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Abstract

The purpose of this dissertation was to investigate and demonstrate the
feasibility of patient organ based radiation dose and image quality assessment in clinical
computed tomography (CT). The clinical wide usage of CT necessitates its safety and
quality monitoring in a patient-centric and precise manner. This dissertation enabled
this goal by developing novel image assessment frameworks and demonstrating their
clinical utilities in population studies, specifically in three parts: 1) developing and
clinically implementing a patient-informed radiation dose quantification framework, 2)
developing a patient-specific radiation dose quantification framework, and 3)
developing and clinically utilizing a patient-specific organ-based dose and image quality
assessment framework.

Specifically, in part one, a patient-informed organ dose estimation framework
was developed and implemented for clinical imaging of adults, pediatric, and pregnant
patients across a comprehensive range of scan protocols. The framework parametrically
matches the patient to an anatomical phantom and quantifies the radiation field using a
regional volume CT dose index (CTDIva) based approach. The estimation further
incorporates an accuracy model to calibrate bias and quantify uncertainties. The
framework was clinically implemented to investigate the differences between organ

dose based effective dose with dose length product based effective dose, which is non-
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patient, scanner output derived, for 1048 patients. The results show the organ-based
measurements are significantly different from the non-patient based, especially for
patients with relatively small or large sizes.

In part two, a patient-specific approach, in contrast to the patient-informed
approach, in organ dose assessment clinical CT was explored. A novel
framework, iPhantom, was developed to automatically generate patient-specific
phantoms (i.e., anatomical digital-twins) based on CT images. Specifically, anchor
organs with relatively distinguishable contrast (i.e., lungs, bones) are segmented using a
deep learning-based multi-organ segmentation model. Other radiosensitive organs that
are challenging to segment (i.e., intestines) are filled in from an anatomical template
using affine and diffeomorphic registration. The framework is combined with a Monte
Carlo CT simulation program and systematically validated for its utility to patient-
specific organ dose estimation. The results demonstrate that the framework, for the first
time, enables sufficient and automated patient-specific organ dose assessment in clinical
CT.

In part three, a comprehensive clinical image assessment framework was
developed integrating the patient-specific organ dosimetry and in vivo image quality
quantification. The framework was used to demonstrate the necessities of organ-based
measurements in contrast to their commonly used non-organ-based counterparts; and to

investigate the relationships of dose, image quality, and patient sizes for exams scanned



with different parameters among 9801 clinical CT images. The results show that, in
general, compared to the organ based, non-organ-based dose and quality metrics
significantly misrepresent patient-specific values. The relationships between the two
types of quantities in patient dose, image quality, and size are weak and vary substantially
for different scan parameters. This study implies that although it is commonly assumed
that increased dose results in superior image quality, image quality and dose at the level
of patient may need to be optimized semi-independently from one another.

In conclusion, this dissertation demonstrated the necessity and feasibility of
automated and patient-specific safety and quality assessment in clinical CT, paving the
way for patient-centric monitoring and large-scale analysis for personalized precision

medicine.
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1. Introduction

1.1 Background

Computed tomography (CT) is widely used for diagnosis, screening, and
treatment. In practice, CT image quality and the associated radiation dose vary
substantially across exams due to differences in patient attributes and scan protocols.
This variation necessities safety and quality assessment to monitor the CT procedures [1-
4]. Conventional assessments are generally conducted by simplified physical phantoms.
The phantoms based measurements, however, are insufficient to reflect current
personalized or task-based imaging techniques necessary for precision imaging.

To meaningfully evaluate CT images toward optimizing patient outcomes, a
patient and organ based dose and image quality CT assessment framework is needed.
Organ-based radiation risk assessment is imperative as different organs show different
cancer-induced radiation sensitivities and during the scan, the inner-body radiation field
is substantially heterogeneous [5, 6]. Organ-based image quality assessment is also
essential, as different organs and structures show different imaging backgrounds and
the diagnostic task is performed within each organ. Toward organ-based image
assessment, a few challenges need to be addressed.

Specifically, organ doses are infeasible to be directly measured within the patient

body. Alternatively, organ dose can be estimated using two approaches: patient-



informed and patient-specific. The patient-informed approach uses a patient attribute to
find organ dose from pre-computed lookup tables [7, 8]. The estimates are usually
followed by limited adjustments according to patient sizes and scan protocols such as
tube current modulation [9]. This approach provides rapid estimates and can be
benefited by developing a comprehensive framework to assess clinical imaging of
different patient cohorts and scan protocols. Further, the approximations in the
estimation procedure result in errors. Therefore, a real data derived bias correction and
uncertainty quantification model is essential.

Expectedly, realistic modeling of the CT scan and the exact anatomy of the
patient produces more accurate dose estimates. The patient-specific approach, in
contrast to the patient-informed approach, aims to precisely estimate the patient dose by
accurately modeling patient anatomies and the scan procedure [10]. However, this
approach is mainly restricted by accurate anatomical modeling, i.e., creating patient
specific models. The models are conventionally created by manually segmenting patient
medical images, which is labor-intensive while not all organs and structures can be
reliably segmented. Therefore, it is essential to develop a framework to accurately and
automatically generate patient-specific models. Additionally, another issue in current
organ dose assessment is the use of generic scanners, which can be insufficient to

characterize current personalized techniques applied by CT systems. Therefore, it is



essential to estimate dose with more explicitly modeled exam-specific scanners and scan
protocols.

Although dose monitoring is generally recognized as a priority due to public
concerns in radiation risk, image quality monitoring is equally or even perhaps more
crucial to ensure sufficient diagnostic quality. Image quality is also imperative to inform
a balanced dose and quality imaging optimization. In previous studies, in vivo image
quality assessment methods have been developed for patient based image quality
quantification [11, 12]. The measurements are generally dominated by structures with
the largest volumes such fat and tissue, which is insufficient to consider varied
anatomical textures in different organs, especially for the task-based qualities.
Therefore, it is essential to develop an organ-based assessment method, to evaluate

imaging performance more relevant to a diagnostic task.

1.2 Purpose

The purpose of this dissertation was to investigate and demonstrate the
feasibility of patient and organ based radiation dose and image quality assessment in
clinical computed tomography (CT), specifically in three parts: 1) development and
clinical implementation of a patient-informed radiation dose quantification framework,

2) development of a patient-specific radiation dose quantification framework, and 3)



development and clinical utilization of a patient-specific organ-based dose and image

quality assessment framework.

1.3 Innovation

We enabled the first comprehensive patient-informed organ dose assessment in
clinical CT applicable to pediatric, adult, and pregnant patients for an extensive range of
neural and body protocols. Of notable innovation, the framework provides fetal dose
under various gestational and maternal body habitus conditions. The study included a
new protocol-specific bias correction and uncertainty estimation model for patient-
informed dosimetry. The study, for the first time, demonstrated the significant
difference between organ dose based effective versus non-patient, scanner output
derived dose length product based effective dose across thousands of patients.

We developed the first automated and individualized framework to generate
computational models with all radiosensitive organs. Existing automated organ
localization methods are limited to organs with relatively distinguishable contrast. Our
approach brings the creation of models to the clinical individualized level through
automation, which enables personalized monitoring and large-scale studies potentially
in many domains. In this study, we focus the application of the framework to radiation,
and, for the first time, we demonstrate that patient-specific organ dose and image

quality assessments can be feasible.



We developed the first comprehensive framework for clinical patient-specific
organ based dose and image quality monitoring. The patient-specific organ-based
measurements analysis, to our knowledge, is first performed at a scale of more than nine
thousand exams, twenty scan settings, and five manufacture models. The data uniquely
demonstrated the feasibility of clinical patient-specific organ-based monitoring and their

value in large-scale analysis to inform clinical decisions.



2. Patient-informed Organ Dose Assessment in Clinical
CT

The purpose of this chapter was to develop and validate a comprehensive
framework for patent-informed organ dose estimation in clinical computed tomography.
This chapter is an adaptation of a paper previously published in the American Journal of
Roentgenology under the title " Patient-informed organ dose estimation in clinical
computed tomography: implementation and effective dose assessment in 1048 patients"

[13].

2.1 Introduction

Due to the widespread utility of computed tomography in clinical diagnosis, its
usage has increased steadily over the last decade. From recent estimates, about 82
million CT scans are performed annually in 2018 in the US alone[14]. With the rise in the
number of scans, it is beneficial to practice consistency and perform safety and quality
control within and across institutions toward the general goal of increasing patient
population safety by improving CT risk assessment and, with it, the design of effective
optimization actions. A particular interest is the estimation of radiation dose in clinical
practice[3, 15], which has prompted hospitals and clinics to record CT radiation dose
from clinical exams [16]. Most CT dose recordings today are based on system outputs
and not patient dose. Yet radiation dose is an individualized burden to each patient,

dependent on that patient’s body attributes and the specific imaging protocol utilized.



Individual patient dose is the very attribute that necessitates the monitoring of radiation
dose in the first place. Thus, radiation management would benefit from recording
patient dose in an individualized, patient-specific manner accounting for age, size, and
varying radio-sensitivities of human tissues [17].

In making CT radiation dose records individualized, patient-specific organ dose
(OD) and the corresponding OD-derived effective dose ( ), have been regarded as
the gold standard [18]. Estimating these quantities, however, requires explicit modeling
of patient-anatomy and CT scan geometry and protocol [19-21]. These tasks are both
labor-intensive and computationally-expensive, which limits their feasibility and
practicality in clinical implementation. As an alternative, scanner-derived exposure
outputs, CTDIv. and dose-length-product (DLP) that are recorded for each exam, have
been used to approximate effective dose based on DLP (EDp, | pusing DLP-to-effective
dose conversion coefficients (k factors) [22-26]. However, the k factors are based on a
genderless, ageless, uniform phantom, not representing the varied attributes and organ
distributions seen in patient populations. Consequently, these estimates may not
represent the radiation burden to the patient with sufficient accuracy and precision.

To make the estimation of the radiation burden more specific to the patient,
albeit not fully patient-specific, several studies introduced patient-informed approaches,

where anticipated anatomical attributes of the patient are used to derive the patient OD



estimates [27-30]. These methods are sometimes referred to as patient-specific, even
though the exact specifics of the patient are not modeled. As such they are rather patient-
informed as they rely on accessible patient attributes (e.g. patient diameter, sex) along
with anthropomorphic models of the anatomy to inform the OD calculation. The
computationally-expensive modeling of the anatomy and radiation field is performed
ahead of time and then ascribed to the patients, making the method practical for clinical
applications. However, these methods have not yet been applied across the diversity of
clinical protocols.

In this study, we aimed to develop and implement a comprehensive patient-
informed OD estimation framework for clinical CT dose monitoring with enhanced
accuracy, patient-cohort coverage, and protocol representation. As demonstration of its
utility, patient-informed organ doses were calculated in two large CT clinical
populations, and the results used to determine the discrepancy between effective dose

values derived from organ dose and DLP estimates.
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2.2 Materials and Methods

This retrospective study was performed in compliance with the Health Insurance
Portability and Accountability Act and was determined to be exempt from Institutional
Review Board requirements.

We first describe the framework implementation followed by its application to
clinical CT images. The implementation includes creating necessary libraries and
programs. Once implemented, the framework is applied to clinical CT images

automatically. The workflow of the framework on clinical images is illustrated in Fig. 1.

2.2.1 Framework Implementation
2.2.11 Modeling the Anatomy

The study deployed an established patient-informed organ dose estimation
method in which the anatomy for a given patient is modeled by matching it to a
computational phantom from a library of anthropomorphic phantoms [9]. For this
study, the library included 58 existing adult [21, 31], 56 existing pediatric [32], 14
existing ICRP reference [33], and 5 new pregnant (each with ten gestational ages of 3, 6,

8,10, 15, 20, 25, 30, 35, and 38 weeks) XCAT phantoms. The frontal views of phantom
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renderings are shown in Fig. 2a.
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Figure 2: Extended cardiac-torso (XCAT) phantoms used in study. A, Chart
shows fron tal views of phantoms of 58 adults (age range, 18 ¢ 78 years; 23 women, 35
men), 56 pediatric patients (age range, 2t 18 years; 31 girls, 25 boys), five pregnant
women (gestational age range, 3t 38 weeks), and 12 International Commission on
Radiological Protec tion (ICRP) reference XCAT phantoms used in this study.
Phantom skin, head, arm, and legs were removed to enhance visualization of organs
in chest-abdomen-pelvis region. B, Graph shows body mass index and age of XCAT
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phantom variations within population.  As described in separate publications for
establishing the XCAT

As described in separate publications for establishing the XCAT library, the adult
and pediatric phantoms used in this study were created based on clinical CT images. In
that method, major organs were segmented using a semi-automatic process [21, 31, 32],
and remaining organs were added to the phantoms by deforming template models
based on segmented organs from the Visible Human images [21, 31, 32]. The ICRP
reference phantoms used here were based on the template models, with the body and
organ masses scaled according to ICRP 89 [33].

Specifically developed for this study, pregnant patients were formed based on
five maternal models selected from existing adult female phantoms, representing
different obesity classes (BMI: 50t percentile; 18.2 kg/m? underweight; 28.6 kg/m?
overweight; 30.7 kg/m? class I obesity; and 35.5 kg/m? class II obesity). The fetus models
were generated by segmenting organs and major structures from imaging data (CT,
MRI, and histological data). The maternal models were deformed to combine the fetus
model s and represent various gestational ages. The BMI and age of the XCAT models
are shown in Fig. 2b.

In the framework for organ dose estimation, the tomogram of each patient was

used to matched to one phantom from the XCAT library based on key anatomical

12



landmarks heights. Anatomical landmarks were automatically detected using a
commercial software including top and bottom of the head, shoulders, lungs, and pelvis
(DoseWatch, GE Healthcare, Waukesha WI). These landmarks determined patient's
anatomical heights that were used as the criteria to find the closest matched phantom.
This matching method thus approximates the patient anatomy to an anthropomorphic
phantom with similar organ longitudinal distribution. The patient width was
accommodated separately as noted below. The matching for pregnant patients was
based in the longitudinal distribution as well considering any of the modeled gestational
ages.

When modeling exposure, the matched phantom was used to indicate patient’s
organ longitudinal distribution. The patient width was accommodated in the following
exposure modeling using patient water equivalent diameter (WED). WED was
automatically derived from the medium slice of patient CT images (DoseWatch, GE

Healthcare, Waukesha WI).

2.2.1.2Modeling the Exposure

The patient-informed organ doses were estimated accounting for the patient
anatomy and the tube current modulation incorporating the CTDIvo-to-organ-dose
conversion coefficients (h factors) [7, 28, 30, 34]. The h factor library was created a priori

for 13 adult protocols (chest, abdomen-pelvis, chest-abdomen-pelvis, abdomen, pelvis,

13



liver, kidneys, kidney-to-bladder, adrenal, liver-to-kidneys, head, head-neck, neck) and
5 pediatric protocols (chest, abdomen-pelvis, chest-abdomen-pelvis, abdomen, pelvis,
head) under constant tube current. For each XCAT phantom and protocol, the & factors
were simulated by a previously-validated Monte Carlo simulation package (PENELOPE,
version 2006, Universitat de Barcelona, Spain)[19, 20, 35, 36]. For the fetus at 3 and 6
weeks, although they were created in our initial models, their volumes were too small to
obtain credible dose values. Their dose were thus represented by the dose to uterus. For
a fetus older than 6 weeks, the fetus models included fetus bone structure and the rest as
the fetus body and they were both considered as organs in the dose calculation. The h
factors calculation used the normalized fetal-dose ratio (NFDR) method of Felmlee et al.
The h factors were calculated for fetuses at various gestational ages and in maternal
models with various size. Within each protocol, the i factors were modeled as a
function of the XCAT scanned region diameter applied to each new patient. For the
pregnant phantoms, the h factors were applied to the patients according to both
diameter and gestational ages.

The radiation field under modulated tube current was modeled as a function of
the convolution of the tube current profile and a dose spread function (DSF) using a
previously-developed technique [9]. The DSF was simulated by Monte Carlo [19, 20] on

cylindrical phantoms across diameters of 8 — 50 cm. For each patient, the DSF
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corresponding to the patient diameter was used. The dose ratio was calculated as the
ratio of DSF convolved with modulated tube current versus the DSF convolved with the
mean tube current value with the same scan length [9]. The dose field for each organ

( ) was determined according to the dose ratio with respect to organ
distribution from the matched XCAT phantom and the exam CTDIvol [9]. The exam
CTDIva accommodates radiation specification from various scanners and CT techniques.

The organ dose was calculated as a function of the and & factor [9].

2.2.1.3Bias and Uncertainties

Organ doses estimated by the proposed method showed bias and uncertainties
compared to those simulated using the Monte Carlo method (the gold standard) [9]. To
improve the accuracy of the estimated organ doses, we thus developed a secondary
correction and uncertainty estimation strategy using simulated CT scans with known
organ dose ground truth. Simulated CT scans were conducted for each XCAT phantom
and protocol using typical clinical CT exam protocols. The CT techniques are shown in
Table 1. All exams simulated tube current modulation according to Li et al. [37]. The
organ dose estimated using the proposed method () was obtained in a leave-one-out
method where each XCAT phantom was treated as a new patient, matched to another

XCAT and with the derived by the exposure model as proposed.
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Table 1: Summary of simulated CT techniques for bias and uncertainty estimation

Tube
Cohort and protocols CT system | Potential Bowtie Filter | Pitch Collimation (mm)
(kVp)
Adult/Pregnant body
(chest, abdomen-pelvis, chest- | GE
abdomen-pelvis, abdomen, pelvis, Lightspeed 120 Large 1.375 40
liver, kidneys, kidney-to-bladder, VCT
adrenal, liver-to-kidneys)
Adult/Pregnant neuralgic GE
(head, head-neck, neck) Lightspeed 120 Small 1 20
VCT
Pediatric Body GE
(chest, abdomen-pelvis, chest- | Lightspeed 120 Small 1.375 40
abdomen-pelvis, abdomen, pelvis) VCT
I . GE
Pediatric neuralgic Lightspeed | 120 Small 1 20

(Head)

VCT




The ground truth organ dose ( ) were estimated using a validated Monte
Carlo simulation package [29]. The statistics of and were used to generate
linear models that provided organ doses with bias correction ( ) and confidence
intervals on new clinical patients within each cohort and protocol. Specifically, a linear
fit was applied to versus for each protocol, cohort (each gestational age for
pregnant phantoms), and organ as

= 0 + ot 1)

where and ; are fitting coefficients and is the fitting error. The fits were

used to provide bias-corrected, protocol-specific organ dose values ( ., where

denotes a patient) and 95% confidence interval () as

L € (2)
and
T ©)
= _ Vi+ =+ — ,
>
where  gand’ ; are the fitting coefficients obtained from Eq. 1 . is the organ

dose estimated for a new patient, is the number of phantoms, _ _, is the t value with
5

— 2 degree of freedom, is the root mean square error between and for

all phantoms of the protocol and cohort, and  and 2 are the mean and variance of

, respectively.
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2.2.1.4Framework Accuracy

To quantify the overall OD estimation accuracy within this XCAT library, the
average difference between the estimated dose using the leave-one-out method (either

or ) and was calculated for each protocol.

2.2.2 Clinical Study
2.2.2.1Patients and Scan Protocols

The framework was tested across 1048 patients (mean age: 58 years; age range:
18-89 years) who underwent abdomen-pelvis with contrast scans (647 exams) or chest
scans without contrast (401 exams) from January 5, 2017 to August 29, 2018 at our
institution. Cases included 524 females (mean age: 57 years; age range: 18-88 years) and
524 males (mean age: 59 years; age range: 18-89 years). All image data were acquired
using a commercial scanner (Discovery CT750 HD, GE Healthcare, Waukesha, WI) with
tube current modulation, a tube voltage of 120 kV, and pitch values of 1.53 for chest and

0.98 or 1.53 for abdomen-pelvis.
2.2.2.2Effective DoseEstimation and D ata Analysis

For each exam, the effective dose was calculated using two methods evaluated in

this study 1) based on the patient-informed OD estimated using the proposed method as
L =2 . 4)

where denotes a patient;  is the tissue weighting coefficients defined by ICRP

Publication 103 [38], and 2) based on DLP as
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L =2 Co ®)
where _ is the DLP for region (e.g., chest, abdomen-pelvis); and is the
DLP-to-ED conversion coefficients for region defined by ICRP Publication 102 [39].
The average difference between . and  was calculated for each protocol and
evaluated using a t-test (Matlab 2018a) in terms of the difference across all patients and
across different-sized groups (denoed based on the water equivalent diameter, WED)
[35]. Note that while some other investigators have used the ICRP reference phantom for
the purpose of overall radiation exposure estimation [38], this study calculated the
_ for each patient using a virtual anthropomorphic phantom matched to the

patient.

2.3 Results
2.3.1 XCAT Validation

Figure 3 shows versus and and their corresponding linear model
for sample protocols. The was correlated with (R=0.78°0.24, 0.62°0.28,
0.34°0.33, 0.63°0.31 for organs inside, on the periphery, outside, and distributed within
the scan coverage, respectively, averaged across all protocols and cohorts). The linear

model with bias correction obtained unified the slope and reduced the intercept.
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Figure 3: Monte Carlo dose ( , ground truth) plotted against the estimated
dose (this study) without (yellow, ) and with bias correction (blue, ) for

adult chest (left) and abdomen -pelvis (right) protocols. Each dot represents dose
obtained from one phantom. The identity line is plotted in black, where ideally all
points lie on this diagonal line. The dashed li nes represent the confidence intervals of
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the linear model. Liver, lung, and bone -surface were chosen to each represent the
organ on the peripheral(inside), inside (on the peripheral), or distributed for chest
(abdomen-pelvis) protocols with respect to sca n coverage.
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Figure 4: Errors of organ dose estimation (left : without bias correction, right:
with bias correction) compared to the Monte Carlo simulation (ground truth)
averaged among phantoms in the adult (top), pregnant (middle), and pediatric
(bottom) cohorts for each organ, protocol. The error was calculated a s

I - I
-2
the organ dose estimated in this study, and by Monte Carlo. * represent fetus body
and fetus bone tissue for the pregnant cohort.

%, where is the number of phantoms, and is
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Figure 4 shows the difference between versus and for each organ
and protocol averaged across all of the XCAT phantoms within each cohort. When
accounting for all the organs, the protocol-averaged maximum error was 53% and 18%,
without and with bias correction, respectively. The corresponding errors within each
cohort were 53% (adult), 56% (pregnant), and 45% (pediatric) without bias correction,
and 21% (adult), 13% (pregnant), and 17% (pediatric) with bias correction. When
accounting for the majority of organs (excluding 15% of outlier organs with the largest
errors), the protocol-averaged maximum errors were 18% and 8%, without and with bias
correction, respectively. The corresponding errors within each cohort were 17% (adult),
18% (pregnant), and 17% (pediatric) without bias correction, and 9% (adult), 7%
(pregnant), and 8% (pediatric) with bias correction. As shown, for the majority of organs,
including fetal dose as an organ, the dose estimation showed reasonable errors, and the
error reduced with bias correction. The bias correction was more effective for organs

with larger errors.

2.3.2 Clinical Study

Figure 5 shows the liver, lung, and bone-surface organ doses as a function of

mean for the 401 chest and 647 abdomen-pelvis scans. The plots indicate that for
each mean , different organs have diverse dose values. For chest scans, the lung-
to-liver and lung-to-bone dose differences were 36.7+9.6% and 52.7+5.4% of the ,

respectively, averaged across all chest exams. For abdomen-pelvis scans, the liver-to-
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lung and liver-to-bone dose differences were 67.0+22.5% and 26.8+12.3% of

respectively, averaged across all chest exams.
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Figure 5: Organ d oses plotted against exam CTDIvol of the 401 chest (left,
mean age: 61 y.0., age range: 188 y.o.; 170 females, 231 males) and 647
abdominopelvic (right, mean age: 56 y.o., age range: 18-89 y.o.; 354 female, 293 male)
exams used in this study. Error bar s represent 95% confidence interval.

Figure 6 shows the effective dose as a function of WED for the 401 chest and 647
abdomen-pelvis scans. EDp | pvas, on average, greater than EDg pby 9.0% (p<0.001,
range from -18.1% to 190.9%) and 24.3% (p<0.001, range from -28.4% to 234.7%) for chest
and abdomen-pelvis scans, respectively. For WED ranges of <25, 25-30, 30-35, >35 cm,
the percentage differences between EDp | @and EDg pwere -6.3+21.8% (p<0.001),

8.8+21.2% (p<0.001), 31.6+34.9% (p<0.001), 38.3x11.0% (p=0.038) for chest, and -

13.3+14.3% (p<0.001), 4.4+18.1% (p<0.001), 31.3+25.1% (p<0.001), 61.9+32.2% (p<0.001) for
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abdomen-pelvis protocols. EDp | pwvas larger than EDg p for larger patients (WED >

25cm), and smaller than EDg p for smaller patients (WED < 25c¢m).
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Figure 6: Organ-dose-based effective dose ( ) and DLP-based effective
dose ( ) plotted against the water equivalent diameter for 401 chest (left, mean
age: 61 y.q, age range: 1888 y.o.; 170 females, 231 males) and 647 abdomeipelvic
(right, mean age: 56 y.o., age range: 1839 y.o.; 354 female, 293 male) exams used in this
study. showed higher values compared to for larger sized patients, and
lower values for smaller size patients.

2.4 Discussion

Following accreditation and regulatory program requirements, an increasing
number of hospitals and clinics are recording radiation dose from CT exams. When
combined with image quality or other diagnostic performance measurements, they can
be used to manage exposure and optimize imaging protocols. To facilitate this

management, it is best to use metrics that are most relevant to the actual burden on a
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patient. Current clinical practice typically relies on scanner-derived dose indices such as
CTDIva and DLP, which are more of a reflection of the exposure output of the machine
than the actual radiation burden to the patient. Patient-specific approaches require time-
consuming and labor-intensive anatomic modeling of each patient and computationally
expensive Monte Carlo simulations, which although accurate, are challenging in clinical
applications. In this study, we implemented a comprehensive patient-informed organ
dose estimation framework. The patient information is taken into account and pre-
calculated anatomy and exposure datasets are utilized to provide clinical dose
estimation in real-time and with high accuracy. This system may assist in exposure
standardization and comparison within and across healthcare providers, and potentially
protocol optimization when combined with diagnostic image quality related
measurements.

To facilitate exposure management, effective dose based on organ doses and the
tissue weighting coefficients is a relevant quantity, accounting for the actual radiation
burden to the patient. Organ doses determined in a patient-relevant manner, however,
are usually not known. In such cases, effective dose based on DLP is commonly used.
The difference between the two quantities have previously been noted for a limited
number of protocols and reference phantoms under fixed tube current condition [24-26].
In this study, the comparison was performed under widely-used modulated tube

current condition in a clinical population. The effective dose from patient-informed
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organ dose showed a substantial difference from those estimated using the DLP method.
This difference can be as large as -30% to 230%, and larger for larger-sized patients. This
suggests that care should be exercised when using EDp | go inform clinical decisions, as
overestimating doses may lead to unnecessary concern and resulting in insufficient
exposures, and vice versa.

There is an increase in the effective dose with increased patient sizes, which
agrees with previous studies reporting the effective dose based on patient-specific organ
doses [27, 40]. Our clinical study showed that EDp | ds overestimated for larger sized
patients and under-estimated for smaller sized patients. This trend agrees with a clinical
study on abdomen-pelvis exams with tube current modulation by Haji-Momenian et al.,
who explained that this trend was a result of using size-generic factors [26, 40]. In a
previous work deriving patient-specific k factors using patient-specific organ dose, the
patient-specific k factors were shown to be decreasing with increased patient size [41].
Moreover, Haji-Momenian et al. reported that EDp | mgreed with EDg p for patients with
a diameter of 28 cm, matching the diameter of phantoms used to derive the generic k-
factors commonly used for EDp | calculation [26, 42]. Our study confirmed that there is
a better agreement between EDp | jand EDg p for patients with WED ranging from 25-30
cm, with EDp | feing underestimated for patients smaller than 25 cm and overestimated
for patients larger than 30 cm. This is likely due to the fact that in larger sized patients,

remainder tissue consists of more volume, and this radiation sensitivity distribution
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change is not taken into account in EDp | pAs shown, the DLP-based method may likely
overestimate the dose for larger sized patients and underestimate for the smaller
patients. The underestimation for dose can negatively affect risk assessment (for
pediatric patients), while overestimation can compromise needed quality for image
protocols. Therefore, only a robust and consistent dose estimate for both cohorts can
ensure the evaluation and the design of optimal radiological procedures.

There are a few limitations in this study. First, the organ dose estimation system
accuracy was only validated for one scanner. It is likely different hospitals may utilize
different scan protocols. Although not performed in the current study, the same method
can be extended to other scanners and manufacturers. The differences in dose among
scanners and CT techniques have been shown to be largely normalized by using the
CTDlvot [7, 28]. Thus, when implementing the framework, we used quantities
normalized by the CTDIvol. In the application, the exam CTDIvo is used as a parameter to
address the radiation field under different scanners and CT techniques with TCM
separately incorporated in calculation. Second, the XCAT dataset was used both to
create and validate the system. This was done because it is time and resource expensive
to create accurate computational phantoms. In future work, we will examine a
completely different dataset to validate the overall system. Furthermore, the framework
implementation is portable to other phantom libraries. The users may use alternative

libraries either publicly available or through licensing. Third, in the clinical study, the
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effective dose did not have a corresponding ground truth to address the accuracy of
E Bpand EDp | pHowever, compared to EDp | pEDg p considers heterogeneity in both
the tissue radiation sensitivity and TCM radiation field, which in theory is more accurate
and relevant to the patient dose. Fourth, the study focused on organ dose-based effective
dose estimation on clinical images and did not investigate other alternative patient
informed metrics such as size-specific dose estimate (SSDE) [43, 44] and the dose
estimation using size-specific conversion factors [45]. However, future studies can
extend our approach also to include the comparison with other patient informed
radiation metrics. Finally, the clinical study was limited to the adult population without
any confirmed cases of pregnancies. The future work will include pediatric populations.
In summary, in this study, we comprehensively implemented and demonstrated
the feasibility of a patient-informed organ dose monitoring system in clinical settings.
Compared to scanner-derived dose indices such as CTDIvol or DLP, the system provides
a more accurate estimate of organ dose by taking into account variation of tissue
radiation sensitivity and heterogeneity in radiation field, especially under tube current
modulation. Of notable innovation, the methodology provides for estimation of fetal

dose under variable habitus and gestational conditions.
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3. Patient-specific Organ Dose Assessment Framework

The purpose of this chapter was to develop and validate a patient-specific organ
dose assessment framework in clinical computed tomography. This chapter is an
adaptation of a paper previously published in the IEEE Journal of Biomedical and
Health Informatics under the title " iPhantom: A framework for automated creation of

individualized computational phantoms and its application to CT organ dosimetry" [46].

3.1 Introduction

Computational human phantoms (CHPs) are mathematical representations of
the human anatomy in a digital format. CHPs and their applications have co-evolved in
the last six decades [47, 48]. CHP development is driven by important and growing
applications, which include retrospective, prospective, or real-time radiation dosimetry,
individual cancer risk estimation, diagnostic and interventional radiology studies,
monitoring for environmental radiation exposure, assessment of medical imaging
protocols, design and verification of shielding protection, and virtual clinical trials for
regulatory submissions [47-56]. For these applications, it is essential to have CHPs that
realistically reflect individual patients (i.e., patient-specific), as well as the population at
large (i.e., population-specific) to echo anatomical variations of real clinical cases and
scenarios.

Toward that aim, recent development of CHPs has focused on realistically

representing given individuals for patient-specific investigations or assembling many
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anatomically variable phantoms at large scale for population-based studies. The
phantoms are primarily developed by manually segmenting a limited number of patient
cases. However, segmentation is a time-consuming process that can take many months
to complete per phantom depending on the level of detail required. Furthermore, the
work involves inter- and intra-operator variability that incorporates a certain degree of
subjectivity in the process. Even addressing these limitations, the current automatic
segmentation techniques based on tissue texture patterns and/or manually-labeled
training resources are still limited to only a handful of organs with high-contrast [53, 56-
58]. They are generally incapable of differentiating small organs or adjacent organs with
similar textures or gray scale (e.g., large intestine). Thus, segmentation alone is
inadequate to reflect the extensive range of organs essential for representing the human
body. This necessitates a combination of segmentation and deformation to create CHPs.

To facilitate the development of CHPs, deformable techniques have been used to
augment existing phantoms to model additional anatomically variable models [47, 48].
Populations of new models can be created by deforming given template phantoms to
match variations observed in patient data. However, these methods are still highly
constrained by the manual segmentation process. Overall, the current methods cannot
be applied to create large sets of CHPs or to create digital representations, so-called

digital twins, of clinical cases.
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In this study, we develop a framework, iPhantom, to address the challenging
problem of automatically and accurately creating CHPs in a patient-specific manner
toward large scale CHP development and clinical patient-specific implementation. The
work draws upon a validated non-automatic pipeline that was used to develop the
widely used XCAT phantoms [32, 59, 60]. Specifically, the work addresses two major
obstacles to generate phantoms directly from patient medical images. The first obstacle
is to extract patient specific information. We developed a machine learning model to
segment key, or anchor, organs automatically from medical images. Second, a complete
CHP requires all major organs, including the low contrast ones. We adapted a
deformation morphing technique developed for the multi-organ registration problem in
phantom space to embed unsegmented structures from an anatomical template. The
template was obtained using a parameterized matching method to draw upon the
complete human models from the XCAT phantom library. We systematically validate
the framework in terms of phantom geometry and its application or organ radiation
dosimetry. This specific application is motivated by the strong need to assess radiation
dose and its associated risk to the patient during an exam in a patient-specific manner.
Organ dose has been regarded as the most relevant metric to characterize patient risk.
However, clinical quantification of this metric has been hindered due to previous

limitations in creating accurate CHPs.
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In this paper we detail a process to create CHPs from patient images
automatically. The preliminary concept was first introduced at the 2018 SPIE Medical
Imaging conference [16]. The present manuscript significantly extends that concept into
a framework with each individual component specifically developed for the purpose of
creating patient-specific CHPs. The framework is further applied to the task of patient-
specific organ dose estimation by incorporating a recently released GPU-based Monte
Carlo simulation package [17] for CT scans with both fixed and modulated tube current.
We demonstrate the clinical utility of the framework by applying it to unseen clinical
patient images to create a new set of patient-specific phantoms and quantitatively
validate the results.

The rest of the paper is organized as follows. We introduce the iPhantom
pipeline and analysis in Section II. Then, we describe its application to radiation
dosimetry in CT in Section III. The validation experiments and results are reported in

Sections IV and V. Finally, we present conclusions and discussions in Section VI.

3.2 iPhantom framework

The proposed framework aims at creating patient-specific phantoms directly
from patient-medical images in a fully automated pipeline. The framework first
automatically segments a selected set of organs and structures. These organs are
rendered in high contrast in CT and can be delineated or segmented with high fidelity.

The segmentation of the remaining organs, however, may suffer from a great degree of
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uncertainty. Thus, the framework fuses the initial segmentation results with an
anatomical template that will be used to fill in the missing structures in the newly made
phantoms. This addresses the challenge that the body consists of many organs (34
organs were investigated in this study), large and small, with different morphology and
textures; and reliably segmenting all of them automatically (even manually) is very
challenging. As templates for this work, we used 50 highly detailed adult models in the
XCAT phantom library, which was developed in our laboratory and has been widely

used for many applications [32, 59].

Input: CT images Initial target

o

A. Automated
segmentation of
anchor organs

B. Parameterized
template matching

C. Registration and
embedding of «— N
non-anchor organs ‘

(Phantom body contours removed for
visualization purpose)

Figure 7: Flow-chart of the iPhantom framework.
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Figure 7 summarizes the steps in the iPhantom framework. First, anchor organs
within a given set of patient CT data are automatically segmented, using a learning-
based segmentation model developed to segment key organs, to define an initial target
(Figure 1. box A.). This person-specific definition of anchor organs is used to guide the
fill-in of non-anchor organs. An XCAT phantom template that best matches the partially
segmented target is then selected using parameters chosen to reflect anatomical
similarities (Figure 1. box B.). Finally, a mapping between the template XCAT model and
the patient target was calculated using a registration model adapted for the multi-organ
scenario of the phantom space. The mapping is used to transport the non-anchor organs
from the template space to define them within the new patient model (Figure 1. box C.).
In this study, we developed both linear (affine) and non-linear (diffeomorphic) mapping

methods.

3.2.1 Enhanced and automated segmentation of Anchor Organs

Accurate anchor-organ segmentation is critical to the automated creation of
individualized phantoms, setting the stage for the subsequent steps. The specific set of
anchor organs was determined based on state-of-the-art multi-organ segmentation of CT
images of the chest-abdominal-pelvis region [11, 12] and our available labeled training
images. Twenty-two organs and structures were selected: thyroid, lungs (L/R), heart,

liver, spleen, kidneys (L/R), gallbladder, ribs (L/R), bladder, spine, clavicles, sternum,
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scapulars, stomach, pancreas, pelvis, femurs, arms, and body. The body represents all
organs and tissues not individually segmented but included within the body contour.
3D convolutional neural networks were developed using a U-Net architecture
similar to that described by Cigek et al. [61] . In designing the training objective, or the
loss function, we considered multiple classes (organs) as well as the difference in organ
volume, i.e., the number of voxels in an organ. For example, the ratio in volume between
the lung and thyroid can be up to three orders of magnitude. To overcome the inter-class
imbalance problem, we made use of the combined dice loss and cross-entropy loss
functions similar to Taghanaki et al. [62]. The dice loss has been used for multi-organ
segmentation, even though it may lead to failure to converge for small organs due to the
vanishing gradient issue. The cross-entropy loss regularizes the objective function [62].

Specifically, we used the following loss function

23
> o+
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where ; and w, are weighting coefficients for the dice and cross entropy loss,

respectively; and are the segmentation probability and binary indicator,
respectively, for voxel and class . In this study, we chose ;= landw, = %, where L is

the total number of classes.
For training the network, we utilized and refined the manually segmented CT
data upon which the XCAT library of phantoms were based. In practice, the GPUs we

used was a Titan RTX GPU with 24 GB memory, which had limited memory resources.
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To account for this, we cropped the training images to 128x128x128. Within this input
size constraint, to balance sufficient global content for training and resolution for
creating phantoms, the images were down-sampled to a longitudinal resolution of 5 mm
and an in-plane resolution of 2.5 mm. The inputs were at the size that contained the
majority volume of the patient trunk. In the training, CT images were randomly
sampled with each structure centered, following Pawlowski et al., [58] to ensure the
network was trained on all structures. For inference, whole CT images, rather than
cropped segments, were used as inputs to speed up prediction and eliminate prediction
window boundary artifacts. Once developed, the segmentation method was validated

as described in Section IV.A.

3.2.2 Parameterized Template Matching

After segmentation, a parameterized matching strategy was developed to
identify a template phantom that best matches the patient determined by the segmented
anchor anatomy. It was assumed that if the anchor layout is similar between a patient
and a phantom, the rest of the organs will show a higher likelihood of similarity. This
similarity also results in the transformation computation being less expensive. We find
phantom i by minimizing the distance to the patient defined by parameters © =

{1, 2,...  }derived from the anchor organs as

= mi ® - &yll,, subject to ,
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where © and @ are anatomical parameters for phantom i and the target patient,
respectively, and is the set of phantoms satisfying patient-specific constraints (e.g., age
range, gender).

In previous work, the trunk height has been shown to be a good indicator of
organ distribution [63]. Likewise, the trunk diameter has been shown to be related to the
thickness of tissue outside the skeleton [40]. Therefore, in this initial implementation, we

defined ; asthe phantom trunk height, and , as the phantom trunk effective

. . Y,
diameter defined as , = 2V — where Vand are the segmented trunk contour volume

and height, respectively. The matched phantom was then chosen iteratively from
using (2).
3.2.3 Registration and Embedding of Non-anchor Organs

With a matching template phantom, the final step was to calculate a mapping
from the template space to the target patient space. A mapping may be described as the
product composition of an affine mapping for initial global alignment and a non-rigid,
non-linear diffeomorphic mapping [64]. The affine mapping has only shifting, scaling,
and sheering parameters and can be determined more quickly. The affine-transformed
template is then used as input for the diffeomorphic registration to the target. The
diffeomorphic transformation enables large deformation calculations while preserving

the topology. We developed and evaluated mapping calculations with both (i) affine
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mapping alone and (ii) combined affine and diffeomorphic mapping (labeled as
diffeomorphic mapping).

To compute the diffeomorphic mappings, we adapted the symmetric
normalization (SyN) method in the Advanced Normalization Tools (ANTs). ANTs was
chosen based on its public availability and its reliable accuracy and wide use in medical
research [65, 66]. We modified the transformation calculation parameters from its
common utility in brain image registration to calculate the mapping from the template
to the target. The mapping was applied to the non-anchor organs located in the template
to ‘fill-in” these organs in the target.

We choose parameters including similarity metrics, a gradient step, and
Gaussian smoothing for velocity and deformation field. The parameters were
determined empirically by conducting a large set of experiments over the parameter
space to identify those with sufficient registration accuracy. Similarity metrics between
the phantoms were calculated in both intensity-based and label-based spaces. Intensity-
based metrics are advantageous for regions with more drastic changes (e.g. soft tissue
and bone boundaries) while label-based metrics provide additional anatomical
similarity knowledge. For intensity-based phantom input, we generated synthesized CT
images from the template and target voxel phantoms by assigning organ intensities (HU
values) derived from the averaged organ voxels of the XCAT patient CT images. For

label-based phantom input, the template and target voxel phantoms were formatted
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with corresponding unique IDs assigned to the segmented structures. For organs with
two separate regions on both left and right sides of the body (e.g., lungs), unique labels
were assigned for each side.

For the affine mapping, we used the intensity-based mutual information metric.
For the diffeomorphic mapping, we used the combined intensity-based cross-correlation
and label-based point-set expectation metrics. The two metrics were weighted
(weighting of 0.1 and 0.9 for cross-correlation and point-set expectation, respectively)
and summed. For cross-correlation calculation, we used a 3x3x3 voxel neighborhood.
The point set expectation was calculated as the expectation of a point  on one image
being the target point of a set of points { } on the other image, with the expectation
calculated by weighted sum [67]. The weighting for point  and the points on the other
image { } was determined by a normal function of the Euclidean distance between

and within a neighborhood of 20 voxels.

The runtime for affine transformation was within seconds and diffeomorphic
deformation calculation was 1-4 hours on a 2.20 GHz Intel Xeon CPU. Considering
segmentation taking only seconds, diffeomorphic deformation is the most time-

consuming component of the process.

3.3 Application to Patient-specific Organ Dosimetry

The phantoms created using the framework are portable to applications in many

domains. In this study, we applied and validated the framework in the classic and
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actively researched area of patient-specific organ dosimetry in computed tomography.
Computed tomography has been widely used for diagnosis of major diseases; however,
its potentially harmful radiation effect has been a concern for healthcare providers and
patients. Patient-specific organ dose has been regarded as the most relevant metric to
quantify radiation exposure and the associated risk[68]. However, it has not been widely
utilized clinically due to the challenge of automatically creating patient-specific
phantoms necessary to estimate reliable organ doses. We attempted to address this
limitation. For this validation, we utilized a CT organ dose estimation module [69]
developed in our laboratory. As input, the patient-specific phantoms were converted
into voxelized dosimetry phantoms (i.e., reformatted for MC-GPU dose simulation) by
assigning materials to each organ and structure. The CT technical parameters are
specified in Section IV D, including vendor and CT geometry, bowtie, spectrum, and
tube current profile. The absorbed dose was obtained using a validated real-time Monte
Carlo (MC) tool, developed using the MC-GPU framework [35], to simulate photon
transport across the voxelized dosimetry phantoms.

In general, organ dose estimation requires different levels of accuracy in terms of
the phantom geometry for fixed and modulated tube current. It has been demonstrated
that the organ dose estimation under fixed tube current is reasonably accurate as long as
the patient is matched to a phantom with similar size, as the radiation field under fixed

tube current is relatively uniform [40]. Organ dose estimation under the more
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prevalently used Tube Current Modulation (TCM) requires the organs to be localized
more precisely, as the radiation field is more heterogeneous. We evaluated organ dose

estimation accuracies under both fixed and modulated tube current.

3.4 Validation

This retrospective study was performed in compliance with the Health Insurance
Portability and Accountability Act and was determined to be exempt from Institutional
Review Board requirements.

We systematically validated the iPhantom framework using the XCAT phantoms
and the CT data upon which they were based (XCAT datasets) in a cross-validation
approach. We further applied the framework to clinical CT images to evaluate the
framework’s generalizability in creating new patient-specific phantoms.

For the XCAT datasets, we validated the segmentation stage and data fusion
stage (matching and registration) individually. The XCAT datasets were not directly
used to validate the full pipeline because the XCAT geometries have been generalized
and altered to adapt to many applications (e.g., respiratory and cardiac motion
simulations) and thus are no longer fully aligned to their original CT images. We took
advantage of the XCAT datasets consisting of an extensive range of organs within a
population to validate individual components of the iPhantom framework. We
used the manually segmented CT data upon which the XCAT library of phantoms were

based to validate the anchor organ segmentation accuracy. We further adopted the
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voxelized XCAT phantoms to assess the registration calculation and non-anchor organ
embedding of the framework. A schematic of the validation strategy for the
segmentation validation, registration validation, and a baseline dose error estimation is

shown in Figure 2.

a) Segmentation component validation scheme b) Registration component validation scheme

Segm |Phantorp
man segmentation
module

Reference
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Figure 8: Validation scheme for the XCAT experiments with a) the
segmentation component, b) registration component, and c) the baseline organ dose
error estimation. Oval represents data, parallelogram represents operation,
rectangular represents pre -computed functions. Superscripts seg, reg, mat represent
studies for segmentation, registration, and matching respectively. Subscripts 0

represents reference, and i represents the  phantom. The symbols are listed in
Table 1.
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Table 2: Table of symbols

The " phantom generated by the test set

0, The M reference phantom
anc Phantom with anchor organs only
non-anc Phantom with non-anchor organs
MAE Mean absolute relative error across all test set
DSC Dice similarity coefficients

, DSC between the " test set and reference phantom for segmentation
and registration validation, respectively.
MAE of organ doses between the M test set and reference phantom for
P segmentation validation, registration validation, and matching
method, respectively

3.4.1 Segmentation Validation

We used fifty chest-abdomen-pelvis CT datasets that were part of the XCAT
modeling. We further refined and checked their original manual segmentation under
supervision of a radiologist (23 years of experience). The image data show clinical
anatomical variations with no abnormalities (20/30 F /M; age range: 18 - 78 y.o.; trunk
effective diameter range: 24 - 39 cm). The twenty-two organs and structures listed in
Section II.A were segmented in the data.

A five-fold cross-validation was performed to train and validate the
segmentation models. Each testing CT dataset was automatically segmented using the
trained model of each fold and compared to its corresponding expert manual
segmentation in terms of geometrical accuracy and estimated dose (metrics described in

Section IV.D.). In each fold, the training, validation, and test set were divided as 30, 10,
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and 10 of the cases, respectively. The model was implemented by Keras [70] with a
Tensorflow backend [71] with Adam optimizer [72]. For training, we used 24,000
iterations with a learning rate of 10e-3 and 10e-4 for the first and second half of
iterations, respectively. Training took about 20 hours, and the prediction of one patient

took 1-20 seconds using a Titan RTX GPU with 24 GB memory.

3.4.2 Registration Validation

As mentioned above, registration was validated independent of segmentation.
The registration procedure requires a template and a target image. To generate these
images, we voxelized the 50 XCAT phantoms from the existing library. Anchor organs
were set to unique integer IDs while non-anchor organs were set to the background
body ID making them indistinguishable. These values were set according to each
individual experiment.

To validate the registration accuracy, we performed two experiments: (i) leave-
one-phantom-out, and (ii) leave-one-organ-out. The leave-one-phantom-out experiment
was used to assess the ability of the framework in predicting the organs for unknown
targets. In this experiment, each of 50 XCAT phantoms was used as a target while the
remaining 49 were used as the template library. Each target XCAT was matched to a
template from the remaining 49 using the methods described in Section II.B. The anchor

organ types were those specified in Section II A, while the non-anchor organs included
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all other radiosensitive structures: thymus, larynx pharynx, trachea bronchi, esophagus,
breasts, large intestine, adrenals, small intestine, ovaries, testes, uterus, and vagina.

The leave-one-organ-out experiment was used to evaluate the accuracy of predictions
with different anchor organs left out. Within each of the 50 leave-one-phantom-out
experiments, we performed multiple leave-one-organ-out experiments. In each leave-one-
organ-out experiment, one segmented organ was left out (set to the body ID) and the rest
of the organs were used as the anchor organs. The left-out organ was filled in using the
iPhantom registration module and assessed for accuracy using metrics described in
Section IV.D.

Furthermore, to evaluate the isolated effect of diffeomorphic deformation, we
assessed the two registration methods, one using only an affine transformation and one
with the combined affine and diffeomorphic transformation (labeled as diffeomorphic
deformation in the results).

In each experiment, the target phantom was used to provide the target image. As
mentioned above, anchor organs were set to unique integer IDs in the voxelized target
phantom; non-anchor organ voxels were set to the background body ID. The matched
XCAT selected for each target was used to provide the template image. The organs were
set to corresponding IDs as the target. Given these images, the framework was used to
calculate the transform from the template to the target. The transformation was applied

to the template with full anatomy to predict the remaining anatomy of the target. The
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template phantom with transformation were compared that from the original XCAT
target phantom, using the metrics as outlined in Section IV. D. The procedure for each
target phantom is detailed in Fig 2b.

In the interest of computational efficiency in terms of the registration as well as
the dosimetry calculations, in all registration experiments, the XCAT phantoms were

voxelized at an isotropic resolution of 3.45 mm.

3.4.3 Application to New CT Data

The iPhantom framework was tested using new CT datasets, not previously used
in the XCAT phantom creation. This HIPPA compliant study included ten randomly
selected patients who underwent Chest-abdomen-pelvis CT scans from our institution
from January 2017 to May 2017. Ten chest-abdomen-pelvic CT images were included in
this experiment (4F/6M; age range: 35-83 y.o.; trunk effective diameter range: 24-44 cm).
Two patients were scanned with the SOMATOM Definition Flash (Siemens Healthcare)
and eight patients were scanned with either Revolution CT, Revolution GSI, or
Discovery CT750 HD (GE Medical Systems). Nine patients were scanned with iodine
contrast and 1 without. The scans used 140 kVp (n=1), 120 kVp (n=8), and 100 kVp (n=1).
The exam CTDIvo ranged from 4.67 mGy to 36.91 mGy. For each patient, the anchor
organs used in the 1st experiment were manually delineated by a radiologist with 23

years of experience. This annotation was used as the evaluation reference. The iPhantom
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framework was applied to these clinical images to generate patient-specific phantoms
and to evaluate the framework accuracy.

Furthermore, using the CT images and the manual annotations as reference, we
evaluated the framework accuracy for segmentation and registration components using
the metrics described in Section IV. D. In detail, the trained segmentation model by the
XCAT dataset (Section IV. A.) was applied to these new CT images to predict organ
labels. The predicted and reference segmentation were compared by both geometry and
organ dose using the same scheme as in Fig. 2a. The registration model was evaluated
using the leave-one-organ-out approach. We used both the manual (reference) and the
predicted segmentation as the initial target to evaluate the isolated registration error and
the overall segmentation and registration error, respectively. The initial target phantom
was then matched to an XCAT and had the left-out organ filled in using the proposed
registration module. The template phantom libraries consisted of all the 50 XCAT
phantoms with all anchor organs as used in section IV.B. 1). The filled-in organs were
compared with its manual delineation using the scheme shown in Fig. 2b. For organ
dose estimation, we extracted the actual tube current modulation profile from the CT
image DICOM headers to mimic the scans more realistically. For scan simulation, the
TCM values were assigned to projection angles according to longitudinal locations with

linear interpolation.

47



3.4.4 Validation Metrics

For each study, comparisons of the predicted anatomy versus the known truth
anatomies were made in terms of the geometrical accuracy of the organs and structures
as well as estimated CT radiation dose. Geometric accuracy of the predicted anatomy as
compared to the known truth was measured by the dice similarity coefficients (DSC).

We measured the dose differences between the phantoms generated from each
test set and its reference using the organ dose module. Without loss of generalizability,
the organ doses were estimated using a typical clinical protocol. This simulation
included a Light Speed VCT scanner (GE Healthcare) with explicitly modeled gantry
geometry, bowtie, and spectrum. A chest-abdominal-pelvis protocol was performed
with the scan converging 1cm above the lung and 1cm below the pelvis. The CT
techniques were 120 kV, pitch of 1.375, and collimation of 40 mm and medium body
bowtie filter for simulated scans with both modulated and fixed tube current. The tube
current modulation profile was synthesized as a function of patient attenuation at each
projection angle, scanner-specific geometry, bowtie type, and kV using the method
described by Li et al [37]. In this study, we used the ‘strong” TCM configuration (i.e., =
1in Li et al. [37]) to simulate a scenario with the most heterogeneous radiation field

providing an upper bound in organ dose discrepancy.
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The organ dose differences between the dose from the  reference phantom
( o0,) and that from the phantom generated from the test set ( ) were compared by

absolute relative error (ARE) as

0,1

100,% ©))
0,

with the mean of calculated across all the tests and referred to as mean

absolute error (MAE).

3.4.5 Baseline Method

We assessed organ dose errors using an alternative baseline method to provide a
dose accuracy reference. In many state-of-the-art approaches in automatically estimating
organ doses, the patient anatomy is represented by a matched computational phantom
without further post-processing (e.g., registration, rescaling) [9, 63]. For this baseline
comparison, we matched each phantom (reference) to another phantom (predicted
across the 50 XCAT phantoms. The matched phantom was selected using the proposed
parametrized matching method (Section I1.B). Instead of using affine or diffeomorphic
registration to align the phantoms to the initial target, the matched phantom was aligned
to the patient using anatomical landmarks (top of the lung and bottom of pelvis). We
reported organ dose differences between each reference phantom and its matched

phantom. This method reasonably represented the state-of-the-art in that (i) the XCAT
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phantom population is relatively large within the literature, and (ii) the matching

includes two decisive parameters (i.e., height and width) that influence organ dose.

3.5 Results

In this section, we present the validation results. We first show geometry and
organ dose estimation accuracy of the segmentation and data fusion stages, respectively,
using the XCAT dataset. We further provide overall dose error surrogates combining
segmentation and registration dose errors and compare them with the baseline dose

errors. Finally, we show the clinical data validation results.

3.5.1 Geometry validation
3.5.1.1Segmentation

Fig. 9 shows the results of segmentation validation using the XCAT dataset. The
results show a sufficient segmentation performance, especially in clear discrimination of
organ material types as soft-tissue, bone, and lung, which are essential for accurate dose
calculation. Lungs and body show an average DSC greater than 0.98. Large soft tissue
organs (liver, spleen, kidneys) show an average DSC greater than 0.9. Soft tissue organs
with relatively irregular shape (pancreas, bladder) or smaller size (thyroid, gallbladder)

show an average DSC of 0.6-0.8. Bones show an average DSC > 0.85.
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Figure 9: Gemometry valiation results of the segmentation component using
XCAT datasets in a five -fold cross validation on the test set. a) Example segmen tation
results overlaid onto the patient CT data for patient with median cross -organ average
DSC. b) Box plot summarizing the DSC results calculated from the reference and
predicted segmentations from each test case.
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Figure 10: Results of the registration component validation using the leave

one-phantom out approach with the XCAT dataset.

) Rendering of a reference, the

matched, and the matched model with affine and diffeomorphic transformations. b,

Box plot of dice similarity coefficients (DSC) between the reference and matched with

<)

transformation for b) anchor organs and ¢) non -anchor organs for all XCAT phantoms.
The results show that the diffeomorphic transformation improves the prediction for

the filled in organs

52



3.5.1.2Registration Leave-one-phantom -out.

Fig. 10 shows the results of registration validation using the leave-one-phantom-
out approach. For most anchor organs, affine transformation and diffeomorphic
deformation resulted in a DSC of 0.2-0.6 and 0.8-0.9, respectively. For filled in organs,
affine shows a reasonable DSC of 0.2-0.8 and the diffeomorphic deformation improves
the results to 0.3-0.9. Indicated by the positive DSC, both affine and diffeomorphic
transformations precisely localize organs. We demonstrate this level of accuracy
provides sufficient accuracy in organ dose estimation (section V.B.). The improved
performance of diffeomorphic deformation is due to the fact that the affine
transformation is linear with a limited degree of freedom. The diffeomorphic
transformation is non-linear and more flexible, resulting in better anchor organ
alignment.

This superior anchor organ framework results in a more accurate prediction of
unsegmented organs. This effect can be further observed in that for non-anchor organs
bordered by anchor organs in multiple directions, such as the trachea-bronchi, thymus,
esophagus, and adrenals, the gain from the diffeomorphic deformation is higher. On the
contrary, for non-anchor organs with limited constraints, such as the breast and larynx-

pharynx, the DSCs were moderately improved from deformation.
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Reference Affine Diffeomorphic
transformation deformation

Figure 11: Registration geometry -based validation of the XCAT dataset using
the leave-one-organ-out approach. Rendering of an example case (same case as in Fig.
4) where the lungs (top), kidneys (middle), and pelvis (bottom) are left out

respectively and filled in using affine transformation and diffeomorphic
deformation.

c. Registration leave -one-organ-out.

Fig. 11 shows the results of registration validation using the leave-one-organ-out
approach for an example case. Results show a similar trend that both affine (DSC of 0.2-
0.8 for both anchor and non-anchor organs) and diffeomorphic (DSC of 0.8-0.9 for

anchor organs and DSC of 0.4-0.9 for non-anchor organs) transformation are sufficiently
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able to fill in organs, with superior performance from the diffeomorphic deformation.
The affine transformation results are not substantially affected by whether the organ or
its neighboring organs are anchors or left-out. This demonstrates that this non-linear
transformation is mainly optimized for whole-body features rather than those from local
context. The diffeomorphic deformation shows high transformation accuracy for most
anchor organs. This considerable improvement is minimally affected regardless of

which organ is left out, demonstrating the flexibility of this nonlinear method.

3.5.2 Dosimetry Validation

For the segmentation validations, in general, anchor organs with DSC > 0.85
(lung, heart, liver, spleen, kidneys and bones) show a MAE of <1% (those ranges of
errors were summarized with precision of 1%) for both fixed and modulated tube
current scans. Organs challenging to segment (stomach, pancreas, bladder, gallbladder)
show an average error of 1-4% and 2-5% for fixed and modulated scans, respectively.
The MAE for thyroid is 12% for both fixed and modulated tube current. The dose errors

from segmentation are generally small.
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Figure 12: Absolute relative error (%) of organ doses from phantoms from the test set and the reference averaged across
the 50 XCAT for scans in leave -one-phantom -out validation. a) Organ dose errors (combining errors from segmentation and
registration or an alternative baseline method) calculated for anchor organs. b) Organ dose errors calculated for the embedde d
organs predicted using registration
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The filled-in organs introduce dose errors not only to the filled-in organs, but
also to the anchor organs, resulting in anchor organs with a MAE of 1-3% by affine
transformation, and <1% by diffeomorphic deformation for both fixed and modulated
tube current. Both affine and diffeomorphic transformation show relatively small errors,
with errors from diffeomorphic transformation being comparable to those from
segmentation.

Fig. 12 and Fig. 13 shows the mean absolute relative error and the error
distribution, respectively, between reference phantoms and their corresponding
predicted anatomy from the iPhantom framework averaged across the 50 XCAT
patients. The overall errors to anchor organs combining segmentation and registration
are 1-6% for affine transformation, and <5% for diffeomorphic deformation for both
fixed and modulated tube current (Fig. 12a). Except for the thyroid, the MAE from the
alternative baseline method (Section IV. E) are 6-14% for fixed tube current, and 6-16%
for modulated tube current. The results demonstrate the sufficient and superior
performance of the proposed approach for anchor organs. Fig. 12b show dose errors for
non-anchor organs. For fixed tube current, except for small organs or organs not fully
constrained by anchors (breasts, larynx-pharynx, and testes), the affine method shows
comparable results to the alternative baseline method (MAE: affine 2-16%, match 3-19%),
with the MAE reduced to 2-8% with diffeomorphic deformation. Breasts, larynx-

pharynx, and testes show relatively large errors with substantially superior results from
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diffeomorphic deformation (MAE: match 15-61%, affine 18-69%, deform 14-35%). For
modulated tube current, compared to their corresponding MAE under fixed tube
current, phantoms show a higher MAE (match 3-18%, affine 2-13%, deform 1-9%, except
for the breasts, larynx-pharynx, and testes) for most organs. Results show that, except
for limited types of organs, phantoms developed with the proposed transformations
offer a high dose accuracy for the most embedded organs, substantially superior
compared to those with the match-alone (alternative baseline) method, especially under
modulated tube current. This can be explained by that for fixed tube current, by using
phantoms with similar size, the organ dose errors are generally guaranteed within 20%,
as widely demonstrated by the literature [9, 63]. However, the radiation field under
modulated tube current is more heterogeneous, so it requires more precise organ
location to obtain accurate dose values. Both affine and diffeomorphic transformation
align the matched phantoms to the patients resulting in more accurate anatomical
representation.

In the leave-one-organ-out validation, the MAE for filled-in organs, except for
the thyroid, are 0-11% for affine, and 0-8% for diffeomorphic transformation for both
modulated and fixed tube current (Fig. 13). The MAE is similar between scans with fixed
and modulated tube current (<2%). Large filled-in organs and structures (lungs and
bones) cause small dose errors on certain neighboring anchor organs (MAE: affine 0.5-

4%, deform 0-2%). For example, when the lungs are left out and filled-in by
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diffeomorphic deformation, the lungs show a MAE of 1.4%, and the anchor organs show
a MAE of 1.76% for the heart, 1.02% for the stomach, and 1.33% for the thyroid under
tube current modulated scans. Other filled-in organs cause less substantial dose errors to
the anchor organs with MAE <0.2% for both affine and deformation, for both fixed and
modulated tube current. It can be observed that the thyroid and pancreas show similar
DSC; however, they show substantial differences in dose errors. This can be explained
by two factors. First, the thyroid is smaller and more sensitive to changes in the
radiation field. Second, the thyroid is located in an anatomical region with wide changes
in body diameter (neck and shoulder), so the radiation field changes more dramatically
compared to the pancreas, which is located in the central area of the abdomen. In
general, the filled-in organs show sufficient dose values and a slight effect on the dose to

anchor organs.

3.6 Application to New Clinical CT Data

Fig. 15 shows renderings of two new example phantoms and phantom anatomy
overlaid on the CT images created by applying the proposed framework to the clinical
CT datasets. The plots show that the segmentation and registration perform reasonably
to build completed models. The quantitative results show similar trends as those from

validation using the XCAT dataset.
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Figure 15: Clinical validation. Phantoms generated by automated segmentation and regist ration from the proposed
framework of two example cases. 3D renderings of the phantoms are shown as well as organ outlines from the phantoms overlaid
onto coronal and sagittal slices of the patient CT data from which they were generated.
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Fig.16 shows the DSCs (Fig. 15a) and MAE (Fig. 15b) between the phantoms
predicted from the proposed framework based on CT images and the reference,
respectively. Compared to the XCAT dataset results, for organs easy to segment, the
DSCs are 0.01 — 0.04 less for lungs, heart, liver, spleen, kidneys, body, and 0.02 — 0.1 less
for bones. For organs with larger segmentation uncertainties (stomach, pancreas,
bladder, gallbladder, and thyroid), the DSCs are -0.1 — 0.12 different compared to the
XCAT validation. These differences are reasonable considering the annotation labels of
the XCAT are created from different observers, and that the XCAT phantoms are largely
based on normal patients, but the clinical patients were mostly abnormal. The
differences in imaging techniques may also result in segmentation discrepancies.

The organ dose errors are comparable to the results from the XCAT dataset with
simulations using tube current modulation, with a MEA of 0.5-1.5% for organs easier to
segment, and a M EA of 1.5-5.5% for organs challenging to segment.

The DSC between phantoms from the test set and the reference in the leave-one-
organ-out validation for the clinical dataset compared to the XCAT is 0 — 0.2 less on the
average DSC (except for gallbladder, arms, and scapulars) for both affine and
diffeomorphic transformation. The inferior results in the clinical dataset compared to the
XCAT dataset may result from some large patients in the clinical dataset (effective
diameter range: 24-44 cm for clinical patients versus 24-39 cm for the 50 XCAT patients).

For both affine and diffeomorphic transformation, the anchor organ transformation
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calculation is unaffected by the type of organs left out, similar to the XCAT validation.
For both affine and diffeomorphic transformation, the fill-in accuracy is not sensitive to
whether the anchor organs are generated from the reference or predicted from the
iPhantom framework. This demonstrates that the segmentation errors will not generally
affect the fill-in accuracy compared to the ground truth.

For dosimetry, the MAE for filled-in organs are similar to those of the XCAT,
except for the thyroid, with 0-11% for affine transformation, and 0-8% for diffeomorphic
deformation with anchor organs from both the reference and the iPhantom prediction.
The MAE for anchor organs, when obtained using the iPhantom predicted
segmentation, is similar to the XCAT anchor organ overall error: 1.5-8% (except for
gallbladder) for affine translation, and 1.5-5.0% (except for bladder) for diffeomorphic

deformation.

3.7 Discussion

In this study, we developed and validated a framework, ;Phantom, to
automatically generate computational human phantoms for individual patients, thus
creating a "digital twin” for a patient based on their image data. We demonstrate that
the framework provides a good tool for patient-specific organ dosimetry in CT. This
specific application targets individualized or population-based image monitoring and
protocol optimization. Beyond dosimetry, the framework also has the potential to

efficiently generate large populations of CHPs based on patient data.
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The framework generates the phantoms with patient-specific information
through organ segmentation. For the organs that are challenging to segment, as the
patient-specific knowledge is no longer available, the non-anchor organ anatomies are
determined from the template taking advantage of the seminaries in anatomies.

Each module of the iPhantom framework can be further optimized or
customized. For application to other types of imaging data (e.g., non-contrast CT, MRI,
etc.), the segmentation component would just need to be trained on the data. The
registration component would operate as is. For the matching component, the
parameters could be enhanced with more information from the anchor organ
segmentation to be more reflective of the inner organ anatomy [73, 74]. For the
registration component, registration algorithms such as the multichannel large
deformation diffeomorphic metric mapping (MC-LDDMM) method, used to create the
original XCAT phantom library [32, 59, 60], or the statistical shape model (SSM) used by
Wang et al [75], can also be implemented based on the users” preference. The overall
time to generates a phantom takes 1-4 hours dominated by the diffeomorphic
calculation. To improve the speed of the framework, machine learning methods can be
investigated as alternatives to diffeomorphic registration. Future work will be
performed to evaluate different registration methods. Moreover, the proposed
framework could be applied to for partial body scans as well. For these scans, the

framework defines the organs within the field of view based on template matching and
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deformation. Structures outside the field of view would be modeled based on template
matching. Furthermore, the framework could be potentially extended and validated for
creating pediatric and pregnant phantoms. The segmentation component of the
framework would need to be trained on the different sets of data. For registration, the
XCAT already includes many templates for pediatrics [32]; pregnant patient models are
also under development.

For patient-specific organ dosimetry, we combined the framework with a Monte
Carlo simulation tool in a fully automated approach. State of the art studies providing
similar ranges of organs usually approximate both anatomies (e.g., using a matching
based method) and radiation field. One study combined match-based anatomy
modeling and a convolution-based radiation field modeling method, and it reported a
dose error of about 20-35% [9].

The accuracy of the proposed framework is substantially superior with a MAE
less than 10% for most organs even under the more challenging modulated tube current
situation. It is generally regarded that organ doses are sufficient with a 10% error
limited by the Monte Caro simulation accuracy. Our results further suggest that for
dosimetry applications, it is beneficial to apply a tiered approach: When computational
resources are sparse, affine transformation offers reasonable accuracy; when

computational resources are available, diffeomorphic deformation provides superior
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results; for the organs outside the field of view, one may use the alternative baseline
method.

The geometry validation was performed using DSC. We also evaluated the
predicted anatomy and the reference using the mean surface distance and organ volume
recovery coefficients with both metrics showing similar results compared to DSC.

This study has some limitations. First, the XCAT dataset is limited in number
and the CT images were scanned a decade ago with relatively low image quality.
However, this dataset was satisfactory to show the proof of concept of the iPhantom
framework. In future work, we will incorporate more segmented CT images with
current imaging protocols and perform further training to address this limitation. We
anticipate the segmentation and organ dose estimation accuracy will be improved.
Second, current implementation of diffeomorphic deformation used a global
regularization which might limit the accuracy taking into account inter-organ sliding
motion; further improvement can be implemented using adaptive regularization [76].
Further, in the future study, the diffeomorphic deformation translation calculation can
be benefited using anatomical landmarks of non-anchor organs. These landmarks can be
relatively cost-efficiently generated using manual approaches or automatically
generated using machine learning based algorithms. Third, the overall errors of the
framework were approximated by combining separated errors from segmentation and

deformation. In future work, the framework will be further validated using a leave-
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multi-organ out strategy and incorporate existing phantoms other than the XCAT with
reference manual segmentation of both anchor and non-anchor organs. Fourth, in our
previous studies, the MC-GPU code accuracy was reported for only fixed tube current.
With the same program used for both reference and predicted phantoms, here we
reported more comprehensive dose estimation experiments using both fixed and
modulated tube current function. We are also aiming to improve the TCM
implementation in our future studies. Finally, besides clinical dose assessment, this
framework can potentially be utilized to generate population of phantoms from a cohort
of medical images for large scale studies, such as virtual imaging trials. In such
applications, the generated phantoms (segmentation and registration) are integrated
with sophisticated textures or disease models to create virtual patients, which are used
as ground truth to evaluate accuracies of medical devices. For such applications, a
validation might be needed to evaluate if the generated phantom population reflects
anatomical variabilities required for these imaging trials. These limitations are pathways
for future improvements of the iPhantom methodology with present demonstrated

quality and capability.

3.8 Conclusion
Computational human phantoms (CHPs) are essential for personalized clinical

investigations and population-based simulation studies. However, their utility and

generalization have been limited by current approaches in creating CHPs using manual
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segmentation. In this study, we proposed a novel framework, iPhantom, for automated
and accurate creation of patient-specific CHPs from patient medical images. We showed
that the framework precisely localized a wide range of organs, including low contrast
organs, in CT images. Specifically, we presented an integrated framework built on
fusing patient-specific automated learning-based segmentation with anatomical
templates through template matching and diffeomorphic deformation. This framework
was applied to patient-specific organ dosimetry, yielding a high accuracy (< 10% organ
dose error) across radiosensitive organs. The components of the framework are modular
and thus each can be further optimized for customized applications. This methodology
may be useful for other applications, for example when dealing with hard-to-segment

organs, lack of initial training data, and organ-based image quality evaluation.
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4. Patient-specific Organ Dose and In-vivo Image Quality
Assessment in Clinical CT

4.1 Introduction

While computed tomography (CT) continue to provide an undisputed clinical
value [1], in practice, CT image quality and associated radiation doses vary substantially
for a given exam type due to the differences in patient attributes and scan settings [17].
As medicine is ultimately about patient care, accurate and patient-centered assessment
of radiation dose and image quality can provide the more relevant reflection of this
variability to ensure consistency of CT procedures with sufficient image quality at
appropriate radiation dose [2, 3, 10]. Such individualized data are valuable to evaluate
the relationships between radiation dose, image quality, patient attributes, and scan
parameters; and to inform technology design and optimization.

Organ dose and organ-dose-based effective dose () have been regarded as the
“gold standard” and most relevant metrics to quantify patient radiation burden [2, 5].
Organ doses can be precisely estimated using patient-specific computational models and
exam-specific radiation field. However, accurate modeling in clinical settings is
challenging [68] thus the reason to use radiation dose surrogates. Notably, size-specific
dose estimates (SSDE), incorporating volume CT dose index ( ) with patient-size
adjustment, have been reported as a close surrogate of organ dose [44, 77, 78]. Further,
effective dose based on dose length product ( ) has been commonly used in lieu of

[3, 18, 44]. Both SSDE and quantify dose from an idealized object, instead of
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characterizing patient anatomies with unique geometries and radiation sensitivities [68].
Moreover, they do not reflect dose dependencies with personalized dose modulation
techniques such as tube current modulation [79].

Perhaps more important than radiation dose, image quality is vital for imaging
justification and optimization [80]. Representing the effectiveness of an image to enable
a diagnostic task, image quality is often assessed either qualitatively or via a multi-
observer study [81]. These approaches are either too subjective, or too expensive and
infeasible for clinical optimization. Objective and quantitative assessments measured in
vivo on patient images have recently been demonstrated feasible [12]. The most common
method assesses image quality across the whole image, insufficient to reflect varied
anatomical textures in different organs, relevant to task-based qualities that take place at
the organ level. Therefore, an organ-based measurement would be of effectual value to
meaningfully characterize clinical conditions.

The purpose of this study was to estimate patient-specific organ dose and image
quality automatically across a population of chest-abdomin-pelvis (CAP) and abdomen-
pelvis (AP) CT studies across different sets of scan parameters. The data were used to
assess inherent variabilities of the data and assess differing conclusions that may be
drawn from individualized, organ-based and generic measurements of radiation dose

and organ dose.
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4.2 Materials and Methods

This retrospective, HIPAA compliant study had been approved by the

Institutional Review Board with waived informed consent.
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Figure 17. Flowchart of patient -specific organ -based radiation dose and in vivo image
quality assessment.

4.2.1 CT scan Protocols and Series Selection

CT exams were acquired from the following scanners: SOMATOM Definition
Flash and SOMATOM Force (Siemens Healthineers, Erlangen Germany), and
LightSpeed VCT, Discovery CT750 HD, and Revolution CT (GE Healthcare, Waukesha,
WI). For each exam, one primary axial series with slice thickness closest to 3 mm was
selected to reflect diagnostic preference at our institution. Exams were grouped so that

each group used a unique combination scan settings with scanner model, bowtie
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filtration, beam collimation, pitch, kV, reconstruction algorithm, and slice thickness

values listed in Table 3, resulting in 20 different condition groups.

4.2.2 Image Assessment

The CT studies were assessed by individualized 1) organ doses and and 2)
organ noise and d'. The flowchart for individualized organ-based assessment is shown

in Figure 17.

4.2.2.1Patient-specific Organ Dose

For each CT exam, patient-specific computational phantoms (virtual patient)
were generated adapting a previously-developed framework [46]. Specifically, based on
CT images, relatively distinguishable organs and structures were segmented using a
Unet-based multi-organ segmentation model [61]. The segmented anatomies were used
as an initial target for other unsegmented radiosensitive organs to be filled-in
deformably from an anatomical template. The template was matched from a library of
adult XCAT phantoms [32] according to sex, and CAP or AP height and effective
diameter. A diffeomorphic transformation was calculated between the XCAT and the
initial patient target [66] . The resulting diffeomorphic field was then applied to the
XCAT to fill in other unsegmented radiosensitive organs in the initial patient target.

The organ dose was estimated using a validated Monte Carlo based virtual scan
program [69]. The program explicitly modeled the exam-specific scanner geometry,

bowtie filtration, spectrum, and scan protocols including beam collimation and pitch.
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The angular tube current was synthesized adapting [82], based on patient attenuation
estimated from the CT images and calibrated to the tube current values extracted from
the DICOM headers. The simulation was performed on both the patient-specific
phantom (i.e., generated by segmentation and diffeomorphic deformation) and the
matched whole-body XCAT phantom to estimate doses to organs fully-within and not-
fully-within the scan field of view, respectively. The program used photon histories of
1.e7 and output energy deposited in each organ per history ( )- The organ dose

for the exam was calculated as

-—— o M

where is the individualized organ dose, is the number of rotations, and

/ and , are the simulated per history and from the

exam, respectively. For dual-source scans, the organ doses were estimated for each
source separately and summed up. Based on the patient-specific organ doses, the

was calculated using organ weighting coefficients from the ICRP Publication 103 [6].

42.2.2In vivo Organ-based Image Quality Assessment

In this study, organ-based image quality was focused on the liver, one of the
most common diagnostic targets. For each exam, the liver region was automatically
segmented from CT images using an organ segmentation model [83]. Liver noise was
estimated using a previously-developed algorithm [84]. The liver 4’ was estimated using

a non-pre-whitening observer model for the task of detecting a lesion with a contrast of
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15 Hounsfield unit (HU) and a diameter of 5 mm as a function of the noise power
spectrum (NPS), modulation transfer function (MTF), and detection task [85]. The NPS
was measured on phantoms for the exam-specific reconstruction algorithm [86], and
then rescaled to match the patient noise magnitude [85]. The MTF was calculated based

on the edge spread function from patient image air-skin boundaries [87].

4.2.3 Data Analysis

The differences between generic metrics were compared with the individualized
organ-based measurements for CT exams across different scan settings. For each CT
exam, SSDE [44], [88], and [84] were estimated. The comparisons included (a)
SSDE vs. liver dose, (b) vs. ,and (c) vs. via 1) linear regression
resulting in 2 slope, intercept, and root mean square error of the fit (NRMSE), 2)
percentage difference at median, 25" percentile (Q1), and 75 percentile (Q3), and 3) a

paired t-test.

4.2.4 Clinical Studies

To evaluate the effect of metrics on clinical decision making, the organ-based
metrics were applied to three common clinical scenarios. The first scenario is to
determine diagnostic reference levels and variabilities of radiation dose. The median and
interquartile (Q1-Q3) were estimated for liver dose, SSDE, and for patients
with different water equivalent diameter (WED)[44] ranges. The WED ranges (21-24.9

cm, 25-28.9 cm, 29-32.9 cm, 33-36.9 cm, 37-40.9 cm) were adopted from previous studies
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[11, 89]. The estimates between organ-based and generic were compared. The second
scenario is to identify outlier exams with large radiation dose and noise. The exams with
measurements higher 99t percentile were determined. Finally, in the third scenario, the
range of values and the relationships between and d” were estimated for patients
with different WED ranges to estimate the relationships of dose, image quality, and
patient sizes across different scan settings and scan parameters. The median and 75t
percentile of d” and were estimated across all exams, exams group by the scan
parameters, and exams further grouped by WED ranges. Note that d” was estimated for
both CAP and AP protocols together; while was estimated separately, as the latter
can be affected by the scan coverage alone. Additionally, analysis of variance (ANOVA)

was performed among exams with different WED ranges within the same scan setting

group.
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6.

Table 3. Summary of scan parameters and patient age and gender.

N . Sice Patient | Number
Manufact Hiter Type O)Izlr:]nnz:t)lon Atch KVP Re;lon;irtl:]cr::on Thickness Age of

9 (mm) | (meanpD) | patients

Light Soeed VCT, 4047

Discovery CT750 HD, | Body Filter 40 0.9921 159, 140 | FBPSandard, | 2.5 55518 | (2217

; 1.375 FBP Detall 5
Revolution CT women)
90, 100,

SOMATOM Wedge3, 110, SAHRE2 131f, 3 4481
Definition Hash, Wedge3/ S, 38.4 0.8 120, ADMIRE2 5 5717 (2310
SOMATOM Force Hat 140, Br40d women)

100/140

Note - Twenty different sets of scan parameters were evaluated in this study. Some patients were scanned by multiple exams

both from vendor A and vendor B.
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4.3 Results

A total of 9,801 exams from 7763 patients (mean age, 56+17 years; 4,113 women)

were evaluated (Table 3).
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T10 (VA or VB represent vendors; T represents technigues). Each data point is one
exam measurement plotted with linear regression line  (solid orange line) and

identical line (black dashed line).

In terms of dose, the generic, non-organ-based metrics were higher compared to
the individualized, organ-based metrics (Figs. 18 and 19; Tables 4 and 5). The SSDE were

larger than by a median of 51.2% (Q1-Q3: 32.7-70.75%, < .0 0)lstimated across
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all exams; the median values for each exam group ranged from 14.9-82.8% (all groups:

<00)1

Table 4. Comparisons of non -organ-based vs. organ-based measurements for size

specific dose estimate ( ) vs. liver dose ( )
_ _ SSDE — ODyjper
Linear Regression —100%
ODliver

Exam R? RMSE Slope | Intercept Median 25% 75% P Value
group quantile quantile
VA T1 0.8 1.9 1.1 51 48.3 36.5 60.1 <.001
VA T2 0.8 2.1 1.2 3.0 54.0 41.5 71.2 <.001
VA T3 0.7 2.8 1.3 5.2 56.4 48.6 69.1 <.001
VA T4 0.7 2.8 1.1 7.7 54.5 45.9 69.3 <.001
VA TS5 0.8 1.8 1.0 1.9 17.0 7.3 29.2 <.001
VA T6 0.8 1.8 1.0 1.8 14.9 5.3 26.8 <.001
VAT7 0.8 1.7 1.1 1.1 18.9 9.0 32.2 <.001
VA T8 0.7 2.6 1.0 7.7 47.8 37.2 58.8 <.001
VA T9 0.8 1.8 1.1 1.8 34.3 21.1 47 .4 <.001
VAT10 | 0.8 14 1.1 15 32.4 20.2 41.2 <.001
VB T1 0.6 1.3 1.0 3.7 64.4 50.5 80.7 <.001
VB T2 0.5 14 0.9 59 79.6 63.4 101.1 <.001
VB T3 0.5 1.5 1.0 54 82.8 68.4 99.7 <.001
VB T4 0.6 2.3 0.9 7.3 67.6 49.3 85.9 <.001
VB T5 0.5 1.3 1.2 2.7 51.2 41.2 64.0 <.001
VB T6 0.5 3.0 0.9 10.0 714 54.1 88.2 <.001
VB T7 0.2 2.2 0.6 13.4 67.1 54.6 79.7 <.001
VB T8 0.3 1.2 0.7 52 62.0 454 78.5 <.001
VB T9 04 1.5 0.7 7.2 67.9 55.5 82.5 <.001
VBT10 | 0.6 1.4 0.7 9.4 79.9 64.6 101.6 <.001

All 0.8 2.4 1.1 3.2 51.2 32.7 704 <.001

The higher values were also observed in the SSDE vs.

linear fits with positive

intercept for all 20 groups (median: 1.1 mGy; range: 5.2-13.4 mGy). The group- wise 2

showed a median of 0.65 (range: 0.2-0.8); the slopes showed a median of 1 (range: 0.6-

1.3); the NRMSE showed a median of 1.8 mGy (1.2-3 mGy). Likewise,
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than (< .0 O)Xor all exams except for a few cases relatively low dose values. The
median percentage differences between Vs. was 41% (Q1-Q3: 21.2-65.6%) across
all exams and ranged from 19.8%-107.9% across all groups (all groups: < .0 0)1The

Vs. linear fits in each group showed a median 2 of 0.60 (range:0.38-0.89), a
slope of 1.5 (range: 1.1-2.0), intercept of -0.1 mSv (range: -3.2-8.4 mSv), and NRMSE of
1.8 mSv (range: 0.88-4.5 mSv).

Table 5. Comparisons of non-organ-based vs. organ-based measurements for
effective dose based on organ dose () vs. effective dose based on dose length

product ( )
Linear Regression Epir — Eop 100%
EOD

Exam R? RMSE | Slope | Intercept Median 25% 75% quantile | P Value
group quantile
VA T1 0.7 2.2 1.5 -0.4 35.7 20.4 54.0 <.001
VA T2 0.8 1.9 1.7 -1.8 39.9 23.3 59.8 <.001
VAT3 0.6 3.6 1.3 8.4 96.7 76.7 123.5 <.001
VA T4 0.4 4.5 1.3 8.3 95.9 75.4 124.5 <.001
VA TS5 0.9 1.8 1.6 -2.8 19.8 25 37.3 <.001
VAT6 0.8 1.9 1.5 -2.6 20.6 4.8 36.8 <.001
VAT7 0.9 1.4 1.7 -3.2 20.0 0.1 354 <.001
VATS8 0.6 4.4 1.5 5.3 92.0 72.9 120.8 <.001
VAT9 0.9 1.6 1.9 -2.6 41.2 23.6 57.3 <.001
VAT10 | 0.9 1.4 1.9 -2.7 36.4 221 58.9 <.001
VB T1 0.6 1.5 1.4 0.4 48.9 28.3 71.8 <.001
VB T2 0.6 1.6 2.0 -0.6 84.1 61.2 104.7 <.001
VB T3 0.6 1.5 1.8 -1.1 53.8 32.5 76.9 <.001
VB T4 0.6 2.8 1.2 4.6 76.4 46.6 99.1 <.001
VB T5 0.6 1.7 1.8 -1.9 44.5 244 65.6 <.001
VB T6 0.5 3.9 1.3 7.8 107.9 84.6 134.8 <.001
VB T7 0.6 2.2 1.6 3.8 99.1 81.8 116.9 <.001
VB T8 0.7 0.9 1.2 0.2 24.4 12.8 43.3 <.001
VB T9 0.6 1.6 1.4 0.8 45.1 294 65.3 <.001
VBT10 | 04 1.9 1.1 4.7 73.5 52.5 97.2 <.001

All 0.75 2.5 1.6 -0.82 41.0 21.2 65.6 <.001
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Figure 20. Linear regression plots of non -organ-based vs. organ-based metrics
in terms of global noise vs. liver noise. Each subplot shows exams with scan
parameters VA T1 to VB T10 (VA or VB represent vendors; T represents techniques).
Each data point is one exam measurement plotted with linear regression line (solid
orange line) and identical line (black dashed line).

The was found to be mostly lower than by median percentage

differences of -7.2% (Q1-Q3: -16.5-1.1%) for all exams and ranged from -1% to -17.4%
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across all 20 groups (all groups: < .0 0,Fig 20, Table 6). The linear fits of Vs.
showed slopes <1 in all groups. The linear fits varied for different groups with an
2 range of 0-0.8; slopes range of 0-0.9; intercept range of -0.9-12.5 HU; and the NRMSE

range of 0.9-2 HU.

Table 6. Comparisons of non -organ-based vs. organ-based measurements

for global noise ( ) vs. liver noise ( )
Linear Regression M 100%
Nliver

Exam R? Slope Intercept | NRMSE Median 25% 75% P Value
group quantile quantile
VA T1 0.4 0.7 6.4 1.9 -1.1 -7.2 4.7 <.001
VAT2 | 04 0.7 4.0 1.9 -3.3 -10.1 3.9 <.001
VAT3 | 0.8 1.0 -0.9 1.6 -4.9 -9.5 0.8 <.001
VAT4 | 0.7 0.9 1.2 1.2 -6.8 -10.4 -0.8 <.001
VAT5 | 05 0.8 2.7 1.9 -5.6 -13.7 1.2 <.001
VAT6 | 0.7 0.9 0.5 1.4 -4.4 -12.6 1.6 <.001
VAT7 | 04 0.7 3.3 1.7 -6.6 -16.4 1.3 <.001
VAT8 | 0.5 0.7 3.1 0.9 -5.8 -9.2 -1.3 <.001
VAT9 | 05 0.7 3.1 1.2 -4.0 -12.7 1.7 <.001
VAT10 | 05 0.8 2.3 1.1 -4.3 -12.1 14 <.001
VB T1 0.1 0.3 10.9 2.1 -13.1 -21.2 -3.6 <.001
VBT2 | 0.2 0.4 7.6 2 -5.5 -14.6 1.9 <.001
VBT3 | 0.1 0.2 9.3 1.6 -0.6 -12.5 8.2 <.001
VBT4 | 0.5 0.6 5.5 1.9 -11.6 -19.0 -5.2 <.001
VBT5 | 0.2 0.3 8.0 1.5 -11.2 -20.3 -2.8 <.001
VBT6 | 0.6 0.6 5.2 1.9 -10.4 -19.7 -2.8 <.001
VBT7 | 0.2 0.3 7.7 1.3 -14.4 -20.4 -3.2 <.001
VBT8 | 0.0 0.0 12.5 1.4 -10.5 -22.6 -3.0 <.001
VBT9 | 0.1 0.2 9.9 1.6 -15.9 -24.2 -6.4 <.001
VBT10 | 0.1 0.2 9.4 1.6 -16.9 -26.4 -7.5 <.001

All 0.6 0.8 2.6 2.4 -7.2 -16.5 1.1 <.001
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liver noise. The horizontal and vertica | lines indicate 99th percentile for non -organ
and organ based metrics, respectively.
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Table 7. Median and 75th percentile of effective dose based on organ dose

() for chest-abdomin -pelvis exams
21-249cm | 25-28.9cm | 29-32.9cm 33-36.9cm 37-40.9cm Al sizes

Exam
group | 5O | 75th | S0th | 75th | 50th | 75th | SOth | 75th | SOth | 75th | PValue | S0th | 75th
VATL | 6.4 | 64 | 97 | 119 | 132 | 144 | 128 | 140 | 105 | 11.0 | <001 | 12.3 | 138
VAT2 | 49 | 59 | 65 | 83 | 98 | 116 | 11.6 | 123 | 122 | 122 | <001 | 93 | 116
VA T3 16.0 | 17.9 | 13.8 | 14.4 0.4 149 | 163
VA T4 144 | 154 | 16.0 | 16.4 0.8 152 | 16.4
VATS | 6.0 | 61 | 65 | 73 | 88 | 100 | 121 | 131 | 126 | 165 | <001 | 9.0 | 115
VAT6 | 6.0 | 6.1 | 66 | 71 | 90 | 104 | 124 | 13.7 | 133 | 144 | <001 | 95 | 116
VAT7 | 56 | 59 | 57 | 61 | 74 | 84 | 101 | 109 | 124 | 144 | <001 | 7.3 | 9.2
VA T8 12.8 | 145 | 138 | 16.2 0.2 134 | 152
VAT9 | 39 | 40 | 50 | 55 | 69 | 7.9 92 | 108 | 120 | 123 | <001 | 69 | 85
VATI0O | 33 | 35 | 51 | 54 | 70 | 7.9 8.8 97 | 72 | 80 | <001 | 7.0 | 83
VBTL | 39 | 41 | 46 | 52 | 52 | 58 5.7 63 | 60 | 66 | <001 | 51 | 58

VB T2

VB T3
VB T4 65 | 71 | 80 | 9.0 81 | 108 | 83 | 89 | <001 | 81 | 96
VBT5 | 53 | 56 | 59 | 64 | 64 | 69 6.9 75 | 75 | 82 | <001 | 64 | 69
VB T6 9.8 | 11.0 | 103 | 113 | 106 | 158 | 10.9 | 120 0.6 10.8 | 12.2
VB T7 96 | 96 | 101 | 111|110 117 0.2 10.7 | 11.4
VBT8 | 50 | 54 | 52 | 60 | 59 | 69 <001 | 56 | 64
VBT9 | 59 | 60 | 64 | 68 | 69 | 78 7.2 80 | 76 | 76 | <001 | 68 | 7.7
VB T10 70 | 70 | 7.7 | 83 7.6 8.0 0.3 76 | 81
Al 53 | 58 | 57 | 65 | 67 | 83 83 | 115 | 11.1 | 130 | <001 | 6.6 | 86
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Table 8. Median and 75th percentile of effective dose based on organ dose () for
abdomen-pelvis exams

21-24.9cm 25-28.9cm 29-32.9cm 33-36.9cm 37-40.9cm All sizes

Exam
group

50th | 75th | 50th | 75th | 50th | 75th 50th 75th | 50th | 75th P Value | 50th | 75th

VATL 4.1 4.5 6.1 7.1 8.8 10.0 9.5 105 | 8.0 9.1 <.001 8.3 9.8

VA T2 2.8 3.0 4.4 5.3 6.8 7.9 8.5 9.6 8.2 10.3 <.001 6.6 8.1

VA T3 10.5 | 105 12.5 15.2 | 11.0 | 133 <.001 11.6 | 13.6

VA T4 8.6 9.3 11.6 128 | 11.3 | 131 0.2 11.0 | 12.7

VA TS5 5.4 6.0 SN 6.7 7.8 9.2 11.0 125 | 116 | 12.6 <.001 7.9 10.3

VA T6 5.8 6.0 5.9 6.7 8.5 9.8 11.0 125 | 111 | 133 <.001 8.5 10.7

VAT7 5.5 5.6 5.4 5.9 6.7 8.0 9.4 10.6 | 11.3 | 12.9 <.001 6.5 8.4

VAT8 12.1 13.0 | 126 | 13.9 0.3 12.1 | 13.6

VAT9 3.8 3.9 4.4 5.1 6.5 7.6 7.9 10.1 | 116 | 12.0 <.001 6.3 7.9

VA T10 3.0 3.3 4.9 5.3 6.7 7.6 8.5 9.4 7.1 7.6 <.001 6.4 7.9

VBT1 3.6 4.0 4.2 4.9 4.8 5.4 5.2 5.9 5.1 6.0 <.001 4.7 5.4

VB T2 3.4 3.7 4.1 4.6 4.6 51 5.0 5.7 <.001 4.4 51
VB T3 3.7 4.1 4.3 4.7 4.8 5.5 5.3 5.8 55 5.6 <.001 4.7 5.4
VB T4 5.7 6.7 7.8 8.7 7.6 9.0 6.9 8.2 <.001 7.5 8.6
VB T5 5.0 55 5.3 6.0 5.8 6.5 6.4 7.0 6.4 7.4 <.001 5.7 6.5
VB T6 9.8 | 11.0 | 10.3 | 11.3 9.5 10.8 | 9.3 10.9 0.2 9.5 111
VB T7 9.6 9.6 9.2 104 | 10.2 | 11.0 0.5 9.6 10.8
VB T8 3.2 4.7 4.3 5.1 4.3 5.7 4.2 4.3 0.1 4.3 5.3
VB T9 5.7 5.9 5.9 6.5 6.3 7.2 6.4 7.0 6.0 6.8 0.1 6.1 7.1
VB T10 6.9 7.0 7.0 7.8 7.1 7.8 6.5 6.9 0.6 7.0 7.8

All 3.9 5.2 4.9 5.9 6.1 7.7 7.6 9.9 8.6 11.2 <.001 6.0 8.0

The diagnostic reference levels and variabilities are significantly different
between organ-based and non-organ-based radiation dose estimates (Fig 21). Further,
the exam outliers with either large number of dose and noise were not identical using
organ-based and non-organ-based measurements (Fig 22). When both organ-based and
non-organ based metrics were used, the number of outlier exams in terms of SSDE/liver

dose, effective dose, and noise were 150, 151, and 167, respectively, but a third of those
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(namely 52, 52, and 69, respectively) were not identified as outlier if only non-organ-

based metrics were used.

Table 9. Median and 75th percentile of ' for both chest-abdomen-pelvis and
abdomen-pelvis exams

21-24.9cm 25-28.9cm 29-32.9cm 33-36.9cm 37-40.9cm All sizes

Exam
group

50th | 75th | 50th | 75th | 50th | 75th 50th 75th | 50th | 75th | P Value | 50th | 75th

VAT1 6.4 6.4 9.7 | 119 | 13.2 | 144 12.8 140 | 105 | 11.0 <.001 12.3 | 13.8

VA T2 4.9 5.9 6.5 8.3 9.8 11.6 11.6 123 | 122 | 122 <.001 9.3 11.6

VAT3 16.0 179 | 13.8 | 144 0.4 149 | 16.3

VA T4 14.4 154 | 16.0 | 16.4 0.8 152 | 16.4

VA TS 6.0 6.1 6.5 7.3 8.8 10.0 12.1 13.1 | 126 | 16.5 <.001 9.0 11.5

VAT6 6.0 6.1 6.6 7.1 9.0 10.4 12.4 13.7 | 133 | 144 <.001 9.5 11.6

VAT7 5.6 5.9 5.7 6.1 7.4 8.4 10.1 109 | 124 | 144 <.001 7.3 9.2

VA T8 12.8 145 | 13.8 | 16.2 0.2 134 | 15.2

VAT9 3.9 4.0 5.0 5.5 6.9 7.9 9.2 10.8 | 12.0 | 123 <.001 6.9 8.5

VA T10 3.3 3.5 51 5.4 7.0 7.9 8.8 9.7 7.2 8.0 <.001 7.0 8.3

VBT1 3.9 4.1 4.6 5.2 5.2 5.8 5.7 6.3 6.0 6.6 <.001 51 5.8

VB T2

VB T3
VB T4 65 | 71 | 80 | 90 | 81 | 108 | 83 | 89 | <001 | 81 | 96
VBT5 | 53 | 56 | 59 | 64 | 64 | 69 | 69 | 75 | 75 | 82 | <001 | 64 | 6.9
VB T6 98 [11.0 | 103 | 113 | 106 | 158 [ 109 | 120 | 06 | 108 | 122
VB T7 96 | 96 | 101 | 111 | 110 | 117 | 02 | 107 | 114
VBT8 | 50 | 54 | 52 | 60 | 59 | 6.9 <001 | 56 | 64
VBT9 | 59 | 60 | 64 | 68 | 69 | 78 | 72 | 80 | 76 | 76 | <001 | 68 | 77
VB T10 70 | 70 | 7.7 | 83 | 76 | 80 0.3 76 | 81
All 53 | 58 | 57 | 65 | 67 | 83 | 83 | 115|111 | 130 | <001 | 66 | 86
The median and 75% percentile of and ' for each sized-group, protocol-

group, and all exams are shown in Tables 7-9. Figures 23 and 24 show scatter plots of
vs. "along with their histograms for different patient sizes and scan parameters for

CAP and AP scans, respectively. In general, and ' value-range and their
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relationships for different WED ranges substantially varied for different CT vendors. For
example, with increasing WEDs, moderately increased for vendor A and largely
remained unchanged for vendor B; d” increased for vendor A, but slightly decreased for
vendor B. A few cases with relatively small or large WED from vendor A showed an
opposite trend. With increasing ~ , ' moderately increased for vendor A ( 2 range: 0-
0.5) and maintained or slightly decreased for vendor B (2 range: 0-0.2). Overall, the
relationships between , ', and WED were generally weak and substantially varied

for different scan settings.

4.4 Discussion

The expanding usage of CT necessitates clinical safety and quality assessment in
a relevant, informative, and patient-centric manner. Despite the recent development of
patient-based and task-based protocol optimization techniques, the assessment of such
tasks still relies exclusively on scanner output-based or whole-image-based indices (i.e.,
CTDlva, global noise, etc.). Clearly, these indices are powerful but more can be done to
make the radiation dose and image quality measures more individualized at the organ
level where imaging tasks often take place. In this study, we assessed images with
automated, scan-specific, patient-specific, and organ-based dose and image quality
measurements for a population of exams across 20 scan techniques. The data were

compared with their non-organ-based counterparts to assess their value and utility.
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The results show that generic, non-organ-based measurements do not represent
image quality and radiation dose at the organ level ( < .0 0)1Specifically, was
higher than by as much as 109% (0.95 quantile across all exams), consistent with
previous studies for body scans using tube current modulation [13, 26, 90]. Furthermore,
SSDE was higher than liver dose by as large as 103.9% (0.95 quantile across all exams),
consistent with a recent study [78]. Moreover, global noise was lower compared to liver
noise. This is expected as global noise is dominated by fat or muscle regions that have a
different noise profile. Overall, the differences indicate that more generic surrogates of
radiation dose and image quality do not represent the individualized, organ-based
radiation burden and diagnostic qualities.

The patient dose () and image quality ( ') value ranges varied significantly
for different patient sizes and scan settings (< .0 0)lwhile one may assume an ideal
clinical scenario would provide exams with consistent quality across differences in
patient anatomies. Figures 3, instead, clearly shows variations in detectability and
radiation risk due to different interplay from different scanners and different patients.
The presented methodology offers unique patient-specific data to precisely characterize
clinical images and to inform protocol design targeting consistent and optimum clinical
practice.

The use of generic measures of image quality and radiation dose as opposed to

individualized one can lead to differing conclusions about a practice. For example, the
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level of variability (5%-95 percentile) in radiation dose, which need to be minimized for
quality practice, was assessed to be 10.8-29.6 mSv for for large-sized (WED: 37-
40.9 cm) patients compared to 4.8-15.3 mSv for . Likewise, the radiation dose
versus image quality showed differing results for generic vs individualized data.
Generic data showed strong correlation between dose and image quality [91]. This is
because the scanner output-based indices use uniformed phantoms, thus resulting in
consistent radiation and reconstruction output. However, when scanning an actual
patient, differing imaging acquisition and reconstruction processes applies, a non-
uniform object triggers modulated radiation output, and adaptive reconstruction
algorithms interact with heterogeneous anatomies within patient’s body effecting the
individualized measures. As such, the correlation between individualized organ-based
dose () and image quality ( ') was found to be weak. As observed, patients with
equal dose showed a wide range of possible image quality values and vice versa. This
implies image quality cannot be strongly predicted with increasing or decreasing dose
as often assumed. Similarly, patient diameter alone is found not suggestive of associated
risk or image quality. These implies that targeting acceptable ranges of image quality
may best be done in a semi-independent and individualized manner using patient-
specific measurements.

In this study, the organ doses were estimated using patient-specific approaches.

Previous studies have showed approximated approaches using matched computational

95



phantoms [92] or pre-computed organ dose look up tables [8]. Although informative,
this approach essentially projects a patient into a limited set of phantom anatomies and
scan settings, which is potentially inferior to precise characterization of individual
radiation conditions.

We did not include a targeted assessment of the variability associated with the
individualized measurement methods, though an easier study [93] notes that such
uncertainties are likely notably smaller than those observed in this study. These
variations are mainly originated from the patient-specific image assessment methods
adapted in this study. Specifically, across the 50 XCAT phantoms, the liver dose and
effective dose showed differences of 1.4+1.2% and 2.7+0.5% compared to those using
phantoms generated by the iPhantom framework and manual reference approaches [46].
The noise assessment showed discrepancies of 4.7% compared to observer
measurements, which is lower than reported multi-observer variabilities [84]. The
patient-specific d' showed RMSE of 2.68% and 2.34% for images reconstructed using
filtered back projection and iterative reconstruction, respectively, showing that the latter
adaptive approach doesn't significantly compromise the assessment accuracies.

This study has a few limitations. First, the study only included two vendors, one
institution, and adult population. The same methodology can be applied to other
vendors, institutions, or pediatric cohort. Second, organ segmentation was performed

automatically. The feasibility and generalizability of segmentation models were
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investigated in a previous study [83]. Organ dose and image quality reflect mean or
median values within a voxelized organ volume, so the segmentation accuracy
requirements are relaxed; thus, automation can be sufficient in this study. Third, we
demonstrated patient safety and quality assessment with limited quantities: organ dose,
effective dose, liver noise, and detectability. However, the assessments are portable to
other customized metrics such as patient risks or other diagnostic tasks in other organs.
In conclusion, patient-specific organ-based dose and image quality were
assessed in clinical CT images using automated approaches across a population across
different scan settings. The results imply non-organ-based metrics are infeasible to be
used to represent organ-based metrics. Further, the results show weak relationships of
patient dose and image quality, which implies imaging optimization is best when done

personalized and semi-independently.
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5. Conclusion

In this dissertation, we demonstrated the feasibility of personalized safety and
quality assessment in clinical CT. The studies included the development of novel,
automated, and precise dose and image quality quantification frameworks and utilizing
them in population CT studies, specifically in three sections: 1) patient-informed organ
dose assessment; 2) patient-specific organ dose assessment; 3) patient-specific organ-
based dose and image quality assessment.

In detail, in chapter 2, a patient-informed organ dose assessment framework was
developed and comprehensively implemented to clinical imaging of adult, pediatric and
pregnant patients across an extensive range of scan protocols. The framework was
applied to a population of patients and showed organ dose based effective dose is
significantly different compared with the scanner-derived dose length product based
effective dose, especially for relatively small or large sized patients. The study
demonstrated the feasibility of patient-informed organ dose monitoring. Compared to
commonly used scanner-derived non-patient-based dose indices, this approach is more
accurate by considering variations of patient tissue radiation sensitivity and radiation
tield heterogeneity. Of notable innovation, the framework provides fetal dose under
variable habitus and gestational conditions.

In chapter 3, to address the uncertainties in the patient-informed approach, the

feasibility of patient-specific organ dose assessment was investigated and demonstrated.

98



A novel framework was developed to automatically create patient-specific phantoms. By
automatically and precisely localizing a wide range of organs, the framework brings the
creation of computational phantoms to the clinically individualized level. The generated
phantoms were combined with a Monte Carlo CT simulation program to estimate
patient-specific organ dose. The organ dose assessment, for the first time, achieved
sufficient accuracy in an automated approach, which paves the way for personalized
clinical monitoring and optimization, and large-scale studies.

In chapter 4, the necessities of patient-specific organ-based dose and image
quality metrics were investigated. The study demonstrated the feasibility of a
comprehensive organ-based dose and image quality assessment in clinical CT images.
The results show that patient-specific organ-based metrics, in contrast to non-patient
and non-organ based metrics, are feasible and thus can be used towards advanced
personalized and task-based imaging techniques. The results further show the weak
relationship of patient dose and image quality among a population, which implies their
optimization is best when personalized and done semi-independently.

In conclusion, the dissertation investigated and demonstrated the feasibility of
patient-centric safety and quality assessment in clinical computed tomography. The
study paves the way for clinical personalized monitoring, optimization, and large-scale

studies towards precision imaging.
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