of Chapter 5.

The image quality response was consistent across the four texture objects for first order mean,

GLCM autocorrelation, and GLCM IDN, suggesting that for these features the dependence is a

property of the feature definition rather than of the specific texture. First order kurtosis was

the exception, responding differently between the A/D and B/C texture pairs, plausibly because

as a higher-order moment of the intensity histogram it is sensitive to the tails and distribution

shape particular to each texture. This consistency is encouraging for the prospect that image-

quality-based descriptions transfer across textures, though whether it extends from these synthetic

phantom textures to clinical tissue remains to be tested.
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This analysis is descriptive and phantom-based. The functional forms are characterized qual-

itatively rather than fit, and each metric is examined univariately, whereas differences across CT

procotols likely impact multiple combinations of resolution and noise that a univariate view can-

not disentangle. The apparent exceptions in the sorted texture images, where protocols matched

on a single metric still differ visually, are a direct symptom of this and motivate the multivariate

treatment in Chapter 5.

Modeling these relationships is a natural next step, and is explored in the following chapter

(Chapter 5). Other future directions could include alternative approaches to extracting scalar

summary metrics from the image quality spectra, alternative approaches to feature and metric

set reductions, and extending the analysis to additional image textures, including clinical images.

4.5 Conclusions

This chapter extends radiomic feature irreproducibility across CT protocols from an empirical

observation to a quantifiable and physically interpretable phenomenon. By showing that radiomic

features respond systematically to scanner-independent image quality measurements, and that the

measured metrics resolve protocol differences more finely than visual inspection or manufacturer

labels, this work establishes the foundation for physics-based approaches to characterizing and

ultimately correcting protocol-induced radiomic variation in multi-center clinical applications.
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5 Predictive modeling of radiomic feature

variation due to CT protocol using physical

image quality metrics

This Chapter is based on the following abstract: M. A. Daly, J. M. Hoffman, A. M. Hernandez, A.

Uneri, J. Levy, B. Varghese, and M. F. McNitt-Gray, “Predicting Radiomic Feature Variation Due

to CT Protocol Using Measured Image Quality Metrics,” in 2026 Joint AAPM| COMP Annual

Meeting & Exhibition, Vancouver, BC: AAPM, 2026.

5.1 Introduction

In Chapter 4, radiomic feature values were shown to vary systematically with physical image quality

metrics across a diverse range of CT protocols. Features responded to spatial resolution (MTF)

and noise (NPS) in ways largely consistent across the four physical textures, with relationships

that were often non-linear, some approximately linear (variance versus noise magnitude), others

saturating or exponential (texture coarseness versus spatial resolution). These relationships were

broadly consistent across scanner models and vendors, suggesting that image quality metrics may

provide a scanner-independent basis for describing radiomic feature behavior.

This chapter investigates whether that relationship can be used predictively: whether the vari-

96



ation in radiomic feature values due to CT protocol can be quantitatively predicted from measured

image quality metrics. A model mapping measurable, scanner-independent image quality metrics

to radiomic feature values would allow the behavior of a feature under a given protocol to be

predicted without measuring it on every scanner and protocol, supporting prospective assessment

of radiomic model robustness and physics-based approaches to harmonization.

The primary objective of this chapter was to establish that radiomic feature variation due

to CT protocol can be predicted from physical image quality metrics. Rather than modeling

protocol-induced variation directly, each radiomic feature value was modeled as a function of

image quality, so that variation across CT protocols is captured through its dependence on image

quality. A separate model was fit for each feature, and its performance was reported on a held-out

test set. A secondary objective was to evaluate the generalizability of this modeling approach,

reporting within-vendor and cross-vendor generalization, and identifying the conditions under

which predictive accuracy is retained or degraded.

We hypothesized that radiomic feature variation could be accurately predicted from physical

image quality metrics, reflecting a dependence on measurable image quality rather than on propri-

etary scanner implementations. The extent to which this predictability transfers across scanners

and vendors was treated as an open question, bounded by the image quality coverage of the

dataset.
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5.2 Methods

5.2.1 Dataset

The models in this chapter predict radiomic feature values from physical image quality metrics

using the paired phantom dataset described in Chapter 3. The predictors were the 10 reproducible,

non-redundant image quality metrics selected in Chapter 4, derived from the 3D MTF and NPS

measurements. The prediction targets were the radiomic features retained after the inter-slice

reproducibility filtering in Chapter 4, extracted from each of the four texture objects (A–D). A

separate model was fit for each combination of radiomic feature and texture object.

5.2.2 Modeling approach

Each radiomic feature, for a given texture object, was predicted from the image quality metrics

using a regression model with ElasticNet regularization. For a radiomic feature value 𝑦 and the

vector of image quality metrics x for a given protocol, the prediction was

̂𝑦 = 𝑤0 + w⊤𝜙(x), (5.1)

where 𝜙(x) denotes a second-order polynomial expansion of the IQM vector, comprising the

original metrics, their squares, and their pairwise interaction terms; 𝑤0 is an intercept; and w is

the vector of fitted coefficients. The second-order expansion allowed the model to represent the

non-linear and combined dependencies on resolution and noise observed in Chapter 4.

The coefficients were estimated by minimizing the squared prediction error subject to an
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ElasticNet penalty, which combines an 𝐿1 (LASSO) term that drives uninformative coefficients

to zero, selecting a sparse subset of relevant terms, and an 𝐿2 (ridge) term that shrinks the

remaining coefficients to stabilize the fit [103]. This was selected because the number of candidate

terms was large relative to the 170 protocols. The penalty strength and the balance between

the 𝐿1 and 𝐿2 terms were selected by cross-validation within the training data for each model.

First-order (linear) models were additionally fit for comparison, to quantify how much of the

predictive accuracy depended on the non-linear terms.

5.2.3 Model evaluation

Each model was fit and evaluated on a random split of the full dataset (𝑛 = 170 protocols)

into training (80%) and test (20%) sets. Performance was evaluated using the coefficient of

determination (𝑅2) as the primary measure, and the root mean squared error (RMSE), reported

per feature in that feature’s own units, as a measure of absolute error. The proportion of models

exceeding 𝑅2 = 0.6 and 𝑅2 = 0.8 was also reported. This was repeated for each radiomic

feature, for each of the four texture objects.

5.2.4 Generalization assessments

Establishing that radiomic feature variation can be modeled from image quality metrics establishes

whether these relationships exist, but Section 5.2.3 does this by pooling the data from all four

scanner models then splitting the train and test sets randomly. With that relationship established,
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a secondary question is whether that predictive ability holds for scanner systems not included in

the training set is more valuable but more challenging scenario. This analysis extends the in-

distribution evaluation toward that more clinically realistic scenario, assessing how well predictions

transferred to scanners and vendors held out from training.

To assess the models’ generalizability beyond the conditions on which they were trained, two

additional configurations were evaluated. The same fitting procedure was used; only the train-test

splits of protocols differed. These splits are shown in Table 5.1. Results were aggregated and

reported per vendor.

In the within-vendor configuration, each model was trained on one scanner and tested on the

other scanner of the same manufacturer. All four pairings were evaluated: the two GE scanners

(Revolution Apex and Revolution EVO), and the two Siemens scanners (SOMATOM Definition

AS and SOMATOM Force). This tested transfer to an unseen scanner that shared a manufacturer

with the training scanner.

In the cross-vendor configuration, each model was trained on both scanners of one manufac-

turer and tested on both scanners of the other, in both directions. This was the most challenging

condition, as there are expected differences in hardware and software between manufacturers, as

well as the known difference in slice thickness for this dataset. The two directions were evaluated

separately to assess any asymmetry.
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Table 5.1: Train–test splits for the generalization experiments, with the number of protocols 𝑛
in each subset.

Configuration Split Training scanner(s) 𝑛train Test scanner(s) 𝑛test

Within-vendor

1 GE Apex 48 GE EVO 42
2 GE EVO 42 GE Apex 48
3 Siemens Definition 40 Siemens Force 40
4 Siemens Force 40 Siemens Definition 40

Cross-vendor 1 GE (Apex, EVO) 90 Siemens (Definition, Force) 80
2 Siemens (Definition, Force) 80 GE (Apex, EVO) 90

5.2.5 Image quality across vendors

To interpret the cross-vendor results, the extent to which the two manufacturers overlapped in

image quality space was assessed in two ways.

First, the overall structure of the image quality space was visualized using principal component

analysis. The 10 metrics were standardized to zero mean and unit variance and projected onto

their first two principal components. Protocols were labeled by scanner model and reconstruction

kernel to reveal how the manufacturers and their kernel families were distributed across the space.

Second, the overlap was quantified per metric. For each image quality metric, the range

spanned by the training manufacturer’s protocols was determined, and the proportion of the

test manufacturer’s protocols falling outside that range was computed. Together these indicated

whether poor cross-vendor transfer arose because the two manufacturers occupied different regions

of image quality space (requiring extrapolation), or because the underlying relationship between

image quality and radiomic features itself differed between them.
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5.3 Results

5.3.1 Overall model performance

The physical image quality metrics modeled radiomic feature variation well and predicted the

feature values accurately under the full-dataset configuration. Across the 52 radiomic features

and four texture objects (208 models), the mean test 𝑅2 was 0.88 ± 0.21, with 98 % of models

exceeding 𝑅2 = 0.6 and 91 % exceeding 𝑅2 = 0.8. Performance by feature class is summarized

in Table 5.2.

Table 5.2: Full-dataset prediction performance by feature class. Models were fit per feature and
texture object and evaluated on a held-out test set. Values were aggregated over all four texture
objects and all features in the class. Mean test 𝑅2 (± standard deviation) is reported, along with
median 𝑅2 and the percent of models exceeding 𝑅2 = 0.6 and 𝑅2 = 0.8.

Feature class 𝑛 features Mean 𝑅2 Median 𝑅2 𝑅2 > 0.6 𝑅2 > 0.8

First order 11 0.75 ± 0.43 0.92 89 % 75 %
GLCM 12 0.89 ± 0.06 0.91 100 % 92 %
GLDM 9 0.93 ± 0.01 0.93 100 % 100 %
GLRLM 10 0.92 ± 0.03 0.93 100 % 95 %
GLSZM 10 0.92 ± 0.03 0.93 100 % 95 %
All 42 0.88 ± 0.21 0.93 98 % 91 %

The results for each radiomic feature are provided in Figure 5.1. The texture feature classes

(GLCM, GLDM, GLRLM, and GLSZM) were generally predicted both accurately and consistently,

with mean 𝑅2 between 0.89 and 0.93 per class, indicating that the variation in these features due

to CT protocol is well described as a function of measured image quality. The first-order features

had a lower mean 𝑅2 (0.75) but a comparable median (0.92). This discrepancy was driven almost
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entirely by first-order minimum. As minimum is an extreme-value (the single lowest-valued voxel

in the ROI), it is dominated by noise rather than by systematic image quality effects. The other

first-order features were predicted well.

Restricting the models to first-order terms reduced the overall mean test 𝑅2 from 0.87 to

0.77, indicating that the underlying image quality–radiomics relationships are non-linear and are

captured more fully by the second-order model, consistent with the functional forms observed in

Chapter 4. Across-texture variation in 𝑅2 was small for most features, indicating that a feature’s

predictability from image quality was largely independent of the underlying physical texture. This

is consistent with the texture-independence observed qualitatively in Chapter 4.
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Figure 5.1: The mean test set 𝑅2 value for each radiomic feature, averaged over the four texture
objects. Error bars correspond to standard deviation.
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5.3.2 Generalization across scanners and vendors

The generalization performance is summarized in Table 5.3. Within-vendor transfer, training on

one scanner and predicting on the other scanner of the same manufacturer, retained much of the

predictive accuracy: the median test 𝑅2 was 0.67 for GE and 0.57 for Siemens, compared with

0.93 for the full-dataset configuration from Section 5.3.1. Prediction therefore transferred to an

unseen scanner of the same manufacturer, but with a loss of accuracy relative to the full-dataset

case.

Generalization across vendors, that is, training on one manufacturer’s scanners and predicting

on the other’s, was markedly lower. The median test 𝑅2 fell to 0.26 when testing on GE and

0.14 when testing on Siemens. Only 35 % and 22 % of models exceeded 𝑅2 = 0.6 for GE and

Siemens respectively, compared with 61 % and 46 % within-vendor.

The progression from full-dataset to within-vendor to cross-vendor produced a consistent

decline in predictive accuracy as the test conditions moved further from those seen in training.

Performance was also consistently higher for GE than for Siemens in both the within-vendor and

cross-vendor configurations.

Table 5.3: Generalization performance across train–test configurations. Median test 𝑅2 over all
reproducible features and four texture objects, with the fraction of models exceeding 𝑅2 = 0.6
and 𝑅2 = 0.8.

Configuration Test set Median 𝑅2 𝑅2 > 0.6 𝑅2 > 0.8

Within-vendor GE 0.67 61 % 28 %
Siemens 0.57 46 % 21 %

Cross-vendor GE 0.26 35 % 13 %
Siemens 0.14 22 % 11 %

105



Figure 5.2: Principal component analysis of the 10 image quality metrics across all protocols.
The first two components captured 73 % of the total variance (PC1: 51 %, PC2: 22 %). Marker
color corresponds to the scanner model and marker shape to the reconstruction kernel.

5.3.3 Range in image quality across vendors

Two possible causes of the models’ failure to generalize across vendors were: (1) the two man-

ufacturers occupy different regions of image quality space, requiring models to extrapolate when

trained on one and then predicting on the other, or (2) the underlying relationship between image

quality and radiomic features itself differs between them.

To assess this, the structure of the image quality space was visualized using PCA of the 10

metrics across all protocols (shown in Figure 5.2). The first two components captured 73 % of
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the total variance (PC1: 51 %, PC2: 22 %). Each scatter point corresponds to one protocol, with

color corresponding to scanner model and marker shape corresponding to reconstruction kernel.

Multiple points with the same color and marker shape are the different radiation dose levels.

The first principal component appears to act broadly as an axis of reconstruction kernel

sharpness, with increasing values corresponding to smoother kernels (e.g., Br32f, CHST), and

negative values corresponding to edge-enhancing kernels (e.g., Br62f, LUNG). While protocols are

grouped within a small range about PC2 = 0 where PC1 > 0, the edge-enhancing kernels separate

widely across PC2. In particular, the extrema of PC2 are distinctly occupied by GE protocols:

LUNG at the minimum values of PC2, and EDGE at maximum values of PC2, consistent across

both GE scanners. This suggests these are the most dissimilar protocols from the rest of the

dataset in terms of IQMs measured.

Figure 5.3: Distributions (kernel density estimation) of each of the IQMs used for modeling for
each manufacturer.
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However, this separation does not necessarily reflect non-overlapping ranges on the individual

metrics. The distributions (as kernel density estimates) of each of the IQMs for the two vendors

are shown in Figure 5.3. These show directly where the ranges overlap between vendors, and

where they were “out-of-range”.

Table 5.4 reports, for each manufacturer, the fraction of the other’s protocols falling outside

its measured range. Although most test protocols fell outside the training manufacturer’s range

on at least one metric, the typical protocol did so on only about one of 10 metrics, remaining

within range on the rest. Therefore, the two manufacturers overlap on most image quality metrics

individually, and their separation in image quality space reflects a concentration of out-of-range

behavior on a subset of metrics.

Table 5.4: Coverage of each test manufacturer’s protocols by the training manufacturer’s mea-
sured image quality metric ranges. “Out of range (≥ 1 metric)” is the fraction of test protocols
outside the training range on at least one metric; “mean metrics out of range” is the average
number of metrics (of 10 total) on which a test protocol falls outside the training range.

Train Test Out of range (≥ 1 metric) Mean metrics out of range
GE Siemens 57 % 1.2 / 10
Siemens GE 63 % 1.0 / 10

Where protocols had out of range IQMs, they were the NPS shape descriptors and 𝑓𝑝, the

oblique (45∘) MTF (its skewness and 𝑓75), while the axial (0∘) MTF descriptors and the CNR

remained largely in range. The leading metric differed by train-test direction: when predicting

Siemens protocols from GE-trained ranges, the NPS kurtosis and 𝑓𝑝 were most often out of

range (each 29 % of protocols), followed by the oblique MTF skewness (25 %); when predicting
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GE protocols from Siemens-trained ranges, the oblique MTF 𝑓75 led (33 %), while the NPS 𝑓𝑝

fell entirely within range.

A model trained on one manufacturer must therefore extrapolate along this set of spectral

shape and oblique-resolution metrics when predicting on the other, which may account for the

poor cross-vendor generalization in Table 5.3.

5.4 Discussion

This investigation shows that CT-protocol induced variation in radiomic features, which has

been established as an obstacle to clinical implementation of AI systems, can be predicted from

measured physical image quality metrics, but that the strength of this prediction depends on how

far the test conditions depart from those represented in training. Prediction was strong within

the full sampled image quality space and substantially retained when generalizing to an unseen

scanner of the same manufacturer, but degraded sharply across manufacturers. Rather than a

uniform demonstration of scanner-independence, the results revealed conditions under which the

physical image quality coordinate system supports prediction and the conditions under which

it does not. The cross-vendor limit, in particular, has an identifiable physical origin, which we

examine below.

A limitation of this work stems from the choice of modeling approach. ElasticNet with

a second-order polynomial expansion was selected to provide a continuous, differentiable, and

interpretable mapping of how physical terms interact. However, polynomial regression cannot
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reliably extrapolate: outside the range of image quality spanned by the training protocols, low-

order polynomial terms diverge rather than saturating to physically plausible values. The models

therefore interpolate well across the sampled protocol space but degrade when predicting under

image quality conditions not seen during training. This is likely a primary source of the poor

cross-vendor transfer observed in Section 5.3.2: the metrics on which the manufacturers diverge

place the test protocols outside the training range, where the polynomial terms are unconstrained.

Future work could consider alternative model families. Multivariate Adaptive Regression

Splines (MARS) or cubic splines could provide flexibility to model complex, non-linear interactions

within the sampled domain while enforcing linear constraints beyond the boundary, preventing

exponential divergence. Alternatively, tree-based machine learning methods, such as random

forests, could be evaluated; while they cannot extrapolate beyond their training targets, com-

paring these specific failure modes against spline-based extrapolation could inform the optimal

framework for modeling radiomic features as a function of image quality metrics.

Another limitation is the reduction of each MTF and NPS curve to a small set of scalar

descriptors. Two protocols can share these scalars while differing in the underlying curve shape,

so any radiomic variation driven by that shape is not captured. Using the curves directly, either by

sampling them densely or by decomposing them into a few dominant modes of variation, would

retain this information. This was not done here because the curves are high-dimensional relative

to the 170 protocols, and the scalar descriptors provide a tractable, interpretable summary. Using

the full curves would require either a larger dataset or a functional representation, and is a natural

extension.
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5.5 Conclusions

Radiomic feature variation due to CT protocol can be predicted from physical image quality met-

rics. The texture feature classes were predicted with a mean 𝑅2 of 0.89 to 0.93 within the sampled

image quality space. While prediction transferred to unseen scanners of the same manufacturer,

generalization across manufacturers was limited. Image quality metrics therefore provide a quan-

titative, scanner-independent basis for predicting protocol-induced radiomic variation, within the

range of image quality a model has sampled.
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6 Predicting CNN generalization across CT

imaging conditions using physical image quality

metrics

A version of this chapter is in preparation to be submitted as a manuscript to Medical Physics.

6.1 Introduction

Despite the transformational developments of the “deep learning revolution” of the 2010s, deep

learning (DL) based artificial intelligence (AI) systems have so far achieved limited success in

real-world medical imaging applications [104]. The application of these recent advances in DL to

radiological imaging has been of great interest due to its potential to improve workflow efficiency

by automating diagnostic and detection tasks, increase standardization through quantitative as-

sessment of imaging data, and improve accuracy by leveraging imaging features beyond what can

be perceived a human reader [5].

Although many studies have achieved state-of-the-art results by applying DL to medical imag-

ing tasks, the reported performance is rarely replicated when models are tested on external

datasets not encountered during training and development. For example, Zech et al. (2018)

showed a pneumonia detection model that achieved an area under the receiver operating char-
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acteristic curve of 0.931 on internal data, but decreased to 0.815 on an external test set from

another institution [14]. Wang et al. (2020) tested three published CNN models for mammo-

gram classification and found that the AUC scores decreased from between 0.88 and 0.95 on the

reported validation data to between 0.44 and 0.65 on three external test sets [15]. A systematic

review of radiologic DL models by Yu et al. (2022) found that 81% of algorithms demonstrate

diminished performance when applied to external datasets, with 24% reporting a decrease in

performance of ≥0.10 on the unit scale [16]. The observed performance decrease when applying

DL models to external test sets is primarily attributed differences between the data the model

was trained on and the diverse data encountered in real-world clinical practice.

Any difference between the distribution of the training dataset and the distribution of the

data where the model will be applied is known as data shift [17]. In classic supervised learning,

the training and test data are assumed to be independent and identically distributed, known as

the i.i.d. assumption [105]. However, this assumption can be easily violated when models are

deployed clinically, and the model will encounter samples that are out-of-distribution (OOD).

Thus, the impact of data shift on model performance is innately related to the clinical utility of

these AI systems.

One of the most prevalent and well-studied sources of dataset shift in medical imaging is

known as acquisition shift. The term acquisition shift describes differences between the train

and test data distributions caused by differences in scanners or imaging protocols [106]. In the

context of CT imaging, acquisition shift can be caused by variation in the selection of technical

parameters such as tube current, slice thickness, and reconstruction kernel, as well as by other
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differences in scanner hardware and software. Thus, in this context, we consider sources of

acquisition shift to include the full image processing pipeline, inclusive of image reconstruction

(rather than referring to image acquisition and reconstruction as two independent processes, as is

common in CT imaging). Scan protocol factors are well-known to influence the image’s spatial,

contrast, and noise characteristics, partial volume averaging effects, and the ability to mitigate

physiologic motion [20].

Although acquisition shift is not the only source of data shift in CT imaging applications, this

work focuses specifically on the impact of data shift caused by CT protocol variation. The impact

of CT protocol differences on downstream quantitative imaging assessments is well-established [8],

[107], [108], and prior work has demonstrated that variation in physical imaging parameters is a

primary driver of domain shift in medical imaging applications more broadly [109]. Importantly,

protocol-induced shift differs from most other sources of domain shift in that many relevant

technical parameters are recorded in the DICOM header of every CT image, guaranteeing their

availability at test-time. This makes CT protocol variation a uniquely tractable form of domain

shift.

Ideally, a clinical physicist deploying a trained model under a new CT protocol could obtain a

quantitative estimate of expected performance degradation without needing to collect additional

patient images. However, knowing the protocol information alone does not itself provide a

mechanism for predicting its impact on model performance.

We propose that phantom-derived image quality metrics (IQMs), which translate protocol

parameters into standardized physical measurements of spatial resolution and noise, provide a
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mechanism for doing this. If the relationship between protocol-induced image quality shift and

CNN performance degradation can be characterized, then this relationship could be used prospec-

tively to predict performance under unseen protocols. In this study, we evaluate this hypothesis

using classification of nodule vs non-nodule lung patches as a representative task, assessing

whether the impact of CT protocol variation on CNN classifier performance can be characterized

and predicted from phantom-based IQMs alone.

6.2 Methods

To predict how a CNN trained on one CT protocol will perform on another, two quantities must

be measured for each protocol pair: (1) the difference in image quality, and (2) the difference

in CNN performance. Phantom imaging provides (1) by acquiring scans of an image quality

phantom under each protocol and extracting quantitative IQMs. Using the dataset developed in

Chapter 3, we obtain a characterization of each protocol’s image resolution and noise. Obtaining

(2) requires training and evaluating CNNs across a controlled set of imaging protocols.

The protocol on which a CNN was trained is the source condition 𝑝𝑠, and any protocol on

which that model is subsequently evaluated as the target condition 𝑝𝑡. If the performance of

that CNN is measured with a metric ℳ, then the quantity of interest is the change in CNN

performance across a source-to-target protocol pair (𝑝𝑠, 𝑝𝑡), given by:

Δℳ𝑠,𝑡 = ℳ𝑡 − ℳ𝑠 (6.1)
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where ℳ𝑠 is the performance of CNN evaluated on its source condition 𝑝𝑠, and ℳ𝑡 is the

performance of the same CNN evaluated on target condition 𝑝𝑡.

After acquiring both quantities for a sufficient number of protocols, the relationship between

the difference in image quality (ΔIQM), and the difference in CNN performance (Δℳ) can be

characterized with a regression model. That fitted model predicts the expected CNN performance

degradation using only phantom measurements from an unseen target protocol. An overview of

the approach is provided in Figure 6.1. In this work, both quantities are obtained under controlled

conditions that isolate protocol shift as the sole source of variation. This controlled design is

what makes the Δℳ𝑠,𝑡 measurements interpretable as a direct measure of protocol-induced

performance shift.

Figure 6.1: Overview of the experimental approach. The CNN performance prediction model is
developed on (ΔIQM, Δℳ) measurements made from the AS64 dataset. The model is then
tested on an external validation dataset from the Force scanner to assess its ability to generalize
to an unseen scanner model (here, measured using mean square error (MSE)).
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6.2.1 Representative task

As a representative DL task, a CNN was trained to classify 2D patches extracted from lung cancer

screening CT images as “nodule” or “non-nodule,” as illustrated in Figure 6.2. The task was

inspired by the false positive reduction step of many traditional lung nodule detection systems,

which would often be applied after a nodule candidate detection step that operated with a high

sensitivity resulting in a high false positive rate [110]. Tasks related to lung nodule detection are

clinically relevant due to the the high volume of lung cancer screening [111] and well established

as a deep learning applications through the LUNA16 challenge and its successors [110]. This

application is also potentially sensitive to reconstruction parameters, making it a meaningful test

case for the proposed IQM-based prediction framework [12], [112], [113].

Figure 6.2: Illustration of the classification task using data from the LUNA16 challenge. (a)
Shows patches containing lung nodules, (b) shows patches without true nodules. Modified from
Setio et al. [110].
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6.2.2 Imaging data and patient cohort

Our cohort consisted of 423 CT studies from 423 patients who had undergone lung cancer screen-

ing at our institution [93], [114]. Raw CT projection data was collected alongside standard image

data with the approval of a local institutional review board, enabling retrospective reconstruction

of each study under arbitrary acquisition and reconstruction settings.

Scans were acquired on two scanner models: Siemens Definition AS 64 and Siemens Force

(Siemens Healthineers, Forchheim, Germany). All scans were acquired at 120 kV and a target

CTDI𝑣𝑜𝑙 of 2.0 mGy. Image data was reconstructed with Br45f kernel, 1.0 mm slice thickness.

Lung nodule locations were provided by radiologists on the clinical scans and then manually

annotated by expert readers; 232 scans contained nodules, and 191 did not contain nodules.

Some scans contained more than one nodule. A total of 491 lung nodules were identified and

annotated. A summary of the dataset is provided in Table 6.1.

Table 6.1: Patient cohort and nodule distribution by scanner model.

Definition AS64 Force Total
Patients (𝑁) 392 31 423

With nodules 212 20 232
Without nodules 180 11 191

Nodules (𝑛) 458 33 491
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6.2.3 Dataset construction

6.2.3.1 Multi-reconstruction image dataset

For each study, the raw CT projection data was reconstructed with 𝐾 = 8 different reconstruction

kernels. The image processing was done using the program ReconCT (Siemens Healthineers,

Forchheim, Germany, version 14.2). The settings used for each of the two scanner models are

described in Table 6.2.

Reconstruction kernels were selected based on the imaging conditions used in Chapter 3 so

that each reconstruction could be matched to phantom-based measurements of image quality,

providing the paired (ΔIQM, Δℳ) observations required for model development. These kernels

were all body kernels spanning from smooth (Br32f/Br32d) to sharp (Br62f/Br64d). Though

Siemens reconstruction kernels are numbered in a way that roughly corresponds to image sharpness

(with higher numbers being sharper), the algorithms used are proprietary and are not necessarily

the same between scanner systems; this is reflected in the differing naming scheme (with the “f”

suffix corresponding to the AS64 scanner and the “d” suffix corresponding to the Force scanner),

and in that the numbers available on one system are not necessarily available on another system.

For these reasons, the kernel names alone cannot be used as a way to match across scanner

systems reliably. All kernels used were filtered backprojection (FBP).
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Table 6.2: Image acquisition and reconstruction conditions for each scanner model.

Scanner model CTDI𝑣𝑜𝑙 Convolution kernels
Definition AS64 2.05 mGy Br32f, Br36f, Br40f, Br43f, Br49f, Br54f, Br59f, Br62f
Force 2.14 mGy Br32d, Br36d, Br40d, Br44d, Br49d, Br54d, Br59d, Br64d

6.2.3.2 Image quality measurements

Each reconstruction condition was paired with the corresponding image quality data, extracted

from the dataset described in Chapter 3. This included metrics derived from axial and oblique

MTF and NPS curves, as well as CNR measurements. A full description of the image quality

measurements and extracted metrics can be found in Table 3.3.

6.2.3.3 Patch extraction

The inputs to the CNN consisted of 2D image patches extracted from lung cancer screening CT

scans, with associated ground-truth labels indicating the presence of a target lesion (nodule).

Positive patches containing true nodules were centered on the annotated target coordinates.

The patch bounding boxes were 60 mm squares, which were randomly jittered by up to 20 mm.

All patches were resampled to 128 × 128 pixels and intensity-normalized to the range [0, 1] using

a clinical lung window (WW: 1600 HU, WL: −600 HU).

Negative patches, representing potential false positive (FP) candidates, were generated from

CT studies that were free from nodules based on the radiologist’s report. Sourcing patches

from these negative scans guaranteed the absence of true underlying pathology while maximizing

the number of unique patients represented in the dataset. Because the studies originated from
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the same cohort and therefore meets the lung cancer screening criteria, the background lung

parenchyma is more likely to include clinical variations and pathologies expected in this population,

such as fibrosis and emphysema (rather than being derived from “healthy” patients).

To simulate more challenging pseudo-FP nodule patches, negative patches were selected

from regions of elevated attenuation within the lung. First, a lung mask was generated using

the open-source LungMask tool applied to the smoothest reconstruction kernel available for each

series [115]. Pixels within the lung mask with attenuation values > −600 HU were grouped

into contiguous clusters, and the center of mass was calculated for each candidate group. Final

patch center locations were then randomly sampled from these high-density candidate clusters to

construct the desired class prevalence.

This sampling approach also allows for the construction of a dataset with a fixed class balance.

As the focus of this investigation is on the impact of CT protocol on CNN performance, and

prevalence directly impacts both the measured performance of a CNN as well as the interpretation

of those performance metrics, ensuring consistent prevalence across data splits was considered

highly important. The number of non-nodule patches was set to create a ratio of 3:1 negative

to positive patches. This class imbalance reflects the clinical reality that a first-stage candidate

generator would produce substantially more negative candidates than true nodules at a high

sensitivity, while remaining moderate enough that (1) the CNNs could be expected to learn the

task well with the relatively small dataset available, and (2) the performance metrics would remain

interpretable and comparable across conditions.
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6.2.3.4 Dataset splits

The data was split by scanner, such that studies acquired on the Definition AS64 (𝑁 = 392

patients) were used to develop the CNN performance prediction model, and studies acquired on

the Force (𝑁 = 31 patients) were used as an external validation set to evaluate the final model.

Within the Definition development dataset, an 80/20 train/test split was applied, with a

further 20% of the training set held out for validation. All splitting was done randomly, grouped

by patient, and stratified by class. Splits were applied identically across all eight reconstruction

conditions, ensuring that the same patients appeared in the same split regardless of reconstruction

kernel. These data splits are shown in Figure 6.3.

A total of 1863 image patches were generated, comprising 475 true positive and 1388 false

positive samples. Final nodules counts with exact prevalence are provide in Table 6.3.

Table 6.3: Patch counts and prevalence across dataset splits.

Scanner Split Nodule patches Non-nodule patches Total samples Prevalence

Definition
Train 294 828 1122 26.20%
Validation 61 214 275 22.18%
Test 87 284 371 23.45%

Force Test 33 99 132 25.00%
Combined (total) 475 1388 1863 25.50%
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Figure 6.3: Dataset splits. Model development was done with the AS64 data (blue). The Force
data (red) was used as an external test set.

6.2.4 Measuring CNN performance across CT imaging conditions

6.2.4.1 CNN training and evaluation

A binary classification network was trained independently on each of the 𝐾 = 8 reconstruc-

tion conditions from the Definition AS64 development dataset, for 𝑠 = 1, … , 𝐾, yielding eight

separately trained CNNs. Each CNN was subsequently evaluated on all 𝐾 conditions as target
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protocols 𝑝𝑡, for 𝑡 = 1, … , 𝐾, producing 𝐾2 = 64 source-target pairings in total.

The primary evaluation metrics were the area under the receiver operating characteristic

curve (AUROC) and the area under the precision-recall curve (AUPRC). Threshold-independent

metrics were selected to characterize overall performance without defining a specific operating

point; AUPRC was additionally favored given the class imbalance in the dataset, as it weights

performance toward the minority (positive) class [116].

Each CNN used a ResNet-18 architecture [117] initialized with pretrained ImageNet weights [118],

with the first layer frozen during training. Input patches were normalized to zero mean and unit

variance using per-condition statistics computed from the training split. Data augmentation

included random horizontal and vertical flipping and random affine transformations comprising

rotations up to 180°, scaling between 0.8 and 1.2, and translations up to 10% of image dimen-

sions. Training was performed with weighted cross-entropy loss with a class weight proportional

to the negative-to-positive sample ratio, AdamW optimizer [119] with weight decay of 0.01, batch

size of 32, and an initial learning rate of 0.001. Early stopping was employed based on validation

AUROC with a patience of 10 epochs. The learning rate scheduler used ReduceLRonPlateau

with a factor of 0.5 and a patience of 3 based on validation AUROC. The final model weights

were selected from the earliest epoch within 0.5% of the peak validation AUPRC. All training

was performed with an Nvidia GeForce RTX 2080 Ti GPU, implemented in PyTorch [120].
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6.2.4.2 Change in CNN performance across CT imaging conditions

In this work, ℳ is instantiated as AUPRC, such that Equation (6.1) becomes:

ΔAUPRC𝑠,𝑡 = AUPRC𝑡 − AUPRC𝑠 (6.2)

where AUPRC𝑠 is the performance of CNN evaluated on its source condition 𝑝𝑠, and AUPRC𝑡 is

the performance of the same CNN evaluated on target condition 𝑝𝑡. In this work, the conditions

were reconstruction kernels, and each condition corresponded to the set of images reconstructed

using that kernel. A positive ΔAUPRC𝑠,𝑡 then corresponds to an increase in performance relative

to the source condition, while a negative value indicates a decrease in performance relative to the

source condition.

Figure 6.4: Schematic for training and evaluating a CNN within the same domain, source condition
𝑝𝑠.

Figure 6.4 illustrates the process of obtaining AUPRC𝑠 by evaluating each CNN on its own

source condition. Figure 6.5 illustrates the process of obtaining AUPRC𝑡 by evaluating the same

CNN on each target condition.

To obtain an estimate of the uncertainty in each ΔAUPRC𝑠,𝑡 value, both AUPRC𝑠 and

AUPRC𝑡 were computed using bootstrap resampling of the test set with 𝐵 = 1000 iterations.
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Figure 6.5: Schematic for evaluating the performance of a CNN trained on the source condition
𝑝𝑠 when predicting on the target domain 𝑝𝑡.

The mean of the bootstrapped distribution was taken as the point estimate and the variance 𝜎2
𝑠,𝑡

as a measure of statistical uncertainty.

This yielded a dataset {(Δ𝐼𝑄𝑀𝑠,𝑡, ΔAUPRC𝑠,𝑡)} of 𝑁 = 𝐾2 = 64 source-to-target pairs

for use in model fitting.

6.2.5 Modeling CNN performance as a function of image quality

To systematically characterize the nature of CNN performance degradation under domain shift,

we evaluated three distinct mathematical models. For each candidate model, the dependent

variable 𝑦 = ΔAUPRC𝑠,𝑡 represents the observed change in CNN performance, and the indepen-

dent variable 𝑥 = ΔIQM𝑠,𝑡 represents the scalar IQM shift, measured from the image quality

assessment phantom in Chapter 3, between source and target conditions.

6.2.5.1 Candidate model forms

Three candidate model forms were considered:
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1. Linear model. The linear model assumes that performance degrades at a constant rate

as the image quality deviates from the training baseline:

𝑦 = 𝛽0 + 𝛽1|𝑥| (6.3)

This model uses the absolute magnitude of the shift, |𝑥|, and therefore assumes that

performance depends only on the size of the deviation from the training domain, not its

direction.

2. Quadratic model. The quadratic model is the only model evaluated using the signed,

directional IQM shift (𝑥) rather than its absolute magnitude:

𝑦 = 𝛽0 + 𝛽1𝑥 + 𝛽2𝑥2 (6.4)

This allows the model to capture asymmetry with respect to zero domain shift. For example,

the performance when the target condition is sharper than the source (ΔIQM > 0) may

differ from the response when it is smoother (ΔIQM < 0). The quadratic is still symmetric

about its own vertex, so it cannot capture asymmetric rates of change.

3. Exponential model. The exponential model tests whether the relationship between do-

main shift and performance degradation is nonlinear, with larger shifts associated with

increasingly rapid declines in performance. The model is given by

𝑦 = 𝛽0 + 𝛽1𝑒𝑘|𝑥| (6.5)
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where 𝛽0 is the intercept and 𝑘 determines the rate at which the response changes with

increasing domain shift. This model predicts relatively small changes at low levels of domain

shift and progressively larger changes as the magnitude of the shift increases.

6.2.5.2 Model fitting and evaluation

The linear and quadratic models were estimated directly using weighted least squares. The

exponential model was estimated using nonlinear least squares and required iterative optimization.

Because reliable estimation of the quadratic and exponential models was not feasible using only

the eight source-target evaluations available for a single trained CNN, observations were pooled

across all eight independently trained CNNs (𝑛 = 64).

The weights were defined as the inverse variance of each bootstrapped ΔAUPRC𝑠,𝑡 estimate:

𝑤𝑠,𝑡 = 1
𝜎2

𝑠,𝑡
(6.6)

where 𝜎2
𝑠,𝑡 denotes the variance of the bootstrapped ΔAUPRC𝑠,𝑡 estimate for a source-target

pair (𝑝𝑠, 𝑝𝑡).

For a given image quality shift Δ𝐼𝑄𝑀𝑠,𝑡, the fitted model predicts the corresponding change

in performance:

̂ΔAUPRC𝑠,𝑡 = 𝑔(Δ𝐼𝑄𝑀𝑠,𝑡; , 𝛽̂) (6.7)

where 𝑔(⋅) denotes the fitted regression function (linear, quadratic, or exponential; Equations (6.3)

to (6.5)) and 𝛽̂ are the estimated model parameters.
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Model performance was evaluated by comparing predicted and observed ΔAUPRC𝑠,𝑡 values

across all source-target pairs. Predictive accuracy was quantified using root mean squared error

(RMSE) and the adjusted coefficient of determination (𝑅2
𝑎𝑑𝑗). Lower RMSE and higher 𝑅2

𝑎𝑑𝑗

values indicate that image quality differences provide greater explanatory power for observed

changes in CNN performance across CT acquisition protocols.

6.2.6 External validation on Force scanner

Model generalization was evaluated using the held-out multi-reconstruction dataset acquired on

the Force scanner. Each of the 𝐾 = 8 CNNs trained on the AS64 source conditions was evaluated

on the test set reconstructed under all 𝐾 = 8 Force target conditions, yielding 𝐾2 = 64

source-target pairs. For each pair, the observed ΔAUPRC𝑠,𝑡 was computed as described in

Equation (6.2), and the corresponding ΔIQM𝑠,𝑡 was used to generate a predicted performance

change:

̂ΔAUPRC𝑠,𝑡 = 𝑔(ΔIQM𝑠,𝑡; 𝛽̂) (6.8)

using the model parameters estimated from the AS64 development dataset. Generalization per-

formance was assessed across all 64 pairs using RMSE and 𝑅2
𝑎𝑑𝑗 between the predicted and

observed ΔAUPRC𝑠,𝑡 values.
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6.3 Results

6.3.1 CNN performance on OOD imaging conditions

Figure 6.6: A sample patch containing a lung nodule (centered) reconstructed with each of the
eight kernels from the Definition AS 64 dataset. As kernel sharpness increases, structured noise
common in CT imaging can be seen emerging as streaks through the image.

Examples of lung patch images from each of the eight conditions used in the model devel-

opment (Definition AS64) dataset are shown in Figure 6.6. The smoothest kernel, Br32f, shows

visible smoothing of the image. The sharpest kernel, Br62f, produces a much sharper image with

visible structured noise.

A summary of the performance of all 64 train-test combinations within the model development

(Definition AS64) dataset is shown as a heatmap in Figure 6.7. The diagonal, outlined with black,

shows the performance of the model when predicting on the source distribution (𝑝𝑡 = 𝑝𝑠). For

the 𝑝𝑡 = 𝑝𝑠 cases, AUPRC ranged from 0.790 (Br62f) to 0.850 (Br40f), indicating that all eight

CNNs achieved reasonable classification performance when tested on their own training condition.

As the prevalence for the datasets was 25%, the chance baseline for AUPRC was 0.25.
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Figure 6.7: The CNN classification performance (AUPRC𝑡) for each train-test condition pairing
for the Definition AS64 test set. The diagonal of corresponds to CNN performance on its source
domain (𝑝𝑡 = 𝑝𝑠), while all non-diagonal elements are OOD target domains (𝑝𝑠 ≠ 𝑝𝑡).

Performance drops as the target condition diverges from the source, with the most severe

degradation occurring at the corners of the matrix. CNNs trained on smooth kernels (Br32f,

Br36f) tested on the sharpest kernels (Br59f, Br62f) drop to as low as 0.310–0.385, while the

reverse (sharp trained, smooth tested) drops to 0.420. There was a degree of asymmetry in the

performance degradation: training on smooth kernels and testing on sharp conditions produced

worse performance than the reverse, suggesting the CNNs were more sensitive to sharpening than

to smoothing of the target condition relative to training.
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While Figure 6.7 shows the raw AUPRC values, Figure 6.8 shows the performance differences

relative to each CNN’s in-distribution baseline that form the Δℳ𝑠,𝑡 observations used for model

fitting. These 𝐾2 = 64 ΔAUPRC𝑠,𝑡 values are the target variable data on which the regression

models described in Section 6.2.5 are trained.

Both Figure 6.7 and Figure 6.8 show a region that appears somewhat anomalous compared

to the rest of the heatmaps’ generally smooth gradients: the CNN trained on Br36f shows a

disproportionately large performance drop when tested on Br49f and Br54f relative to adjacent

source conditions at the same target, where the degradation is considerably smaller.

Figure 6.8: The change in CNN performance relative to the condition it was trained on
(ΔAUPRC𝑠,𝑡) for each train-test condition pairing for the Definition AS64 test set. The top-left
to bottom-right diagonal is 0, as it corresponds to 𝑝𝑡 = 𝑝𝑠.
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Additional results are provided in Appendix F, including Figure F.1 which shows barplots of the

per-condition AUPRC for each of the eight trained CNNs with their bootstrapped 95% confidence

intervals.

6.3.2 Modeling CNN performance as a function of image quality

The three candidate regression models (linear, quadratic, and exponential) were fit to the pooled

AS64 (ΔIQM, ΔAUPRC) dataset for each image quality metric. Results across all IQMs and

model forms are provided in Table F.1.

Of the three model forms, the quadratic model consistently achieved the highest training

𝑅2
𝑎𝑑𝑗 across nearly all IQMs. MTF-derived metrics were the strongest individual predictors of

CNN performance degradation, with MTF0𝑓75, MTF0𝑓50, and MTF45𝑓50 achieving quadratic

training 𝑅2
𝑎𝑑𝑗 values of 0.895, 0.883, and 0.848, respectively. NPS and CNR-derived metrics

yielded lower but still meaningful predictive power, with training 𝑅2
𝑎𝑑𝑗 values generally in the

range of 0.5–0.6. Based on training performance, ΔMTF0𝑓75 (the spatial frequency at the 75th

centile of the axial MTF curve) was selected as the best single predictor of CNN performance

degradation.

Figure 6.9 shows the three candidate model forms fit to the pooled AS64 data using ΔMTF0𝑓75

as the predictor. Each instance of 𝑝𝑡 = 𝑝𝑠 corresponds to a (0, 0) datapoint. A positive

ΔMTF0𝑓75 indicates that the target condition had a higher spatial resolution than the source

condition (MTF0𝑓75, 𝑠 > MTF0𝑓75, 𝑡), corresponding to a sharper target image. A negative
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Figure 6.9: The best fit curves for each of the three model forms using MTF0𝑓75 as the predictor
IQM. Scatter points correspond to measured (ΔIQM, ΔAUPRC) for all Definition AS64 train-test
protocol with 95% confidence intervals. The legend indicates the 𝑅2

𝑎𝑑𝑗 for each best fit curve, as
well as the RMSE of the test data.

ΔMTF0𝑓75 indicates that the target condition had a lower spatial resolution than the source

condition (MTF0𝑓75, 𝑠 > MTF0𝑓75, 𝑡), corresponding to a smoother target image.

All three models capture the general trend of increasing performance degradation with in-

creasing magnitude of domain shift. The best fit model is the quadratic (dashed orange,

𝑅2
𝑎𝑑𝑗 = 0.895), which is shifted left due to the asymmetry in the data: degradation is steeper for

positive ΔMTF0𝑓75 (target sharper than source) than for negative values (target smoother than

source). The exponential model (solid red, 𝑅2
𝑎𝑑𝑗 = 0.771) captures the accelerating degradation

at large shifts but is symmetric about 0. The linear model (dotted blue, 𝑅2
𝑎𝑑𝑗 = 0.718) assumes
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symmetric degradation that increases at a constant rate with |ΔIQM| and is the least accurate.

Figure 6.10: Evaluation of the CNN model pooling approach. The best fit curve (quadratic,
MTF0𝑓75) with actual datapoints labeled by the protocol the CNN was trained on (𝑝𝑠).

In Figure 6.10, the (ΔMTF0𝑓75, ΔAUPRC) datapoints are shown labeled by the CNN’s 𝑝𝑠,

along with the best fit model form (quadratic). This allows us to evaluate our pooling approach,

where the data from the 𝐾 = 8 trained CNNs was combined for modeling. It is apparent that

individual CNNs do follow their own trajectories. However, the fit curve does accurately capture

the overall behavior of performance degradation with increasing |ΔIQM|, falling within the 95% CI

of most of the datapoints. The Br36f (orange line) is a notable exception, where the performance

decrease was underestimated for two datapoints (between ΔIQM of 0.2 and 0.3); this condition

was discussed as potentially anomalous in Section 6.3.1. The performance decrease was also

underestimated for Br43f, Br49f, and Br54f for the datapoint with the greatest negative change
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in MTF0 𝑓75; as this direction corresponds to a smoother target image compared to the source

domain, we can infer than these datapoints are from 𝑝𝑡 = Br32f (the smoothest reconstruction

kernel used).

6.3.3 External validation on Force scanner

Each model was evaluated on the held-out Force scanner dataset after being fit on the Definition

AS64 dataset. Complete results across all IQMs and model forms are provided in Table F.1.

The model selected in Section 6.3.2 based on the highest 𝑅2
𝑎𝑑𝑗 of 0.895 on the development

data was the quadratic model. When applied to the external validation (Force) data, the quadratic

model dropped to 𝑅2
𝑎𝑑𝑗 = 0.299, while the exponential model achieved 𝑅2

𝑎𝑑𝑗 = 0.711 and the

linear model 𝑅2
𝑎𝑑𝑗 = 0.622. The exponential model’s RMSE on the Force data (0.082) was

comparable to its training RMSE (0.085). The quadratic model’s RMSE nearly doubled from

0.057 to 0.128. This discrepancy suggests that the quadratic model overfit to the training data.

Table 6.4: Predictive model performance for ΔMTF0𝑓75 as the input feature, evaluated on the
development dataset (Definition AS scanner) and held-out external validation dataset (Force
scanner). Results are shown for each candidate model form with the best performing model form
for each dataset bolded.

Definition AS64 (train) Force (held-out)
Model form 𝑅2

𝑎𝑑𝑗 RMSE MAE 𝑅2
𝑎𝑑𝑗 RMSE MAE

Quadratic 0.895 0.057 0.037 0.299 0.128 0.099
Exponential 0.771 0.085 0.059 0.711 0.082 0.062
Linear 0.718 0.090 0.062 0.622 0.094 0.076

The best fit curves for the three model forms using the ΔMTF0𝑓75 predictor are shown
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with the held-out Force dataset overlaid in Figure 6.11. This visual shows clearly that the

exponential model form better captures the data than the quadratic. However, all three model

forms show a trend of overestimating the performance degradation for positive ΔMTF0𝑓75, and

underestimating the performance degradation for negative ΔMTF0𝑓75. That is, on the Force

data, overall the CNN’s are performing better than predicted when the 𝑝𝑡 is sharper than the

CNN’s training data, and worse than predicted when the 𝑝𝑡 is smoother than the CNN’s training

data.

Figure 6.11: The best fit curves for each of the three model forms using MTF0𝑓75 as the predictor
IQM. Scatter points correspond to measured (ΔIQM, ΔAUPRC) for all Definition AS64 train-test
protocol with 95% confidence intervals. The legend indicates the 𝑅2

𝑎𝑑𝑗 for each best fit curve, as
well as the RMSE of the test (Force) data.
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6.4 Discussion and conclusions

This work investigated whether phantom-derived image quality metrics can predict the perfor-

mance degradation of a CNN when applied to CT imaging conditions outside its training domain.

The CNN performance results confirmed that reconstruction kernel has a substantial impact on

classification performance, with AUPRC dropping from in-distribution baselines of 0.79–0.85 to

as low as 0.31 for the most extreme source-target mismatches. This degradation was asymmetric:

CNNs were more sensitive to smoothing of the target condition relative to their training domain

than to sharpening. This may be due to smoothing effectively removing (blurring) discriminative

features from the image that the CNN had fit to for classification. As sharpening preserves and

amplifies existing features, it may have less impact despite introducing additional noise.

Of the image quality metrics evaluated, MTF-derived metrics were the strongest predictors of

performance degradation, with ΔMTF0𝑓75 achieving the highest training 𝑅2
𝑎𝑑𝑗. This is expected

given that the experimental design varied only the reconstruction kernel at a fixed dose level: kernel

selection primarily affects in plane spatial resolution, which the axial MTF directly characterizes.

In a study that also varied dose or slice thickness, noise-related metrics or oblique MTF would

likely become more relevant predictors.

The quadratic model achieved the best fit on the development data (𝑅2
𝑎𝑑𝑗 = 0.895) but

generalized poorly to the Force scanner (𝑅2
𝑎𝑑𝑗 = 0.299). The exponential model had lower

training performance (𝑅2
𝑎𝑑𝑗 = 0.771), but retained most of its predictive accuracy on the external

dataset (𝑅2
𝑎𝑑𝑗 = 0.711, RMSE = 0.082 vs 0.085 on training). This indicated that the quadratic
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form overfit to the training data. The exponential model was constrained to be symmetric about

𝑥 = 0, which may have had a regularization effect that prevented overfitting to the AS64 data.

The model selection procedure, based on the training 𝑅2
𝑎𝑑𝑗, did not successfully produce a model

that was able to generalize to the external validation data.

On the Force data, all three model forms showed a trend of overestimating degradation

for positive ΔMTF0𝑓75 and underestimating it for negative values. This directional bias likely

reflects the fact that moving to a different scanner system introduces additional variables besides

reconstruction kernel. Therefore, even when two protocols are matched on a single IQM such as

MTF 𝑓75, the Force scanner may differ from the AS64 in noise texture, dose efficiency, or other

image characteristics not captured by that metric. A single-predictor model cannot account

for these additional dimensions of variation. Future work should consider multivariate models

that combine complementary IQMs to more fully characterize the domain shift between scanner

platforms.

This study is an initial proof-of-concept with several limitations related to that scope. The

experiment was restricted to a small number of imaging conditions across two scanner systems,

producing a limited number of (ΔAUPRC, ΔIQM) data points. It was also limited to a single

task (lung nodule classification), a single architecture (ResNet-18), and a single performance

metric (AUPRC). Future work should investigate whether this approach generalizes to different

architectures, tasks, and metrics.

The pooling of observations from all eight independently trained CNNs into a single regression

dataset implicitly assumes that each CNN’s sensitivity to domain shift follows the same functional
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relationship. The results show that this assumption is only approximately true. The individual

CNNs followed their own trajectories, with the Br36f-trained CNN exhibiting a notably steeper

rate of degradation than its neighbors. These differences may be due to some characteristic of

the source condition’s feature space, or from the stochasticity of the training process. These

two sources cannot be distinguished with a single training run per condition. The pooled model

averages over these CNN-specific sensitivities, which reduces predictive accuracy for individual

CNNs that deviate from the group trend. With a larger dataset, future work could investigate

per-source modeling, or incorporate the source condition’s absolute IQM values as an additional

predictor.

The source and target domains were each defined by a single reconstruction condition, so that

the domain shift was fully described by a single protocol change. In practice, training datasets

are often heterogeneous, and deployment environments may comprise a mixture of protocols.

Under these conditions, the effective domain shift is no longer a single well-defined ΔIQM, and

the single-predictor regression framework may not directly apply. Similarly, all conditions in this

study varied only the reconstruction kernel at a fixed CTDI𝑣𝑜𝑙, whereas real protocol differences

can involve simultaneous changes in dose, kernel, slice thickness, and reconstruction algorithm.

Extending the framework to accommodate these shifts as well as heterogeneous source domains

remains an important direction for future work.

Finally, the differences in CT reconstruction protocol addressed here represent only one po-

tential source of domain shift in clinical deep learning. Performance degradation can also stem

from variations in patient demographics, disease prevalence, or institutional differences in clinical
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practice [106]. This study deliberately isolates protocol-induced shift because it is controllable

and quantifiable through phantom measurements, but the framework would need to be evaluated

alongside other sources of variation before clinical deployment.

Despite these limitations, the exponential model’s Force 𝑅2
𝑎𝑑𝑗 of 0.711 demonstrates that

a single phantom-derived image quality metric can explain a substantial portion of CNN per-

formance degradation on an unseen scanner. This provides initial evidence that the IQM-based

prediction framework can generalize beyond the system on which it was developed. With addi-

tional validation, this approach could provide a pathway for prospective performance prediction:

before deploying a trained model under a new CT protocol, a physicist could acquire a phantom

scan, compute the relevant IQMs, and obtain a quantitative estimate of expected performance

change without requiring patient data. This has practical implications for protocol management,

and model development and deployment in clinical AI systems.
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7 Conclusions

7.1 Summary of work

This dissertation investigates whether physical image quality metrics can provide a quantitative,

scanner-independent framework for characterizing and predicting variation in quantitative CT

imaging across protocols.

Chapter 2 presented the design, manufacture, and initial evaluation of an open-source CT

texture phantom specifically developed for radiomics research. The phantom features 3D-printed

modular inserts with diverse texture patterns that elicit distinct radiomic signatures. This phantom

served as the foundation for the controlled experimental studies in subsequent chapters.

Chapter 3 described the development of a comprehensive dataset acquired by scanning a

texture phantom and an image quality phantom (Corgi, The Phantom Laboratory) using 170

diverse imaging protocols spanning four scanner models from two vendors across a range of

radiation dose levels and reconstruction kernels. For each protocol, we measured 3D image

quality (MTF, NPS) and extracted radiomic features from four unique texture objects. This

paired measurement approach enabled direct investigation of relationships between image quality

and radiomic features under controlled, identical imaging conditions. A version of the dataset

was released publicly on Zenodo.

Chapter 4 characterized the relationships between physical image quality metrics and radiomic
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feature values across the diverse protocol space using the dataset developed in Chapter 3. Through

feature selection, visualization, and correlation analysis, we established that radiomic features

respond systematically to fundamental image quality characteristics.

Chapter 5 developed regression models that predicted radiomic feature values from physical

image quality metrics. Using polynomial regression with ElasticNet regularization, we demon-

strated that image quality metrics can accurately predict radiomic variation within distribution,

but with limited ability to generalize to unseen scanner platforms across vendors.

Chapter 6 extended the image quality-based prediction framework to deep learning models,

investigating whether physical image quality metrics can predict out-of-distribution performance

degradation of convolutional neural networks for lung nodule classification. Using clinical lung

cancer screening CT data reconstructed with multiple kernels, we demonstrate that CNN per-

formance changes across imaging conditions can be modeled as a function of measured image

quality.

Through this body of work, we introduce a framework for characterizing and predicting CT

protocol-induced variation in quantitative imaging using physical image quality as a basis.

7.2 Future directions

The work in this dissertation establishes that radiomic texture features respond systematically

and, for most features, predictably to measured image quality, and that this relationship can be

modeled within a given range of protocols. Several directions would extend these results toward
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clinical use.

The motivation and long-term goal of this work was the definition of physical, vendor-neutral

imaging inclusion criteria; this remains to be fully developed and tested. The predictive models

developed here provide the necessary components: given a tolerance on acceptable radiomic

feature variation or change in CNN performance, the region of image quality space over which a

feature remains within that tolerance could be computed and used to accept or reject a candidate

protocol. Demonstrating this prospectively, by confirming that protocols falling inside the defined

region behave as predicted while those outside it do not, is a natural next step. This would

require a specific task, and a clinically defined tolerance.

The relationships characterized in Chapters 4 and 5 were measured on simple geometric

phantom textures. How they extend to real tissue is not established by this work and would

need to be tested directly. The phantom textures are a deliberate simplification that isolates the

protocol effect, and the degree to which feature behavior transfers to the heterogeneity of real

tissue is an open question.

The cross-vendor results in Chapter 5 also motivate further investigation. Prediction degraded

sharply when a model was applied to a vendor whose image quality range was not represented in

training, a failure attributable to extrapolation beyond the training support. Future work should

explore the performance on the within-range test set protocols, as well as alternative methods of

IQM selection that may improve robustness. It could also explore alternative modeling approaches

to better handle the case of out-of-range predictions. Relatedly, acquiring additional protocols to

span the union of vendor image quality ranges would reduce the gaps that drive this extrapolation
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in the first place, if such protocols are available.

The image quality metrics used here are well-posed for the linear, filtered backprojection re-

construction case, but clinical CT increasingly relies on iterative and deep-learning reconstruction,

which are nonlinear. Extending the framework to these methods would require task-based metrics

measured at representative contrast and dose, and it is not yet clear whether a single feature-to-

image-quality relationship can be maintained when the underlying system response depends on

the imaged object.

Another future direction is to reformulate the radiomic feature prediction target in terms of

protocol differences rather than absolute feature values. While we took this approach in Chapter 6,

we did not investigate the difference approach in Chapter 4 or Chapter 5. The models developed

here predict a feature value from the image quality of a single protocol, and protocol comparisons

are made only afterward; a delta formulation would instead predict the change in a feature directly

from a measure of the difference between two protocols’ image quality. An advantage of this

approach is that it could leverage difference metrics defined on the full measured curves rather

than on scalar summaries, such as the root-mean-square error between two MTFs or between

two NPS curves. Because such metrics use the entire curve, they may distinguish protocols more

efficiently than the metrics used here. The use of this type of difference metric could also be

investigated for Chapter 6.
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A Additional phantom manufacturing details for

Chapter 2

This appendix provides additional details for the manufacturing of the phantom described in

Chapter 2.

A.1 Materials and manufacturing

The phantom platform utilizes a hybrid manufacturing approach, combining fused deposition

modeling (FDM)-based 3D printing for the hollow outer shell and modular inserts with a liquid

two-part epoxy resin cast for the core. This method dramatically reduces print time and mitigates

the severe thermal warping that frequently causes dense FDM prints to fail.

The printable 3D models (STL files) are publicly available at [removed for peer review]. To

ensure the interchangeable inserts slide smoothly into the phantom body without jamming, a 0.15

mm radial tolerance (0.3 mm total diametric clearance) is already incorporated into the provided

design files.

The permanent outer shells and inserts were printed using a Bambu Lab X1-Carbon printer

(0.4 mm nozzle, 0.28 mm layer height, 100% infill) and Jade White polylactic acid (PLA) filament

(Bambu Lab, Shenzhen, China). The phantom body mold took approximately four hours to print

using these settings.
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To maximize metrological reproducibility across institutions, we strongly recommend utiliz-

ing un-dyed or pure white PLA; filaments containing heavy dyes or specialized additives (e.g.,

“glow-in-the-dark” blends) introduce unpredictable variations in CT attenuation. Furthermore,

alternative FDM materials such as PET-G were found to be chemically incompatible with the

epoxy resin and should be avoided.

The core of the phantom was cast using a two-part, clear “Deep Pour” epoxy resin system

(Teexpert, https://teexpert-resin.com) to ensure a low-exotherm cure that does not melt

the PLA shell. The resin and hardener were measured strictly by weight in a 2:1 ratio to ensure

stoichiometric accuracy, and vigorously mixed for 10 minutes using a power drill equipped with a

mixing paddle. Following mixing, the resin was placed inside a 3-gallon vacuum chamber powered

by a 5 CFM dual-stage vacuum pump (Kozyvacu, Kozyard, Fontana, CA) to extract introduced

air. Because epoxy foams and expands rapidly under vacuum, we strongly recommend calculating

the volume required for a single phantom body, mixing it in an oversized disposable container,

and degassing one batch at a time to prevent boiling over into the pump. For the phantoms

manufactured in this study, the degassing phase was terminated once visual off-gassing subsided;

however, to improve batch-to-batch reproducibility, we recommend future users adopt a strict 30-

minute vacuum duration per batch to standardize air removal rather than relying on subjective

visual cues.

The degassed epoxy was slowly poured over wooden stir stick resting inside the mold to safely

break the surface tension and minimize the re-introduction of air. The liquid epoxy should be

filled flush with the top rim of the PLA shell; the mold design intentionally includes 4 mm of
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excess vertical depth to accommodate the approximate 10% volumetric shrinkage that occurs

during the 48-hour room-temperature cure, ensuring a consistent final phantom depth of 40 mm.

Minor bubbles should generally be left alone, as attempting to manually remove them (e.g., via

toothpick) or utilizing a heat gun risks introducing more air or warping the PLA shell. The

phantoms must be left undisturbed on a leveled surface during curing to prevent a slanted top

surface that could introduce geometric misalignments.

For final image acquisition, the cylindrical phantom body can be stabilized using either the

standard cradle provided with the ACR CT accreditation phantom or a custom 3D-printed stand,

and aligned orthogonally to the scan plane utilizing the scanner’s standard lasers and the physical

alignment markings integrated directly into the phantom shell.

A.2 Texture definitions and print settings

All design work was done using Fusion 360 (version 2.0.17954; Autodesk, San Francisco, CA).

This parametric computer-aided design (CAD) software was selected to ensure the precise, mathe-

matically driven definition of the 3D structures, allowing for highly reproducible spatial dimensions

prior to slicing and fabrication. Detailed design and print parameters are provided in Table A.1.

All model slicing and print configuration was done in Bambu Studio (version 2.1.0.59; Bambu

Lab, Shenzhen, China). Most textures (2-6, 8) were printed using a 0.4 mm nozzle with a layer

height of 0.2 mm. Two textures (1 and 7) utilized a 0.2 mm print nozzle to achieve smaller

details. The printed layer heights were chosen because they were the printer-optimized default
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settings in our system and is below the minimum slice thickness of most CT scanners.

All inserts were manufactured using Jade White PLA (Bambu Lab, Shenzhen, China) at 100%

infill, utilizing the default recommended infill pattern generated by the slicing software. Default

print profiles were utilized for all inserts, with the exception of those requiring a 0.2 mm nozzle

(Textures 1 and 7), for which the highest-quality print preset was selected.

Table A.1: Detailed geometric definitions and printing specifications for the eight modular texture
inserts.

Texture ID Geometry Dimensions & pitch Nozzle/Layer (mm)

1 Random circles (jittered) base 𝑟 = 0.3 mm, jitter ≤ 0.8 mm 0.2 / 0.08
2 Square rods grid 7.0 mm edge, 8.0 mm pitch 0.4 / 0.20
3 Checkerboard 3.0 mm squares 0.4 / 0.20
4 Circular rod grid 5.0 mm dia, 6.0 mm pitch 0.4 / 0.20
5 Circular rod grid 3.0 mm dia, 6.0 mm pitch 0.4 / 0.20
6 Circular rod grid 3.0 mm dia, 4.0 mm pitch 0.4 / 0.20
7 Inverted rods (air) grid 0.75 mm dia, 2.5 mm pitch 0.2 / 0.08
8 Solid block N/A 0.4 / 0.20

A.3 Estimated production costs

The itemized manufacturing costs for the hardware and materials utilized in this study are provided

in Table A.2. All listed values represent prices at the time of purchase, excluding taxes, tariffs,

and shipping. In addition to the listed equipment, fabrication requires a standard power drill

equipped with a mixing paddle for vigorous blending of the epoxy resin and hardener, as well as

standard laboratory safety equipment (gloves, eye protection, and respiratory protection such as

a ventilated fume hood).
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Assuming a research group already possesses the necessary capital equipment (a 3D printer

and vacuum degassing chamber), the marginal consumable cost to produce one complete phantom

system (one epoxy body and one complete set of eight texture inserts) is highly economical. The

material yields from this experiment were four phantom bodies and approximately four of the

eight-texture inset sets (three sets described in the experiment, plus approximately one additional

set in test prints of texture designs), produced from 3 gallons of resin and 3 spools of filament

(with some filament remaining). With a total materials cost of $202.31 to produce four phantom

systems, the estimated material cost was about $50 per complete system.

Even when factoring in the total capital equipment investment required to initiate this project

from scratch, the amortized cost across the limited four-phantom manufacturing run was approx-

imately $401 per phantom (based on the estimated total cost of $1,604.51). By comparison,

standard proprietary quantitative imaging phantoms typically range from thousands to tens of

thousands of dollars. Therefore, this open-source methodology provides an established research

lab with a tool that is roughly two orders of magnitude cheaper (for marginal materials) than

commercial alternatives, while lowering the initial barrier to entry for an unequipped lab by at

least one order of magnitude. Furthermore, the lab now possesses the equipment required to

both produce additional phantoms and extend the platform. Cost estimates exclude personnel

time required for printing, casting, and post-processing.
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Table A.2: Itemized cost breakdown of the capital equipment and consumable materials required
to manufacture the four phantom bodies and three complete insert sets evaluated in this study.
Costs reflect prices at the time of purchase and exclude local taxes, shipping, and tariffs.

Item Source Quantity Cost (USD)

Capital Equipment
X1 Carbon 3D Printer Bambu Lab 1 1199.00
Dual-stage Vacuum Pump (5 CFM) Kozyvacu (Amazon) 1 119.99
3-Gallon Vacuum Chamber Vevor (Amazon) 1 83.21

Total equipment cost 1402.20

Consumable Materials
Deep Pour Epoxy Resin Teexpert (Amazon) 3 gallons 142.34
Jade White PLA Filament Bambu Lab 3 spools 59.97

Total materials cost 202.31

Total cost (4 phantom systems) 1604.51
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B Additional results for Chapter 2

This appendix provides additional results for Chapter 2.

B.1 Additional results for texture insert reproducibility

Figure B.1: Distributions of the inter-print CV values measured for each texture insert. Bars
correspond to the number of radiomic features at a given CV value. The two thresholds used in
the evaluation are indicated with vertical lines.
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Figure B.2: Distributions of the inter-slice CV values measured for each texture insert. Bars
correspond to the number of radiomic features at a given CV value. The two thresholds used in
the evaluation are indicated with vertical lines.
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Table B.1: Radiomic features with either inter-print or inter-slice CV above the stricter 0.1
threshold for Textures 1-7. The CV is provided where > 0.1. Texture 8 was excluded, as it was
solid insert rather than a heterogeneous texture pattern, making the reproducibility of radiomic
texture features a less meaningful evaluation of manufacturing consistency.

Texture Radiomic feature Inter-print CV Inter-slice CV

1 GLCM joint energy 0.117 0.100
1 GLRLM run variance 0.104 —
1 GLSZM zone variance 0.104 —

2 GLCM inverse variance — 0.134
2 GLCM joint energy 0.121 —
2 GLCM maximum probability 0.103 —

4 First order skewness 0.127 0.126
4 GLCM joint energy 0.122 0.166
4 GLRLM run variance 0.144 0.141
4 GLSZM zone variance 0.144 0.141

5 GLCM joint energy 0.115 0.158
5 GLDM dependence variance — 0.107
5 GLRLM run variance 0.116 0.177
5 GLSZM zone variance 0.116 0.177

6 GLCM joint energy — 0.159
6 GLRLM long run low gray level emphasis — 0.115
6 GLRLM run variance — 0.146
6 GLSZM large area low gray level emphasis — 0.115
6 GLSZM zone variance — 0.146

7 GLCM maximum probability 0.426 0.116
7 GLDM dependence variance 0.139 0.115
7 GLDM large dependence low gray level emphasis — 0.078
7 GLDM low gray level emphasis 0.147 —
7 GLRLM long run low gray level emphasis 0.224 —
7 GLRLM run variance 0.139 0.129
7 GLSZM large area low gray level emphasis 0.224 —
7 GLSZM zone variance 0.139 0.129
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B.2 Additional results for sensitivity to imaging protocol

variation

Figure B.3: Distributions of CCC values measured between radiomic feature sets for each CT
protocol comparison (relative to the Br46f, 360 mA reference protocol). Bars correspond to the
number of radiomic features at a given CCC value. The 0.9 threshold used in the evaluation is
indicated with a vertical line.
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C Table of radiomic features included in

Chapter 3

This appendix provides the complete list of radiomic features used in the construction of the

dataset in Chapter 3.

Table C.1: Radiomics features and categories extracted from Pyradiomics [76].

Category Feature Name

First Order Statistics (19 features)
First Order 10th Percentile
First Order 90th Percentile
First Order Energy
First Order Entropy
First Order Interquartile Range
First Order Kurtosis
First Order Maximum
First Order Mean
First Order Mean Absolute Deviation
First Order Median
First Order Minimum
First Order Range
First Order Robust Mean Absolute Deviation
First Order Root Mean Squared
First Order Skewness
First Order Standard Deviation
First Order Total Energy
First Order Uniformity
First Order Variance

Continued on next page
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Table C.1 – Continued from previous page
Category Feature Name

Gray Level Co-occurrence Matrix (24 features)
GLCM Autocorrelation
GLCM Cluster Prominence
GLCM Cluster Shade
GLCM Cluster Tendency
GLCM Contrast
GLCM Correlation
GLCM Difference Average
GLCM Difference Entropy
GLCM Difference Variance
GLCM Informational Measure of Correlation 1
GLCM Informational Measure of Correlation 2
GLCM Inverse Difference
GLCM Inverse Difference Moment
GLCM Inverse Difference Moment Normalized
GLCM Inverse Difference Normalized
GLCM Inverse Variance
GLCM Joint Average
GLCM Joint Energy
GLCM Joint Entropy
GLCM Maximum Probability
GLCM Sum Average
GLCM Sum Entropy
GLCM Sum of Squares
GLCM Sum Variance

Gray Level Run Length Matrix (16 features)
GLRLM Gray Level Non-Uniformity
GLRLM Gray Level Non-Uniformity Normalized
GLRLM Gray Level Variance
GLRLM High Gray Level Run Emphasis
GLRLM Long Run Emphasis
GLRLM Long Run High Gray Level Emphasis

Continued on next page
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Table C.1 – Continued from previous page
Category Feature Name

GLRLM Long Run Low Gray Level Emphasis
GLRLM Low Gray Level Run Emphasis
GLRLM Run Entropy
GLRLM Run Length Non-Uniformity
GLRLM Run Length Non-Uniformity Normalized
GLRLM Run Percentage
GLRLM Run Variance
GLRLM Short Run Emphasis
GLRLM Short Run High Gray Level Emphasis
GLRLM Short Run Low Gray Level Emphasis

Gray Level Size Zone Matrix (16 features)
GLSZM Gray Level Non-Uniformity
GLSZM Gray Level Non-Uniformity Normalized
GLSZM Gray Level Variance
GLSZM High Gray Level Zone Emphasis
GLSZM Large Area Emphasis
GLSZM Large Area High Gray Level Emphasis
GLSZM Large Area Low Gray Level Emphasis
GLSZM Low Gray Level Zone Emphasis
GLSZM Size Zone Non-Uniformity
GLSZM Size Zone Non-Uniformity Normalized
GLSZM Small Area Emphasis
GLSZM Small Area High Gray Level Emphasis
GLSZM Small Area Low Gray Level Emphasis
GLSZM Zone Entropy
GLSZM Zone Percentage
GLSZM Zone Variance

Neighbouring Gray Tone Difference Matrix (5 features)
NGTDM Busyness
NGTDM Coarseness
NGTDM Complexity
NGTDM Contrast

Continued on next page
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Table C.1 – Continued from previous page
Category Feature Name

NGTDM Strength

Gray Level Dependence Matrix (14 features)
GLDM Dependence Entropy
GLDM Dependence Non-Uniformity
GLDM Dependence Non-Uniformity Normalized
GLDM Dependence Variance
GLDM Gray Level Non-Uniformity
GLDM Gray Level Non-Uniformity Normalized
GLDM Gray Level Variance
GLDM High Gray Level Emphasis
GLDM Large Dependence Emphasis
GLDM Large Dependence High Gray Level Emphasis
GLDM Large Dependence Low Gray Level Emphasis
GLDM Low Gray Level Emphasis
GLDM Small Dependence Emphasis
GLDM Small Dependence High Gray Level Emphasis
GLDM Small Dependence Low Gray Level Emphasis
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D Distributions of radiomic features included in

Chapter 3

This appendix provides the complete set distributions of radiomic features included in the dataset

in Chapter 3.
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Figure D.1: Distributions for all first order features.
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Figure D.2: Distributions for all GLCM features.
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Figure D.3: Distributions for all GLRLM features.
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Figure D.4: Distributions for all GLSZM features.
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Figure D.5: Distributions for all NGTDM features.
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Figure D.6: Distributions for all GLDM features.
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E Additional results for Chapter 4

This appendix provides additional results for Chapter 4.

Figure E.1: Heatmap of the radiomic feature value Spearman correlations. The four representative
radiomic features are shown bolded.
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Figure E.2: Heatmap of the image quality metric Spearman correlations. The 10 selected IQMs
are shown bolded.
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F Additional results for Chapter 6

This appendix provides additional results for Chapter 6.

Figure F.1: The CNN classification performance (AUPRC) across all eight target conditions 𝑝𝑡
for each of the eight trained CNNs, evaluated on the Definition AS64 dataset. Each subplot
corresponds to a CNN trained on a different 𝑝𝑠; the red dashed line indicates the performance of
the CNN on the 𝑝𝑡 = 𝑝𝑠 test set (corresponding to the diagonal of the heatmap in Figure 6.7).
Error bars represent bootstrapped 95% confidence intervals.
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Table F.1: Complete report of model fit results by IQM and fit shape, sorted by the quadratic
model’s train 𝑅2

𝑎𝑑𝑗. Train refers to the AS64 data used to fit the model, Force refers to the fit
model’s performance on the external test set from the Force scanner.

Quadratic Exponential Linear
IQM Train 𝑅2

𝑎𝑑𝑗 Force 𝑅2
𝑎𝑑𝑗 Train 𝑅2

𝑎𝑑𝑗 Force 𝑅2
𝑎𝑑𝑗 Train 𝑅2

𝑎𝑑𝑗 Force 𝑅2
𝑎𝑑𝑗

MTF0 f75 0.895 0.299 0.771 0.711 0.718 0.622
MTF0 f50 0.883 0.327 0.752 0.703 0.675 0.612
MTF45 f50 0.848 0.420 0.748 0.728 0.681 0.609
MTF0 f40 0.847 0.508 0.752 0.725 0.699 0.627
MTF45 f25 0.845 0.457 0.744 0.718 0.680 0.618
MTF0 f60 0.836 0.378 0.728 0.674 0.704 0.583
MTF0 f20 0.828 0.486 0.736 0.685 0.674 0.592
MTF45 f60 0.827 0.337 0.729 0.681 0.702 0.588
MTF0 f25 0.820 0.310 0.689 0.644 0.605 0.558
NPS f_avg 0.820 0.468 0.699 0.700 0.622 0.580
MTF45 f10 0.817 0.453 0.721 0.671 0.652 0.570
MTF45 skew 0.814 0.439 0.720 0.696 0.639 0.585
MTF45 f40 0.806 0.463 0.718 0.692 0.649 0.586
NPS nyq/2 obliq 0.798 0.533 0.709 0.571 0.655 0.535
MTF45 f75 0.784 0.374 0.689 0.671 0.613 0.529
MTF45 kurtosis 0.777 0.438 0.689 0.669 0.602 0.554
NPS nyq/2 axial 0.768 0.360 0.680 0.493 0.671 0.497
MTF0 f10 0.766 0.349 0.654 0.594 0.591 0.501
Noise 0.759 0.423 0.649 0.587 0.608 0.516
MTF0 skew 0.733 0.373 0.626 0.611 0.564 0.535
NEQ max 0.715 0.356 0.603 0.499 0.562 0.447
NPS f_peak 0.703 0.333 0.483 0.443 0.500 0.443
NEQ kurtosis 0.698 -0.583 0.501 0.134 0.517 0.134
MTF45 f90 0.687 0.286 0.601 0.500 0.535 0.397
NEQ (0.1) 0.658 0.246 0.551 0.445 0.523 0.397
NEQ skew 0.652 -0.864 0.537 -0.422 0.496 0.092
MTF0 kurtosis 0.651 0.374 0.567 0.550 0.517 0.490
NPS max 0.609 0.157 0.506 0.305 0.489 0.304
MTF0 f90 0.601 -1.776 0.453 0.193 0.470 0.193
MTF0 peak 0.593 0.133 0.492 0.270 0.503 0.334
NEQ (0.2) 0.592 0.174 0.490 0.389 0.461 0.339
CNR (PVC) 0.579 0.547 0.523 0.474 0.472 0.511
CNR (PA) 0.570 0.469 0.518 0.420 0.476 0.499
CNR (PS) 0.560 0.428 0.509 0.529 0.468 0.454
CNR (PC) 0.538 0.470 0.493 0.439 0.457 0.480
MTF45 f20 0.533 0.160 0.364 0.172 0.385 0.172
CNR (POM) 0.532 0.481 0.490 0.441 0.455 0.483
MTF45 peak 0.221 -0.291 0.167 -0.182 0.194 -0.182
NPS skew 0.133 -0.298 0.129 -0.241 0.157 -0.234
NPS kurtosis 0.060 -0.338 0.070 -0.281 0.100 -0.281
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