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Abstract 
X-ray computed tomography (CT) imaging is the second most commonly used 

clinical imaging modality with an estimated 82 million clinical exams performed in the 

U.S. in 2016. Despite an average annual decline of 2% since a high of 85.3 million in 2011, 

it is highly sought for visualizing a host of medical conditions because of its clinical 

advantages in providing high spatial resolution and fast imaging time. Hereinafter, 

spatial resolution will be referred to as ‘resolution’. Although limited, the higher 

resolution of CT imaging compared to other major imaging modalities, enables small 

objects such as lesions to be realized with good detail. Partly due to their size and the fact 

that CT image quality is noise and resolution limited, the effects of system resolution and 

lesion characterization processes (i.e., segmentation and CAD algorithms) are challenging 

to quantify. For this reason, there is a significant need to account for system resolution 

and algorithm impact on lesion characterization in a quantitatively reproducible manner.  

Cancer is the second leading cause of death in the U.S. A fundamental aspect of 

cancer diagnosis, treatment and management is effective use of medical imaging. In recent 

years, cancer screening has received significant attention. In fact, results of screening 

suggest that early cancer detection can result in higher survival rates.  

Beyond just visual inspection, extraction of quantitative lesion features could 

provide more diagnostic and treatment benefits. Assessing the quantitative capabilities of 
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CT systems is complicated by technical factors such as noise, blur, and motion artifacts. 

As such, traditional modulation transfer function (MTF) methods are insufficient in 

characterizing system resolution, especially when non-linearities are introduced by 

iterative reconstruction. These aforementioned factors contribute to a major component 

of lesion characterization uncertainty in that they limit the apprehension of lesion ground 

truth. That being said, there is a wealth of quantifiable information that can be garnered 

from clinical images, since lesion size, morphology, and potentially texture (i.e., internal 

heterogeneities) are important quantitative biomarkers for effective clinical decision-

making. Considering this, the imaging physics community is steadily progressing toward 

a quantitative paradigm in CT.  

As such, the purpose of this doctoral project was to develop, validate, and 

disseminate a new phantom, image databases and assessment tools that are appropriate 

for ground truth lesion characterization in the context of modern x-ray computed 

tomography (CT) systems. The project developed lesion assessment methods in the 

framework of two distinct modes, (a) anthropomorphic phantoms and (b) clinical images. 

As an alternative to the MTF, the first aspect of this project aimed at validating the 

task transfer function (TTF), which is a quantitative measure of system resolution. TTF 

was used as a means to account for the accurate modeling of low-contrast signal transfer 

properties of a non-linear imaging system. This study assessed the TTF as a CT system 

resolution model for lesion blur in the context of reconstruction algorithm, dose, and 
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lesion size, shape, and contrast. TTF-blurred simulated lesions were compared with CT 

images of corresponding physical lesions using a series of comparative tools. Amidst the 

presence of confounding factors, in a multiple alternative forced-choice testing paradigm 

(4AFC) reader study, it was found that readers performed a little better than random 

guessing in detecting simulated lesions at a rate of 37.9±3.1% (25% implied random 

guessing). The visual appearance, edge-blur, size, and shape of simulated lesions were 

similar to the physical lesions, which suggested 3D-TTF modeled the low-contrast signal 

transfer properties of this non-linear CT reasonably well.  

In the second study, the TTF became a useful tool for effective implementation in 

lesion simulation and virtual insertion. A TTF-based lesion simulation framework was 

developed to model lesion’s morphology in terms of size and shape. The Lungman 

phantom (Kyoto, Japan) was used in the implementation of two new virtual lesion 

insertion methods (i.e., the projection- and image-domain virtual lesion insertion 

methods). A third method was also used as a benchmark which was previously developed 

by the U.S. Food and Drug Administration (FDA). Using these TTF-based insertion 

methods, TTF-blurred computer aided design (CAD) lesions were virtually inserted into 

phantom CT projections or reconstructed data. This study compared a series of virtually-

inserted, TTF-blurred CAD lesions against a corresponding series of CT-blurred physical 

lesions. Pair-wise comparisons were made in terms of size and shape, yielding a 3% 

difference in volume and a 9% difference in shape between physical and simulated 
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lesions. This study provided indication that the proposed lesion modeling framework 

could quantitatively produce realistic surrogates to real lesion. 

Third, a systematic assessment of bias and variability in lesion texture feature 

measurement was performed across a series of clinical image acquisition settings and 

reconstruction algorithms. A series of CT images using three computational phantoms 

with anatomically-informed texture were simulated representing four in-plane pixel 

sizes, three slice thicknesses, three dose levels, and 33 noise and resolution models, 

characteristic of five commercial scanners (GE LightSpeed VCT, GE Discovery 750 HD, 

GE Revolution, Siemens Definition Flash, and Siemens Force). 21 statistical texture 

features were calculated and compared between the ground truth phantom (i.e., pre-

imaging) and its corresponding post-imaging simulations. Also, each texture feature was 

measured with four unique volumes of interest (VOIs) sizes. Across, VOI sizes and 

imaging settings, the percent relative difference ranged [-97%, 1230%], and the coefficient 

of variation ranged [1.12%, 71.79%], between the post-imaging simulation and the ground 

truth. The dynamic range of results indicate that image acquisition and reconstruction 

conditions (i.e., in-plane pixel sizes, slice thicknesses, dose levels, and reconstruction 

kernels) can lead to significant bias and variability in texture feature measurements. These 

results indicate that reconstruction and segmentation had notable effects on the bias and 

variability of feature measurement, thus, underscoring the need to appropriately account 

for system and segmentation effects on lesion characterization. 
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Building on the results of the TTF validation study, techniques for virtual lesion 

insertion study, and the texture feature assessment study, the next three studies focused 

on developing and validating hybrid datasets (i.e., insertion of simulated lesions into 

phantom and patient CT images). The fourth study was intended to determine whether 

interchangeability exist between real and simulated lesions in the context of patient CT 

images. Virtual lesions were generated based on real patient lesions extracted from the 

Reference Image Database to Evaluate Therapy Response (RIDER) CT dataset and were 

compared with their real counterparts based on lesion size. 30 pathologically-confirmed 

malignancies from thoracic patient CT images were modeled. Simulated lesions were re-

inserted into the original CT images using the image-domain insertion program. Four 

readers performed volume measurements using three commercial segmentation tools. 

The relative volume estimation performance of segmentation tools was done to compare 

measures of real lesions in actual patient CT images and simulated lesions virtually 

inserted into the same patient images (i.e., hybrid datasets). Direct volume comparison 

showed consistent trends between real and simulated lesions across all segmentation 

algorithms, readers, and lesion shapes. Overall, there was a 5% volumetric difference 

between real and simulated lesions. The results of this study add to the realization of the 

potential applications of virtual lesions as surrogates to real clinical lesions, not just in 

terms of appearance, by also quantitatively. 
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In a fifth study, a new approach was designed to evaluate the potential for hybrid 

datasets with a priori known lesion volume, to serve as a replacement to clinical images in 

the context of segmentation algorithm compliance with the Quantitative Imaging 

Biomarkers Alliance (QIBA) Profile outline. This study occurred in two phases, namely a 

phantom and clinical phase. The phantom phase utilized the Lungman phantom and the 

clinical phase utilized the same base patient images from the RIDER dataset.  In the 

phantom, hybrid datasets were generated by virtually inserting 16 simulated lesions 

corresponding to physical lesions into the phantom images using the projection- and 

image-domain (Method 1 and Method 2) techniques from the second study, along with 

the FDA (Method 3) technique. For the clinical data, only Method 2 was used to insert 

simulated lesions corresponding to real lesions. In all, across 16 participating groups, 

results showed that none of the virtual insertion methods were equivalent to the physical 

phantom based on a 5% bias margin of tolerance. However, the magnitude of this 

difference was small (across all groups, 2.4%, 5.4%, and 2% for Methods 1, 2, and 3, 

respectively). 

The final aspect of this project aimed at developing hybrid datasets for use by the 

wider imaging community. These were composed of anthropomorphic lung and liver 

lesions, embedded in thoracic and abdominal images as a means to help assess lesion 

characterization directly from patient images. Each dataset was outfitted with a full 
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complement of descriptive information for each inserted lesion including lesion size, 

shape, texture, and contrast.  

In conclusion, this dissertation provides to the scientific community a new 

phantom, analysis techniques, modeling tools, and datasets that can aid in appropriately 

evaluating lesion characterization in modern CT systems. The new techniques proposed 

by this dissertation offer a more clinically relevant approach to assessing the impact of CT 

system and segmentation/CADx algorithms on lesion characterization. 
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1. Introduction  
1.1 Purpose 

The purpose of this doctoral project was to develop, validate, and disseminate a 

new phantom, image databases and assessment tools that are appropriate for ground 

truth lesion characterization in the context of modern x-ray computed tomography (CT) 

systems. The project developed lesion assessment methods in the framework of two 

distinct modes, (a) anthropomorphic phantoms and (b) clinical images. As such, this 

dissertation is divided into two sections as outlined in Figure 1. 

 

Figure 1. Graphical abstract of this dissertation showing the project progression 
from anthropomorphic phantoms to clinical image datasets. The numbers given (2-7) 
correspond to Sections 2-7 of the dissertation (2018). 
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1.2 Background 

1.2.1 X-ray CT imaging 

Developed in the 1970s, CT imaging has revolutionized the role of diagnostic 

imaging in medicine, making CT the second most commonly used clinical imaging 

modality (Rubin, 2014, Prince and Links, 2006)), (de González et al., 2009), with an 

estimated 82 million clinical exams performed in the U.S in 2016 (2017). Because of its 

clinical advantages in providing high resolution and fast imaging time CT has aided 

visualization of a large variety of medical conditions, enabling a deepened understanding 

of anatomy, physiology, and pathology, and thereby allowing for improved detection and 

management of diseases (Hsieh, 2009, Rubin, 2014). 

Clinical CT imaging consists of directing x-rays from an x-ray source(s) through a 

patient, toward a corresponding x-ray detector array. The fundamental measurement 

needed for image formation is the measurement of x-ray attenuation along a line between 

the source(s) and detectors (Prince and Links, 2006). Both the source(s) and detectors are 

positioned on a rotating gantry to allow for acquisition of projection data from multiple 

angles. A computer image reconstruction algorithm is then used to restructure these 

projection data into a series of cross-sectional images that provide a volumetric depiction 

of the patient’s tissue structure. Physicians in turn use these images to diagnose, 

characterize, and manage a broad range of diseases. 
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1.2.2 Effects of CT Resolution on Lesion Characterization 

The clinical efficacy of CT is related to its resolution, which is the ability of the 

imaging system to differentiate two objects (Hsieh, 2009). Reconstructed CT image 

resolution has been shown to depend on a number of parameters including, but not 

limited to the x-ray source (e.g., focal spot size), acquisition geometry (e.g., angular 

sampling rate, beam width, and pitch), detector characteristics (e.g., aperture size, decay 

time and cross-talk), and reconstruction settings (e.g., convolution kernel, pixel 

number/size, slice thickness, and post-processing) (Richard et al., 2012).  

Often, the extent to which a diagnosis or classification is successful depends on the 

degree of resolution required to assess the clinical task. In the case of lesion 

characterization, high resolution produces CT images with qualitative disease detail that 

may or may not be appropriate for physicians to confidently make decisions on whether 

or not to employ interventional procedures (i.e., biopsy, surgery, etc.).  

But high resolution also introduces a new opportunity—the opportunity for CT to 

be used as a quantitative tool. Advanced cancer care is dependent on an imaging system’s 

ability to capture true lesion size, shape, and internal heterogeneities (Nishii et al., 2002, 

Ganeshan et al., 2012, Landini and Rippin, 1996). Accordingly, CT-based methods for 

accurately measuring these lesion characteristics are currently being developed, for the 

purpose of precluding invasive procedures by making accurate predictions based on non-

invasive means of assessment (i.e., image quantitation). 
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With the increasing demand for high-resolution images, CT in-plane and z-

resolution capability has improved to sub-millimeter over the past 40+ years (Hsieh, 2009), 

with z-resolution of 0.5 – 0.625 mm (Lin and Alessio, 2009). These improvements have 

facilitated enhanced tissue discrimination (e.g., normal versus abnormal, and benign 

versus malignant), and as a direct result, more accurate disease diagnosis and 

classification (Padley et al., 1991).  

For most clinical applications, the resolution of CT is now more than adequate 

(Hsieh, 2009).  Nevertheless, accurately characterizing a CT system’s resolution returns 

substantial benefit, by allowing any misrepresentation of the ground truth to be 

quantified. Ground truth misrepresentation is of particular importance in the context of 

lesion characterization, in which ascertaining it can be further compounded by the small 

size and low contrast of most lesions.  

1.2.3 Reconstruction and Segmentation Technologies 

Due to official screening endorsements by major medical bodies such as the 

American College of Radiology (ACR), American Cancer Society, and the American Lung 

Association (Wender et al., 2013, Wiener et al., 2015), as well as increasing patient and 

physician interest in CT screening procedures, there is now a heightened demand for 

accurate lesion measurement and classification. To meet this demand, and to maximize 

the potential impact on patient outcome, lesion measurement and classification must be 

precisely performed. Along these lines, RECIST, WHO, Fleischner Society, TNM 
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Classification of Malignant Tumors, and ACR, which recommends Lung-RADSTM and Li-

RADSTM have developed guidelines to advise physician decision-making for optimal 

diagnosis, specific to a given lesion’s size and shape (Eisenhauer et al., 2009, Goldstraw, 

2009, Goldstraw et al., 2007, MacMahon et al., 2017, Radiology) (MacMahon et al., 2017, 

2014). 

1.2.3.1 Iterative reconstruction (IR) algorithms 

In medical imaging science, CT systems are generally assumed to follow the linear 

systems mathematical model. This deterministic model can be described by a linear 

operator L, that represents inputs x1 and x2, to outputs y1 and y2 (Prince and Links, 2006). 

Such a linear system satisfies the superposition principle which requires that the net 

response caused by two or more stimuli (e.g., features or signals) is the sum of the 

responses that would have been caused by each stimulus individually (Serway and 

Jewett., 2018). Therefore, it follows that given inputs x1 and x2, and their corresponding 

outputs y1 = L  {x1} and y2 = L  {x2}, the linear system is modeled as ay1 + by2 = L {ax1 + 

bx2}, where a and b are scalar values. However, this assumption is not always true, 

especially for iterative reconstruction (IR) algorithms. In short, IR involves the repeated 

processing of image data to minimize differences with respect to an assumed ideal image 

model for voxel-by-voxel image improvement. Although IR methods have recently 

become routinely used in clinical practice to improve image quality while reducing 

patient exposure (Marin et al., 2009), they can introduce non-linearities to the image 
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reconstruction paradigm, resulting in contrast and dose dependent resolution 

measurements (Richard et al., 2012, Chen et al., 2014, Evans et al., 2011, Brunner and 

Kyprianou, 2013), (Li et al., 2014a, Solomon et al., 2015b, Samei and Richard, 2015).  

For this reason, conventional CT resolution measurement and description is 

insufficient in the context of IR. The conventional resolution metric is the modulation 

transfer function (MTF), which assumes system linearity. A more appropriate descriptive 

metric is the task transfer function (TTF), which is a signal-dependent metric of the 

system’s signal transfer properties, assessed in the context of the signal’s contrast and 

background noise (Richard et al., 2012). Consequently, a given TTF measurement can be 

specifically applied to signals with contrast and noise conditions similar to those of the 

signal for which the TTF has been measured. Because IR can impact the resolution of an 

object by introducing various forms of biases, the use of TTF can be an important factor 

in the accurate assessment of lesion volume, morphology, and texture (i.e., internal 

heterogeneities). 

1.2.3.2 Segmentation algorithms 

Currently, segmentation algorithms play a critical role in clinical decision-making. After 

CT images are generated, segmentation algorithms may be used to segment images in one 

of several ways (e.g., thresholding, edge-detection, region growing), and can be enhanced 

by many morphological operations. The standardization of segmentation algorithms used 

in automatic (e.g., computer aided detection (CADx)), semi-automatic, and manual modes 
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is an active area of clinical research and development. The need for optimization is born 

out of the realization that segmentation algorithms can have a significant effect on lesion 

size estimation. For example, a preliminary comparison of nodule volume estimation 

involving two semi-automatic commercial algorithms showed that the two algorithms 

differed by as much as 11%. Inadequate segmentation of lesions can be attributed to 

properties of lesions themselves, including: (1) misclassification of blood vessels passing 

through lesions, (2) inclusion of the pleura in lesion quantification, (3) incomplete 

segmentation of the ground-glass component of lesions due to their low signal contrast 

(Cohen et al., 2016), and (4) degree of measurement error is highly correlated with lesion 

size and contrast (Cohen et al., 2016), especially in lung and liver lesion segmentation. 

Furthermore, it is well established that the mode of segmentation can impact 

measurement accuracy. For example, lesion measurements made with manual 

segmentation are often inaccurate and prone to human reader error. On the other hand, 

the use of fully automated CADx, which has garnered increasing interest among 

radiologists as second “readers”, also impacts quantitative assessment of lesion features 

(Ebner et al., 2016). Although not a focus of this dissertation, the implications of 

diagnosing disease when none was present can have significant consequences (Ebner et 

al., 2016). 
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1.2.4 Clinical implications of Lesion Characterization 

From the clinical perspective, an important motivation for this project was the 

imminent need to minimize delayed—or worse—failed cancer diagnoses. Cancer is the 

second leading cause of death for both men and women in the United States (US) 

annually, and lung and liver cancer are among the main sources of cancer-related 

mortality in the US and worldwide (Eisenhauer et al., 2009, Therasse et al., 2006, Siegel et 

al., 2017). Because cancers frequently metastasize to the lung and liver (Stewart et al., 2003, 

French, 2008), delayed detection and response at these anatomical sites can have a 

significant impact on patient survival. 

In light of these clinical realities, much research has been dedicated to advancing 

non-invasive CT imaging for the purposes of cancer diagnosis, classification, and disease 

management. Recent screening exercises such as the National Lung Cancer Screening 

Trials (NLST), in which subjects were asymptomatic current or former smokers, 

demonstrated that low dose CT can decrease lung cancer mortality by 20% and overall 

mortality by 6.7% (Team, 2011, Aberle  et al., 2013). These findings support the assertion 

that early, CT-based lesion detection is a primary factor in reducing cancer-related 

mortality. Furthermore, dependable quantitative metrics of lesion attributes can assist 

radiologists in making still better-informed decisions. From a clinical standpoint, the 

ability to identify and characterize lesions accurately, cost-effectively and with minimal 

patient complications is essential to effective cancer care. 
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However, the occurrence of false negatives in CT exams raises major concerns 

regarding the reliability of CT imaging for accurate discernment of tissue abnormalities 

(Veronesi et al., 2008a, Veronesi et al., 2008b). Retrospective data from the International 

Early Lung Cancer Action Program (I-ELCAP) indicated that 77% of new cancers 

diagnosed based on follow-up CTs were present during baseline scanning. Of these 

baseline-present cancers, 54% were missed and 23% were misinterpreted (Ming Xu et al., 

2014). The LSS, DANTE, MILD, and DLCST trials also noted the frequency of missed early 

stage lung cancer diagnoses (Infante et al., 2009, Pastorino et al., 2012, Gohagan et al., 2004, 

Saghir et al., 2012). Additionally, other screening groups indicated that the lesion 

detection sensitivity of their protocol ranged from 80% to 100% (Swensen et al., 2005, 

Toyoda et al., 2008, Tsushima et al., 2008, van Klaveren et al., 2009, Menezes et al., 2010, 

Humphrey et al., 2013). None of these studies performed an evaluation of the potential 

harm to subjects when lesions were missed on baseline or follow up scans. In the context 

of liver lesions, studies indicated that there was a 9% to 14% chance of false negatives 

(Kamel et al., 2003, Choi, 2006).  

Methods to advance radiologist assessment and segmentation/CADx algorithm 

sensitivity and accuracy are therefore critical to avoid false negative reports and potential 

delays in cancer diagnosis and treatment. The development of such methods will be 

valuable for 3 central purposes: (1) to allow CT image examinations to offer a more 

pivotal, objective role in quantifying lesion presence and response, (2) to provide a 
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scientifically rigorous, technically feasible platform for reliable quantification of lesion 

characteristics, and (3) to enhance clinical confidence in making weighty decisions for 

effective disease diagnosis, classification, and management. 

1.2.5 Lesion Characterization in CT imaging 

The key to increasing the clinical effectiveness of CT-based lesion assessment is to 

maximize its quantitative capabilities. Malignant lesions are structurally and 

physiologically complex (Ganeshan et al., 2012), exhibiting substantial architectural and 

spatial heterogeneity that can be assessed as phenotypic size, shape, and internal 

heterogeneity (i.e., texture). These features were the basis for lesion characterization in 

this project. 

Physicians and imaging scientists alike have sought to explore the potential utility 

of these features as quantitative cancer biomarkers (Therasse et al., 2000, Gietema et al., 

2007, Ganeshan et al., 2012). For example, in radiology, incorporating lesion size and 

shape tracking capabilities into the routine work flow is an area of interest (Sohaib et al., 

2000). In addition, the effectiveness of drug or surgery over time can be assessed based on 

changes in lesion size and shape, which indicate the degree of malignancy and 

growth/recession (Jaffe, 2006, Padhani and Ollivier, 2001, Park et al., 2003, Mozley et al., 

2010, Goo et al., 2005, Chen et al., 2013). Texture features have also gained interest as 

possible radiomics predictors of patient outcomes (Ganeshan et al., 2017, Kalpathy-

Cramer et al., 2016, Yang et al., 2016). 
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As such, accurate and precise lesion characterization could become vital to 

effective cancer treatment (Eisenhauer et al., 2009, Therasse et al., 2006). It could enable at 

least three pragmatic clinical goals: (1) to facilitate effective early-stage cancer treatment, 

(2) to assess the effectiveness of therapy over time using standard, proven biomarkers, 

and (3) to support clinical research and trials for new treatments (Thirion and Calmon, 

1999, Thirion and Calmon, 1997, Wallace et al., 1992, Thirion, 1995, Rossmanith et al., 

1996).  

1.2.6 Current challenges in Lesion Characterization 

 While quantitative CT shows great promise for clinical lesion characterization, its 

use in this context is hindered in two ways: (1) CT technology often develops more quickly 

than the assessment methods used to monitor its performance; (2) current lesion 

characterization methodologies do not adequately account for the physical properties of 

lesions. 

1.2.6.1 Technology 

CT hardware and software advances continue to rapidly introduce new solutions 

for physicians. However, with the advent of these solutions, new challenges arise. The 

proper implementation and evaluation of new technologies for lesion characterization is 

no exception. Two specific examples are particularly important for this dissertation. First, 

although IR has been available for several years on most CT systems, there is little 

consensus on how IR should be characterized in terms of its contrast and background 
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noise dependencies. While IR algorithms provide improved image quality at a reduced 

dose as compared to filtered backprojection (FBP), they introduce signal non-linearities 

that can mask lesion ground truth and thereby alter lesion measurements (Richard et al., 

2012, Robins et al., 2018). Current methods for assessing the impact of signal non-

linearities employ a standard image quality phantom (i.e., ACR CT accreditation 

phantom), which has low and high contrast resolution modules with signals that are 

cylinders (low contrast) and rectangular line pairs (high contrast) embedded in strictly 

uniform backgrounds (phantom figure 2). This context is removed from the complex 

reality of lesions of various sizes, shapes and contrasts surrounded by heterogenous organ 

parenchyma. Furthermore, traditional MTF estimations are not appropriate to assess 

these algorithms since the assessment is subject to the contrast of the signal as well as the 

visual acuity of the physicist (see Section 1.2.2).  
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Figure 2. ACR CT accreditation phantom modules for low and high contrast resolution 
(2018).  
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Second, no independent, ubiquitous assessment platform (i.e., platform with a 

priori known truth) exists for assessing lesion segmentation and size estimation 

performance. Subsequent to image acquisition, clinicians make annotations and/or 

segmentations of lesions of interest. These segmentations usually involve dedicated 

segmentation and/or CADx suites that have been available for several years. Without a 

standard method for evaluating the performance of these algorithms, their limit of lesion 

detection and characterization remains ill-defined. This is a significant concern. Since CT 

images are predominantly resolution and noise limited, lesion detection is often affected 

by the small size, irregular morphology, and inconspicuity of lesions. As a result, lesion 

ground truth is inherently predisposed to being undetected or misinterpreted, making it 

unobtainable.  

Therefore, the use of the TTF and an improved phantom model has been proposed 

to meet these needs. The work in this doctoral project aims to validate an enhanced IR 

assessment method that appropriately accounts for CT system influences on lesion 

quantitation and adequately assesses segmentation algorithm performance. 

1.2.6.2 Methodology 

Currently, the clinical standard of practice for lesion assessment in CT is to provide 

reading interpretations and clinical decisions based on visual examination of patient 

images according to established guidelines (Eisenhauer et al., 2009, Goldstraw, 2009, 

Goldstraw et al., 2007, MacMahon et al., 2017, Radiology). Using these guidelines, a one-
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dimensional (i.e., longest in-plane length) or two-dimensional (i.e., largest in-plane 

diameter) assessment of lesion size, shape and texture is typically performed. However, 

three-dimensional (3D) assessment of lesion characteristics has been shown to more 

appropriately assess changes in lesion morphology (Tran et al., 2004, Petrick et al., 2014, 

Buckler et al., 2015, Han et al., 2017).  

The work in this doctoral project aims to validate relevant hybrid datasets and 

metrics that are appropriate to assess system influences on lesion quantitation and 

improve lesion characterization. The use of hybrid datasets for lesion characterization is 

a foundational theme of this project and warrants a brief background in the proceeding 

section. 

1.2.7 Assessment Tools for Lesion Characterization 

Currently, multiple strategies exist for evaluating the efficacy of CT-based lesion 

characterization. Clinical trials may provide the best way to assess quantitative imaging 

technologies (i.e., CT system acquisition and reconstruction parameters, 3D segmentation, 

and CADx algorithms). However, clinical trial-based assessments have a number of 

drawbacks. For example, it has become prohibitively impractical to conduct such studies 

for the growing number of technological offerings. Furthermore, lesion ground truth is 

often difficult or impossible to obtain in clinical images for several reasons. First, biopsies, 

which have long been considered the gold standard for assessment of abnormal cell 

growth and mutation (Afdhal, 2004, Brunt, 2000, Joy et al., 2003, Wells, 2004), requires 
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lesion resection and histopathological analysis that is invasive and often destroys the 

morphology and structure of the lesion. This is a crucial flaw, considering that lesion 

shape and growth rate are important factors in the accuracy of lesion characterization 

(Goldstraw et al., 2007). Second, lesion ground truth in clinical images is obscured by the 

resolution and noise limitations imposed by hardware and software. Third, CT image 

acquisitions can be limited by patient and technical considerations such as metal 

hardware implanted into patients. Fourth, testing every combination of scan parameters 

on every patient is extremely impractical, if not ethically unsound. Even if such testing 

were permitted, gathering the patient population necessary for appropriate statistical and 

clinical significance would pose a challenge amidst concerns of patient radiation 

exposure. 

Due to the obstacles that complicate the use of clinical trials, many lesion 

assessment studies use simple phantoms (i.e., physical test objects) as surrogates for 

clinical images. While phantoms provide ground truth, they are often over-simplified and 

lack biological variability (Samei et al., 2017). Similarly, performing examinations on 

phantoms that cannot realistically duplicate conditions seen in vivo reduces the potential 

for fully useful quantitation studies. Furthermore, quantitative assessments of lesion 

attributes can be impacted by the contrast, background noise, texture, patient motion, and 

the presence of vasculature (de Hoop et al., 2009, Zhao et al., 2009b, Solomon et al., 2015a, 

Cohen et al., 2016). In this dissertation, patient motion was not specifically studied. 
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The challenges associated with clinical trials-based and phantom-based evaluation 

of CT system and segmentation algorithm performance highlight the crucial need for 

known ground truth and biological variability. In this light, a promising alternative to 

both clinical trials and phantoms is hybrid datasets, in which simulated lesions are 

digitally inserted into actual patient CT data. Hybrid datasets are advantageous because 

they are practical, can provide study design flexibility at low cost, and have proven utility 

in answering a range of clinically-relevant research questions (Robins et al., 2017b, Robins 

et al., 2017a, Chen et al., 2015b, Li et al., 2014b, Samei et al., 1997, Rubin et al., 2014, 

Solomon et al., 2015a, Sisternes et al., 2015). Such inquisition spanned eye tracking and 

decision-making processes in radiologist’s detection of lung nodules (Rubin et al., 2014), 

to task-specific image quality and detection of liver lesions (Solomon et al., 2015a), and 

validation of breast mass simulation algorithms (Sisternes et al., 2015). 

A key limitation of the existing scholarship is that they do not specifically account 

for the impact of the unique resolution and noise per imaging condition on lesion size and 

shape characterization. The influence of CT on quantitative lesion features as a function 

of technology characteristics is not known. TTF is a concept that can be used to determine 

such relationships. With that stated, in this dissertation project, hybrid datasets were 

developed via two methods: (1) projection-domain insertion and (2) image-domain 

insertion. For both methods, TTFs that modeled the pre- and post-reconstruction system 

resolution were acquired. An empirical strategy to include the forward projection process 
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of CT imaging systems was developed to closely model the pre-reconstruction TTF. This 

strategy was modeled as TTFs = TTFg × TTFr, where TTFs is the total system TTF, TTFr is 

the reconstruction algorithm and kernel TTF, and TTFg is the geometric TTF (i.e., pre-

reconstruction TTF). TTFg is only composed of the system optics blur (i.e., focal spot and 

detector size), while TTFs characterizes the entire imaging system blur (including system 

optics blur and reconstruction blur). Although the shape of TTFg is widely unknown due 

to its proprietary nature, TTFs and TTFr were measured and used to derive TTFg, thus 

providing a theoretical model for the pre-reconstruction TTF.  

The modeled pre-reconstruction TTF was applied to computer aided design (CAD, 

distinct from computer aided detection (CADx)) lesion models to mimic the lesion blur of 

the pre-reconstruction blurring process. Similarly, the post-reconstruction TTF was 

applied to CAD lesion models to mimic the lesion blur of the total blurring process. The 

pre-reconstruction CAD models were virtually inserted into lesion-free CT projection data 

(projection-domain insertion), and the post-reconstruction CAD models were virtually 

inserted into lesion-free CT reconstructed data (image-domain insertion), respectively 

(Robins et al., 2017b). Both insertion processes are summarized in Figure 3.  

It should be noted that there is a practical difference between projection- and 

image-domain insertion. Although projection-based insertion can provide the most 

flexibility, more accurate modeling results, and the most robust method of accounting for 

the impact of reconstruction, it requires access to projection data to be successfully 
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implemented. Because such access is often limited, image-based insertion is a more 

practical alternative.  

 

Figure 3. Schematic for projection domain (left) and image domain (right) lesion 
insertion. 

 

1.3 Project outline: Lesion characterization using quantitative 
CT—from anthropomorphic phantoms to clinical images 

This dissertation presents novel phantoms, modeling tools, and databases 

appropriate for lesion characterization, segmentation, and CAD algorithm assessment in 

quantitative CT. As outlined below, the context of this work evolved from 

anthropomorphic phantoms (Sections 2 - 4) to clinical images (Sections 5 - 7). 
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1.3.1 Anthropomorphic phantom datasets 

Sections 2 – 4 describe three studies that investigated lesion characterization using 

anthropomorphic phantoms. The first study (Section 2) used a custom-designed and built 

phantom with low contrast, embedded lesions (Figure 4) (Liver Phantom, Duke 

University, NC) (Robins et al., 2018) to validate the TTF concept in a modern non-linear 

CT system (SOMATOM Flash, Siemens Healthcare). Specifically, this study assessed the 

TTF as a CT system resolution model for lesion blur in the context of reconstruction 

algorithm, dose, and lesion size, shape, and contrast. The second study (Section 3) used 

the Lungman phantom (Kyoto, Japan) in the implementation of the projection- and image-

domain virtual lesion insertion methods. This study compared a series of virtually-

inserted, TTF-blurred CAD lesions against a corresponding series of CT-blurred physical 

lesions in terms of size and shape (Figure 3). These data were subsequently used to inform 

studies using clinical images (Sections 5 - 7), which implemented virtual insertion and 

TTF blurring methods to produce clinical image surrogates. The third study (Section 4) 

used simulated liver parenchymal texture to assess the impact of CT imaging system 

settings on texture feature calculations across five modeled CT imaging systems. 

1.3.2 Hybrid CT datasets 

Sections 5 – 7 describe three studies on developing and validating hybrid datasets. 

In the first study (Section 5), virtual lesions were generated based on real patient lesions 

extracted from CT data and were compared with their real counterparts based on lesion 
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size. These virtual lesion models have many potential applications as surrogates to real 

clinical lesions. The second study (Section 6) combined the phantom (Section 3) and 

clinical image (Section 5) study approaches. This study was performed across a large 

cohort of segmentation algorithms to determine whether hybrid datasets are equivalent 

to clinical datasets according to the Quantitative Imaging Biomarkers Alliance (QIBA) 

compliance framework. Lastly, Section 7 demonstrated the utility of the hybrid dataset 

framework for the purpose of dissemination and use by the wider imaging physics 

community. These data have been utilized in both CAD algorithm assessment and human 

reader perception experiments to assess human versus CAD lesion detectability. 

 

2. TTF Validation Study 
The study described below represents a manuscript under the title “3D task-

transfer function: representation of the signal transfer properties of low-contrast 

lesions in non-linear CT systems” that is under review for publication. Therefore, the 

figures and much of the text below are reproduced from that manuscript. 

2.1 Introduction 

CT imaging systems have often been modeled as a cascade of linear, shift invariant 

subsystems (Prince and Links, 2006). Traditionally, multi-slice CT systems have often 

been assumed linear, and therefore, the signal transfer properties of the system have been 

measured and described using the modulation transfer function (MTF). The MTF in 
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reconstructed CT images has been shown to depend on a number of subsystems, 

including the x-ray source (e.g., focal spot size), acquisition geometry (e.g., angular 

sampling rate, beam width, and pitch), detector characteristics (e.g., aperture size and 

cross-talk), and reconstruction settings (e.g., convolution kernel, pixel number/size, slice 

thickness, and post-processing) (Richard et al., 2012). Iterative reconstruction (IR) 

methods have recently become routinely used clinically to improve image quality and 

reduce patient radiation exposure (Marin et al., 2009). Numerous studies have shown that 

although IR may allow for preservation of image quality while reducing dose to the 

patient, it can have a non-linear impact on system resolution (Li et al., 2014a, Solomon et 

al., 2015b, Samei and Richard, 2015). Such reconstruction algorithm non-linearities can 

lead to a contrast and dose dependent MTF (Richard et al., 2012, Chen et al., 2014, Evans 

et al., 2011, Brunner and Kyprianou, 2013). 

In the non-linear domain, attributes of the signal being imaged, such as its contrast, 

can impact signal transfer. Therefore, while traditional MTF measurements often are 

useful, especially in the case of filtered-backprojection (FBP), it is incomplete in 

characterizing system resolution. For example, using a high contrast wire to characterize 

the system’s resolution may not be truly representative of how the system renders low 

contrast signals. This led to the development of the concept of the task-transfer function 

(TTF) to characterize system resolution in the presence of contrast and noise dependencies 

(Chen et al., 2014, Richard et al., 2012). The TTF is a signal-dependent measure of the 
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system’s signal transfer properties, assessed specific to the signal’s contrast and the 

background noise around the signal. So, a given TTF measurement can be specifically 

applied to signals of a similar contrast and noise condition as that of the signal for which 

the TTF has been measured.  

TTF has been previously validated in the context of a phantom study outfitted 

with high contrast signals (Robins et al., 2016). In that phantom-simulation study, the TTF 

was measured and used to simulate lesion volumes and shape, R2 >0.97 indicated strong 

volumetric similarity between real lesions and corresponding TTF-blurred lesions. 

Meanwhile, TTF-blurred lesions differed from real lesions by 5% based on 3D lesion 

shape. While those results offer promise, they only capture a small aspect of typical signal 

transfer. The dependability of the TTF concept has not been tested in the context of low 

contrast signals.  

In this study, our goal was to evaluate whether TTF is a true representation of the 

signal transfer properties of low-contrast features in a non-linear CT system. This was 

done using a phantom and simulation study of an ensemble of CT acquisitions, which 

consisted of low contrast lesions across a variety of dose and reconstruction settings. Since 

CT images can be used for quantitative purposes, we seek to validate the TTF concept in 

the context of (1) an observer study, (2) lesion edge blur, (3) lesion size, and (4) lesion 

shape characterization. This methodology was applied to a commercial CT system. 
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2.2 Materials and Methods 

A phantom designed to mimic low contrast liver lesion conditions was used to 

measure 3D TTFs under a series of dose and reconstruction conditions. These TTFs were 

used to model virtual copies of the 3D printed “physical” liver lesions. Physical and 

simulated lesions were compared in terms of visual assessment, edge blurriness, size and 

shape similarity. 

2.2.1 Phantom design and fabrication 

A cylindrical phantom containing 24 anthropomorphic liver lesions (modeled 

from real clinical lesions) was designed using a commercial computer-aided design (CAD) 

software (Rhinoceros 3D, Robert McNeel & Associates). This phantom featured three 

primary features: (1) 24 liver lesions, (2) two contrast rod inserts, and (3) a slanted edge. 

A previously validated tool (Duke Lesion Tool, Duke University) was used to generate 

mathematical lesions that were modeled from real patient lesions (Figure 4) (Robins et al., 

2016). Lesions had irregular shapes (3 unique shapes), two sizes (523 and 2145 mm3), and 

two radio-densities (80 and 100 HU) corresponding to contrasts of 70 and 50 HU (at 120 

kV), respectively (Chen et al., 2014). Two identical copies of each unique lesion were 

included at different locations (12 unique lesions x 2 repeats = 24 total lesions). 
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Figure 4. (a) Model of the anthropomorphic phantom containing 24 patient-
derived modeled lesions of 2 radio-densities (80,100 HU) and sizes (523, 2145 mm3), 2 
contrast rod inserts for in-plane TTF measurement, and a slanted edge for z-TTF 
measurement. (b) A layer of the phantom model showing anthropomorphic liver 
lesions of 2 radio-densities, along with two contrast rod inserts. (c) Scanned image of 
the phantom depicting the lesions and contrast inserts. 

The phantom was printed using a state-of-the-art commercial multimaterial 3D 

printer (Stratasys J750 Polyjet, Stratasys Inc.). Since this printer is capable of printing with 

multiple materials in a single build, and has a nominal resolution (42 × 42 × 14 µm3) that 

is finer than that of typical CT images (~x:0.5, ~y:0.5, ~z:0.6 mm), the phantom was deemed 

appropriate for CT resolution characterization. Stereolithography (i.e., STL polygon 

mesh) files were used as inputs for all components of the phantom. The phantom was 
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printed using three “digital printing” materials, including: vero white (~150 HU), tango+ 

(~80 HU), and DM9785 (~100 HU), which is a 75% - 25% blend of tango+ and vero white, 

respectively. 

2.2.2 Image Acquisition 

CT images of the liver phantom were acquired on a Siemens Flash scanner using 

a standard abdominal protocol (120 kVp, 0.5s rotation time, 128 × 0.6 mm collimation, 

pitch of 1).  Images were acquired at 4 dose levels (CTDIVol, 32 cm phantom: 1.5, 3.0, 6.0, 

and 22.0 mGy) corresponding to 44, 88, 178, and 652 mA, and reconstructed using two 

weighted filtered-back projection (FBP) kernels (B31f and B45f) and two Sinogram-

Affirmed Iterative Reconstruction (SAFIRE) strength 2 kernels (I31f\2, and I44f\2) at 0.6 

mm slice thickness (no slice overlap). Each image was acquired in sets of four replicates 

for a total of 64 images (4 doses × 4 kernels × 4 repeats).  

Note that throughout this dissertation, B31f, B45f, I31f\2, and I44f\2 Siemens 

specific reconstruction kernels were employed. This nomenclature signifies various 

attributes of the kernel. For example, in B31f, B is used to denote a body kernel and the 

size of the number which typically ranges units to tens, represents that its intended use is 

for soft tissue (which places the kernel in a specific category of smooth kernels in terms of 

noise and resolution trade-offs). The second digit suggests the appearance of the noise 

texture. ‘1’ in 31 indicates the noise appearance will be finer compared to ‘0’ in B30f. The 

weighted filter-backprojection (FBP) is a Siemens-specific 3D backprojection process that 
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employs a detector row weighting with the potential to provide superior image quality 

(Stierstorfer et al., 2004). Also, ‘f’ is indicative of ‘fast’ rotation. It involves using what is 

called a flying focal spot to enable over-sampling for improved resolution. This implies 

that the flying focal spot if used only included the z-dimension. Conversely, ‘I’ indicates 

that the kernel is for iterative reconstruction in the body and all numbers and letters are 

similarly applied as before. Additionally, ‘\2’ indicates the strength of the iterative kernel. 

By taking advantage of mathematical computation to perform non-linear processing of 

sinogram data, Siemens has developed SAFIRE. This IR technique uses both projection 

and image space data to enable reduced dose imaging and provide artifact correction 

(Grant, 2012). 

2.2.3 TTF Measurement 

The contrast rod inserts were designed for measuring the in-plane TTF over a 

series of consecutive slices. The 5° slanted edge was designed to acquire a z-dimensional 

TTF measurement based on a method from Chen et. al. (Chen et al., 2014).  Subsequently, 

CT images of the phantom were processed to ascertain the 3D TTFs for each of the 16 

acquisition settings (4 doses × 4 kernels = 16). For z-TTF measurement, a radial ROI of 

radius 60 mm was used. The in-plane TTF was measured using the rod method and the 

z-TTF was determined using the slanted edge approach as described by Chen et al. (Chen 

et al., 2014) (see Figure 4). Assuming the individual TTF blurring components are 
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separable, the full 3D TTF was modeled as the multiplication of the individual frequency 

components (i.e., TTFu,v,w  = TTFu × TTFv × TTFw). 

2.2.4 Lesion Modeling 

Idealized CAD lesion models that were identical in size, shape, and radio-density 

as the physical lesions were used for the simulated lesion modeling and virtual insertion. 

For each imaging condition, the lesion models were blurred with the corresponding 

measured 3D TTF and virtually inserted into the liver phantom images via a previously 

validated 3D image domain insertion technique (Solomon and Samei, 2014). Lesion 

models were virtually inserted at locations that did not contain any physical lesions. As a 

result, each phantom image series contained 24 physical lesions and 24 simulated lesions. 

2.2.5 Analysis 

Physical and simulated lesions were compared in terms of (1) visual assessment, 

(2) edge blurriness, (3) size, and (4) shape similarity. 

2.2.5.1 Visual Assessment 

A reader study interface was designed according to the requirements of the 

multiple alternative forced-choice testing paradigm (4AFC) (Burgess, 1995, Green and 

Swets), where four images were displayed to the reader for each trial as depicted in Figure 

5. There were three physical and one simulated lesion per trial. All lesion images 

represented an interpolated axial or sagittal view of the lesion’s central slice ± 2 (slice 

thickness was 0.6 mm). The purpose for this setup was to prevent readers from relying on 
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shape difference to aid their decision. Readers were tasked with selecting the simulated 

lesions based on their ability to discern any differences in edge blurriness between 

simulated and physical lesions. Each reader was trained to maintain a constant viewing 

position (50 cm) while using a DICOM calibrated monitor in a light-controlled 

environment. The display size, screen interpolation, and window settings (195 WW/ 111 

WL) were held constant across all images and readers.  

 

 

Figure 5. Depiction of the 4AFC observer display. Each reader completed 1152 
trials, where each trial consisted of images of three physical lesions and one simulated 
lesion. Interpolated images of the central slice ± 2 were presented in each trial across 16 
dose and reconstruction algorithm combinations. 
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In total, 1160 4AFC trials were presented to each reader, including eight training 

cases in which the program provided immediate feedback on their detection accuracy 

(this feedback was removed for the non-training portion of the study). The 1152 non-

training trials had cases corresponding to the different imaging conditions and slice 

orientations (four doses, four reconstruction kernels, four radio-densities, three shapes, 

and two orientations). 288 out of 1152 “sensitivity” trials were composed of four images 

of the same physical lesion with one lesion image reconstructed using a different kernel 

from the other three lesion images. These cases served to estimate overall reader 

sensitivity in being able to visually discern between images with known differences in 

lesion edge blur. The custom 4AFC presentation software individually randomized the 

case order and also allowed the reader to assess images at their own pace. A total of 14 

readers (i.e., graduate students and medical physicists) viewed 12096 trials. An average 

% correct of 25% implies the reader was unable to separate the populations of physical 

and simulated lesions.  

For secondary assessment of % correct response, a generalized linear model (GLM) 

was fit to the data, where the dependent variable was the reader % correct, and the 

independent variables were reconstruction kernel, dose, and lesion contrast, orientation, 

and size. GLM also accounted for the clustered nature of the data (i.e., multiple trials on 

the same lesion) at the 95% confidence intervals (CIs). Random effects were assumed to 

have an independent zero-mean Gaussian distribution. 
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2.2.5.2 Edge Blurriness 

Using custom written code in Matlab R2017a applied to a grayscale image (I) 

input, measurement of lesion edge gradient was made on the central slice of each lesion 

(see Figure 6). The gradient magnitude was returned using the central difference gradient  

𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

= (𝑑𝑑(𝑑𝑑+1)−𝑑𝑑(𝑑𝑑−1))
2

. The mean central difference gradient along the edge of each lesion 

was computed. The difference in edge blurriness of simulated lesions and physical lesions 

was measured in terms of the average gradient difference (𝑇𝑇𝐷𝐷����). The gradient difference 

between simulated and physical lesions were characterized by  

𝑇𝑇𝐷𝐷𝑖𝑖,𝑘𝑘,𝑙𝑙,𝑚𝑚 =  𝐺𝐺𝑖𝑖,2,𝑘𝑘,𝑙𝑙,𝑚𝑚  −  𝐺𝐺𝑖𝑖,1,𝑘𝑘,𝑙𝑙,𝑚𝑚 , and        (2.2.5.2.a) 

𝑇𝑇𝐷𝐷����𝑘𝑘,𝑙𝑙 =  1
𝑛𝑛
∑ 𝑇𝑇𝐷𝐷𝑖𝑖,𝑘𝑘,𝑙𝑙,𝑚𝑚
𝑛𝑛
𝑖𝑖=1  ,               (2.2.5.2.b) 

where Gi,j,k,l,m is the software-measured gradient for the ith lesion, jth lesion type 

(j=1 or 2 for physical or simulated lesions, respectively), kth dose, lth reconstruction kernel, 

and mth repeat (m=1…4). When 𝑇𝑇𝐷𝐷���� is small, this indicates greater similarity between the 

physical and simulated lesions. The average standard deviation (gSD�����) of the physical 

lesion gradients across all repeats for each unique set of conditions was then calculated to 

indicate the expected range of physical lesion gradient measurements. The expected 

gradient variability of physical lesions was characterized by 

 𝑇𝑇𝑔𝑔𝐷𝐷������1,𝑘𝑘,𝑙𝑙 =  � 1
(𝑛𝑛−1)

 ∑ (𝐺𝐺𝑖𝑖,1,𝑘𝑘,𝑙𝑙 − �̅�𝐺1,𝑘𝑘,𝑙𝑙)2𝑛𝑛
𝑖𝑖=1   ,             (2.2.5.2.c) 
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where i,j,k,l are the same as stated above. Comparison was based on the 

criterion gD����k,l  ≤   gSD�����1,k,l. If  𝑇𝑇𝐷𝐷����𝑘𝑘,𝑙𝑙 was less than or equal to 𝑇𝑇𝑔𝑔𝐷𝐷������1,𝑘𝑘,𝑙𝑙, the simulated lesions 

were considered similar in edge blurriness compared to the real lesions. This comparison 

was made across all dose and reconstruction settings. 

 

Figure 6. Simulated (left) and physical (right) lesions with region used for 
gradient measurement shown in red. 

2.2.5.3 Size Similarity 

A commercial segmentation tool (Syngo.via, Siemens Healthcare) was used to 

make lesion volume estimations for each lesion. This software package included semi-

automated algorithms with the option for post-segmentation manual correction. The 

average relative difference (𝑣𝑣𝐷𝐷����) between simulated and physical lesions was compared to 

the average intra-lesion coefficient of variation (𝐶𝐶𝐶𝐶𝐶𝐶������). The volumetric difference between 

simulated and physical lesions were characterized by  

𝑣𝑣𝐷𝐷𝑖𝑖,𝑘𝑘,𝑙𝑙 =  𝑉𝑉𝑖𝑖,2,𝑘𝑘,𝑙𝑙 − 𝑉𝑉𝑖𝑖,1,𝑘𝑘,𝑙𝑙
𝑉𝑉𝑖𝑖,1,𝑘𝑘,𝑙𝑙

 , and            (2.2.5.3.a) 

𝑣𝑣𝐷𝐷����𝑘𝑘,𝑙𝑙 =  1
𝑛𝑛
∑ 𝑣𝑣𝐷𝐷𝑖𝑖,𝑘𝑘,𝑙𝑙
𝑛𝑛
𝑖𝑖=1  ,                      (2.2.5.3.b) 
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where Vi,j,k,l is the software-measured volume for the ith lesion, jth lesion type (j=1 

or 2 for physical or simulated lesions, respectively), kth dose, and lth reconstruction 

kernel. When 𝑣𝑣𝐷𝐷���� is small, this indicates greater similarity between the physical and 

simulated lesions. The average coefficient of variation 𝑣𝑣𝐶𝐶𝐶𝐶𝐶𝐶�������� of the physical lesions was 

then calculated to indicate the expected range of physical lesion volume measurements. 

The expected volumetric variability of physical lesions was characterized by 

 𝑣𝑣𝐶𝐶𝐶𝐶𝐶𝐶��������1,𝑘𝑘,𝑙𝑙 =  1
𝑛𝑛
∑ 𝑣𝑣𝐶𝐶𝐶𝐶𝐶𝐶𝑛𝑛
𝑖𝑖=1 𝑖𝑖,1,𝑘𝑘,𝑙𝑙

 ,               (2.2.5.3.c) 

where i,j,k,l are the same as stated above. Therefore, comparisons were based on 

the criterion 𝑣𝑣𝐷𝐷����𝑘𝑘,𝑙𝑙  ≤   𝑣𝑣𝐶𝐶𝐶𝐶𝐶𝐶��������1,𝑘𝑘,𝑙𝑙. If 𝑣𝑣𝐷𝐷����  is less than or equal to 𝑣𝑣𝐶𝐶𝐶𝐶𝐶𝐶��������, then volumetrically, 

the simulated lesions were within the expected range of volumes compared to physical 

lesions and were considered similar. This comparison was made across all dose and 

reconstruction settings.  𝑣𝑣𝐷𝐷����  and 𝑣𝑣𝐶𝐶𝐶𝐶𝐶𝐶�������� results were grouped according to lesion size. 

2.2.5.4 Shape Similarity 

The shapes of simulated and physical lesions were compared using the Sorensen-

Dice coefficient (SDC) which is used to compare the similarity between two segmentation 

masks, Nv and Mv and is defined as ∑2|Nv ∩ Mv|
∑Nv + Mv

. A coefficient of 1 indicates that the two 

masks are identical and a coefficient of 0 indicates that the two masks have no overlapping 

regions. For each imaging condition, each lesion (including simulated and physical) was 

segmented using a threshold-based automated technique written in Matlab. The output 

of that process was a series of 3D segmentation masks which were used as the basis of the 
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SDC calculations. These calculations were done between each corresponding pair of 

physical and simulated lesions. For each pair of lesions being compared, the SDC were 

calculated after an automated 3D rigid registration (imregister, Matlab) was performed 

between the two segmentation masks. This ensured there were no differences between 

the masks in all dimensions (which would result in artificially low SDC). In addition to 

these “physical-to-simulated” comparisons, the same calculations were performed 

between pairs of identical physical lesions (each unique physical lesion is present at two 

locations in the phantom), denoted by “physical-to-physical” comparisons. The SDC from 

the “physical-to-physical” served as a reference to determine what coefficient value 

would be expected when comparing two shapes that are known to be identical. Note that 

image noise differences produce SDCs <1. For each unique dose and reconstruction 

algorithm combination, the coefficients were measured for each lesion pair and averaged 

across all lesion pairs. 
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Figure 7. Depicts paired, concentric physical (white) and simulated (magenta) 
lesion masks used for 3D similarity assessment. Mask outlines show a high degree of 
similarity between physical and simulated lesions.  

 

2.3 Results 

Figure 8 shows the in-plane TTF measurements generated for each dose level, 

reconstruction kernel, and contrast level. FBP did not present any dose-dependence, 

whereas IR exhibited a strong dose-dependence. For IR, dose-dependence was more 

prominent at contrast-levels of 70 HU versus 50 HU, and the ‘softer’ I31f\2 kernel. A 

visual depiction of the dose and reconstruction impact on the TTF is given in Figure 9.  
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Figure 8. Subplots depicting the Definition Flash (Siemens Healthcare) CT 
system in-plane resolution measurements across 4 dose levels (1.5, 3.0, 6.0, and 22.0 
mGy), 4 reconstruction kernels (FBP: B31f and B45f; SAFIRE: I31f\2 and I44f\2) and 2 
contrast levels (50 and 70 HU).  
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Figure 9. Depiction of the impact of four doses (1.5, 3.0, 6.0, and 22.0 mGy), and 
four reconstruction kernels (FBP: B31f and B45f; SAFIRE: I31f\2 and I44f\2) on the 
appearance of a unique lesion. Lesion images are shown in axial orientation where 
physical and simulated lesions are indicated by P and S, respectively. 

 

2.3.1 Visual Assessment 

Figure 10 summarizes the % correct results for each reader across all dose (1.5, 3.0, 

6.0, and 22.0 mGy) and reconstruction (B31f, B45f, I31f\2 and I44f\2) conditions. 

Considering all readers together, the average % correct (± 95% confidence interval) for 

discerning between physical and simulated lesions was 37.9 ± 3.1%. In the 288 

“sensitivity” trials, readers were able to discern subtle differences in lesion appearance 

with an average accuracy of 73%. 
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Figure 10. Across all readers, the overall accuracy (± 95% confidence interval) 
was 37.9 ± 3.1%. The dotted line indicates the expectation for a one-in-four chance of 
guessing correctly.  

As seen in figure 11, reader % correct results varied mainly by reconstruction 

kernel. For kernel variability, the distribution of correct responses varied more widely 

with iterative kernels, relative to FBP, however, this variation was not statistically 

significant. This detection rate was indicated by p-values (0.12, 0.70, 0.40) for B45f, I31f, 

and I44f relative to B31f, and only slightly varied across doses. In the GLM model, higher 

contrast lesions compared to lower contrast lesions were significantly less likely to result 

in a correct response (p-value < 0.05), however, their difference in terms of the mean % 

correct was less than 1%. Across lesion orientations and sizes the mean % correct was 

mostly consistent. This implies that the task of visually discerning lesion edge blur 
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differences between physical and simulated lesions was not obscured by these factors and 

was within the normal variation of physical lesion appearance. 

 

Figure 11. (a) Reader results varied by reconstruction filter. Iterative kernels 
yielded the lowest reader correct responses. The distribution of correct responses 
varied more widely with iterative kernels, relative to FBP. (b) Dose had minimal impact 
on reader decision and remained mostly consistent. (c) Lesion contrast slightly 
influenced the % correct responses (p-value < 0.05). (d) % correct by size yielded similar 
results for both large and small lesions. Large and small lesion sizes were 523 and 2145 
mm3, respectively. (e) Across all readers, sagittal lesion orientation was slightly more 
difficult for readers to decipher simulated from physical lesions. 

2.3.2 Edge Blurriness  

The average gradient difference 𝑇𝑇𝐷𝐷����𝑘𝑘,𝑙𝑙 between physical and simulated lesions 

mostly fell within the expected variability  𝑇𝑇𝐶𝐶𝐶𝐶𝐶𝐶��������1,𝑘𝑘,𝑙𝑙 of the physical lesions, as the 

 𝑇𝑇𝐶𝐶𝐶𝐶𝐶𝐶��������1,𝑘𝑘,𝑙𝑙  was greater or similar to 𝑇𝑇𝐷𝐷����𝑘𝑘,𝑙𝑙 in 12 out of 16 imaging conditions (Figure 12). 

As a result, in the majority of cases, the 𝑇𝑇𝐷𝐷����𝑘𝑘,𝑙𝑙  ≤   𝑇𝑇𝐶𝐶𝐶𝐶𝐶𝐶��������1,𝑘𝑘,𝑙𝑙  criterion was satisfied. Dose 

and noise dependence were also observed in Figure 12. The natural variability 𝑇𝑇𝐶𝐶𝐶𝐶𝐶𝐶��������1,𝑘𝑘,𝑙𝑙 
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of physical lesions reduced as the dose increased. Difference  𝑇𝑇𝐷𝐷����𝑘𝑘,𝑙𝑙 results demonstrate 

that the TTF closely modeled signal transfer in terms of edge blur. 

 

Figure 12. For lesion edge blur across 4 doses (1.5, 3.0, 6.0, 22.0 mGy) and 4 
reconstruction (B31f, B45f, I31f\2, I44f\2) conditions, mean gradient differences  𝒈𝒈𝒈𝒈����𝒌𝒌,𝒍𝒍  
between physical and simulated lesions was less than the mean standard deviation 
 𝒈𝒈𝒈𝒈𝒈𝒈������𝟏𝟏,𝒌𝒌,𝒍𝒍 of physical lesions.  

2.3.3 Size Similarity 

The relative volume difference 𝑣𝑣𝐷𝐷����𝑘𝑘,𝑙𝑙 between physical and simulated lesions 

mostly fell within the expected variability  𝑣𝑣𝐶𝐶𝐶𝐶𝐶𝐶��������1,𝑘𝑘,𝑙𝑙 of the physical lesions (Figure 13). For 

large and small lesions, the  𝑣𝑣𝐶𝐶𝐶𝐶𝐶𝐶��������1,𝑘𝑘,𝑙𝑙 was greater or similar to vD����k,l in 12 and 13 out of 16 

imaging conditions, respectively. As a result, the 𝑣𝑣𝐷𝐷����𝑘𝑘,𝑙𝑙  ≤   𝑣𝑣𝐶𝐶𝐶𝐶𝐶𝐶��������1,𝑘𝑘,𝑙𝑙 criterion was satisfied. 

Similar to edge blurriness, the expected range of volumetric variability  𝑣𝑣𝐶𝐶𝐶𝐶𝐶𝐶��������1,𝑘𝑘,𝑙𝑙 

diminished as the dose increased for both large and small lesions.  
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Figure 13. (A) and (B): Shows bar plots of relative difference 𝒈𝒈�𝒌𝒌,𝒍𝒍  and expected 
physical lesion variability  𝑪𝑪𝑪𝑪𝑪𝑪������𝟏𝟏,𝒌𝒌,𝒍𝒍  between physical and simulated lesions across 4 
doses (1.5, 3.0, 6.0, 22.0 mGy) and 4 reconstruction kernels (B31f, B45f, I31f\2, I44f\2).  
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2.3.4 Shape Similarity 

SDC (± standard deviation) for “physical-to-simulated” lesion pairs, and 

“physical-to-physical” pairs are shown for each dose and reconstruction condition in 

Figure 14. The average SDC ± SD was 0.80 ± 0.13 and 0.77 ± 0.16 for “physical-to-

simulated” and “physical-to-physical” pairs, respectively. While the physical-to-

simulated SDC may seem to indicate mediocre similarity, it actually indicates near-perfect 

similarity, given that it nearly matches the physical-to-physical reference SDC. 

 

Figure 14. Simulated 3D lesion shapes were similar to the physical lesions with 
average SDC ± SD being 0.80 ± 0.13 (max of unity possible), respectively. Indices were 
provided for 16 dose and reconstruction algorithm combinations. 
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2.4 Discussion 

The purpose of this study was to investigate how accurately the task-transfer 

function (TTF) models the signal transfer properties of low-contrast features in a non-

linear commercial CT system, using a phantom and simulation approach. We reasoned 

that, if the blurriness of a signal is dependent on signal contrast and noise in a non-linear 

CT system, TTF-blurring of an ideal version of that signal should result in a simulated 

signal that mirrors the actual physical signal. Therefore, all features of interest should 

exhibit similar behavior between the two signals (i.e., physical and simulated).  

The similarity between the physical lesions and simulated lesions indicates that 

TTF provides a good representation of signal transfer properties. In the visual assessment, 

the theoretical % correct would be 25% if reader selected images purely by chance. 

However, the average % accuracy (±95% CI) for reader discernment between physical and 

simulated lesions was 37.9 ± 3.1%, indicating that readers selected the correct image 

slightly more frequently. This result can be explained in a few ways. It is possible that 

there were some differences in the signal transfer properties between the simulated and 

physical lesions. However, a number of other factors may have helped readers 

differentiate between simulated and physical lesions. These include, (1) the presence of 

small edges of other lesions towards the periphery of a lesion image field of view (either 

physical or simulated), (2) differences in local image noise texture due to a lesion’s location 

in the phantom, and (3) lesion shape differences. Factors (1) and (2) are products of using 
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a small phantom with limited physical space for virtual insertion of simulated lesions. 

Although the images were curated to minimize the occurrence of these confounding 

factors, it was not possible to completely eliminate their potential effect in the reader 

performance statistics. Nevertheless, we did account for the potential biasing effect of 

factor (3) by limiting reader evaluation to an interpolated image of the central slice ± 2. 

This was done to encourage reader reliance on perceived edge blurriness rather than 

lesion shape as an indicator for correct selection.  

Our finding that physical and simulated lesions were essentially indistinguishable 

is bolstered by the fact that reader visual acuity was high. Although perhaps 

unknowingly, readers were generally able to discern subtle differences in lesion 

appearance between physical reconstruction kernels under all four dose levels, with an 

average accuracy of 73%. For example, as shown in Figure 10, reader 7 was able to better 

differentiate physical from simulated lesions, relative to the other readers. However, 

when shown the results and asked how he/she was able to differentiate between the 

lesions, he/she expressed surprise since he/she was not confident about most of the 

selections made. This lack of selection confidence among visually-acute readers further 

attests to the difficulty in discerning between physical and simulated lesions. 

Likewise, the similarity criterion  𝑇𝑇𝐷𝐷����𝑘𝑘,𝑙𝑙  ≤   𝑇𝑇𝑔𝑔𝐷𝐷������1,𝑘𝑘,𝑙𝑙 employed for edge blur and 

size comparisons also underscored the effectiveness of TTF in ensuring the likeness 

between physical and simulated lesions. Edge blur comparisons, in terms of gradient 
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difference 𝑇𝑇𝐷𝐷����𝑘𝑘,𝑙𝑙  between physical and simulated lesions, was mostly less than the natural 

variability 𝑇𝑇𝐶𝐶𝐶𝐶𝐶𝐶��������1,𝑘𝑘,𝑙𝑙 of the physical lesions. This is evident for 12 out of 16 imaging 

scenarios shown in Figure 12. Additionally, small relative size differences between 

physical and simulated lesions 𝑣𝑣𝐷𝐷����𝑘𝑘,𝑙𝑙 as compared to the natural size variability  𝑣𝑣𝐶𝐶𝐶𝐶𝐶𝐶��������1,𝑘𝑘,𝑙𝑙 

of physical lesions (see Figure 13) indicate that TTF closely modeled the signal transfer of 

the imaging system.  

TTF was validated via shape-based assessment, given that the precision of shape 

measurements can be markedly influenced by dose and reconstruction conditions. The 

resulting variability in image noise, coupled with low lesion contrast, can potentially lead 

to misleading results from shape measurement. We obtained the averaged physical-

simulated SDC ± SD of 0.80 ± 0.13 (Figure 14). Given the high noise and low contrast of 

lesion images, the similarity between physical-simulated lesions essentially matched that 

of the physical-physical lesions across multiple image acquisition and reconstruction 

conditions. This indicates that physical lesion shape was closely modeled by the TTF.  

Results from this study parallel those obtained in a previous study involving high 

contrast lung lesions (~1000 HU), where TTF was used to model the transfer properties of 

a CT imaging system (Robins et al., 2017b, Robins, 2016). Using a 3D Hausdorff distance 

metric, Robins et al. showed that physical and simulated lesion boundaries differed by 

less than 5%, across multiple doses and reconstruction settings (Robins et al., 2017b). It 
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was also found that the volumetric difference between physical and simulated lesions was 

<3% on average (Robins, 2016).  

While this study should provide new insight into the value of TTF for non-linear 

CT systems, we do acknowledge that it exhibits certain limitations. First, although four 

reconstruction kernels were used in this study, assessment of a wider array of kernels 

(especially IR kernels) could be useful for modeling signal transfer properties for a variety 

of low-contrast features in non-linear CT systems. Secondly, our lesion models 

represented a limited sub-population of patients. Evaluations encompassing a larger 

number of lesions and a more diverse patient population would be ideal in order to avoid 

potential population biases. Thirdly, this study was done in the context of one CT system. 

Use of a variety of CT systems can enable more generalizable results.   

Our study demonstrates that TTF provides a good model of the transfer properties 

of CT imaging systems with low-contrast lesions. It validates the utility of TTF for better 

resolving signal transfer for the spectrum of frequencies typically encountered in 

diagnostic imaging. In turn, TTF may provide key advancement in CT system quality 

assurance and accurate modeling of CT resolution. 

2.5 Conclusion 

This study demonstrated that TTF accurately models the signal transfer properties 

of non-linear CT systems in the context of low-contrast lesions. Low-contrast lesion 



 

47 

simulations closely matched physical lesions based on edge blur, size, and shape 

similarity across multiple dose and reconstruction settings. 

3. Validation of Virtual Lesion Insertion Techniques 
Results from the previous section indicated the potential for TTF implementation 

in virtual lesion modeling. The study described below represents a study published in 

Physics in Medicine and Biology under the title “Techniques for virtual lung nodule 

insertion: Volumetric and morphometric comparison of projection-based and image-

based methods for quantitative CT” (Robins et al., 2017b). Therefore, the figures, tables 

and much of the text below are reproduced from that publication. 

3.1 Introduction 

Nodule sizes in CT exams are important biomarkers for patient diagnosis in cancer 

staging (lung cancer and/or pulmonary metastases) and are useful for gauging therapy 

response for patients undergoing treatment. Standardized pulmonary nodule size 

estimations are currently done one-dimensionally according to the Response Evaluation 

Criteria in Solid Tumors (RECIST), and two-dimensionally according to the newly 

adopted American College of Radiology LUNG-RADSTM and the World Health 

Organization (WHO) reporting methods (Therasse et al., 2000, Organization, 1979, 

Radiology). Although these methods are widely employed clinically, tumors typically do 

not grow or shrink symmetrically. Volume estimation may provide a more useful 
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approximation of actual tumor size. Thus, it is suggested that a more robust metric for 

assessing tumor staging, growth, or shrinkage should be based on 3D volume estimates.  

The precision and accuracy of volume measurements from CT data is jointly 

dependent on scan settings, segmentation software, lesion characteristics, and perhaps 

other factors (Chen et al., 2013, Gavrielides et al., 2009). Quantifying the impact of these 

factors on volume measurement accuracy is critical. In this regard, a number of groups 

have investigated this measurement uncertainty through clinical studies, phantom 

studies, and/or simulations (Young et al., 2015, Chen et al., 2013, de Hoop et al., 2009). 

Clinical studies based on patient images provide more relevant clinical data. However, 

ground truth in terms of true nodule size and shape are often difficult to obtain, if at all 

possible. For clinical studies, this drawback is further compounded by the issue of 

exposing patients to ionizing radiation (de Hoop et al., 2009, Zhao et al., 2009b).  

Another approach to assessing volume measurement accuracy involves 

phantoms. Inherent to this type of study is the ability to establish the true nodule size, and 

eliminate patient safety concerns (Xie et al., 2013b). Phantom studies have provided a 

means for a number of groups to evaluate the factors that impact volume measurements 

in lung nodules including dose level, slice thickness, reconstruction algorithms and 

kernels (Chen et al., 2012, Chen et al., 2013, Xie et al., 2013a, Xie et al., 2014). Although 

providing many advantages, phantoms are limited in their complexity. They do not 
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supply all the potential nodule and tissue variation compared to real clinical images and 

synthetic nodules are simplified and unrealistic.  

Alternatively, computer simulation studies can provide a degree of clinical realism 

at a low cost, with no exposure to patients. For example, Young et al. evaluated the effects 

of dose reduction and reconstruction methods on lung nodule volumetry through 

simulations (Young et al., 2015), and Li et al. used simulations to evaluate volume 

estimation in low contrast conditions (Li et al., 2015). Along this same line, it is possible to 

use computer simulations to fuse real patient CT data with simulated data, resulting in 

so-called “hybrid” CT images. Li et al. and Solomon et al. both generated hybrid images 

by inserting virtual lesion models into reconstructed CT images (Li et al., 2009, Solomon 

and Samei, 2014). Although those image-based insertion methods produced realistic 

results they may not be valid to properly assess the impact of reconstruction on nodule 

volumes. This is especially true when nonlinear iterative reconstruction algorithms are 

used. For such needs, inserting virtual nodules into projection data, could prove 

advantageous.(Chen et al., 2015b, Xu et al., 2015). Both image-based and projection-based 

insertion techniques are potentially valuable for assessing lung nodule volume accuracy 

because they provide the essential ground truth information that is lacking from clinical 

data. 

The purpose of this study was to develop and validate methods of inserting virtual 

lung nodules in terms of those attributes; thereby enabling the development of 
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standardized databases of hybrid CT images where ‘ground truth’ is known (i.e., nodules 

with known volume and morphology). A total of two insertion techniques were 

developed and evaluated; they included a projection-based insertion method (Technique 

A), and an image-based insertion method (Technique B). Technique C used an image-

based blending method where cropped CT ROIs can be extracted from a source image 

and blended into a target image. Technique C was previously developed and is included 

as a benchmark for the new techniques. The three methods were evaluated with respect 

to nodule volumetry and morphology.  

3.2 Materials and Methods 

Section 3.2.1. gives an overview of the key physical components of the phantom, 

synthetic nodules, and CT image acquisition parameters that were used to produce CT-

derived lesion volume and morphology. These were accompanied by the corresponding 

computer-aided design (CAD) virtual nodules that were instrumental in simulating the 

imaging system’s rendering of the synthetic nodules. A general description of TTF-

informed virtual lesion insertion is also provided. Section 3.2.2. defines the various sub-

components of TTF blurring in CT, and the process by which they were obtained. These 

TTF subcomponents were applied to CAD lesion models in sections 3.2.3. and 3.2.4. to 

simulate the CT-derived lesion volume and morphology. Sections 3.2.3., 3.2.4., and 3.2.5., 

describe virtual lesion insertion techniques evaluated in this paper. Section 3.2.6. presents 
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the nodule volume quantification metric, while sections 3.2.7. and 3.2.8. describe 

morphology measurement and quantification analysis. 

 

3.2.1 Phantom and Data Acquisition 

The study used a series of synthetic nodules independently manufactured by 

Computerized Imaging Reference Systems (CIRS, Norfolk, VA.) of three sizes (8 mm, 9 

mm and 10 mm), four morphologies (spherical, elliptical, lobular and spiculated) and with 

a single radiodensity of 100 HU (Li et al., 2015). The nodules were physically inserted into 

the lung section of an anthropomorphic chest phantom (LUNGMAN, Kyoto Kagaku, 

Kyoto, Japan) (Figure 15). There were 12 unique nodules with each nodule having an 

identical copy, resulting in 24 total nodules (Table 1). All nodules were solid and had 

known shapes, weights, volumes, and radio-densities. They were individually wrapped 

in low density Styrofoam to reduce the potential for vessel and pleura attachment in the 

phantom. This was done in order to exclude any confounding factors that might affect the 

estimation of nodule volume using the segmentation algorithm. The nodules were 

randomly distributed throughout the lung. The actual nodule volumes were measured by 

CIRS.  

The phantom was imaged repeatedly with and without nodules at multiple dose 

settings using a standard thoracic CT protocol with a commercial CT scanner (SOMATOM 

Definition Flash; Siemens, Healthcare GmbH, Forchheim, Germany). This was done to 
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allow for technique dependence assessment under a multiplicity of conditions. Images 

were acquired at 120 kV, 1.0 pitch, 1.45 mGy CTDIvol and 22 mGy CTDIvol. Recall that 1.45 

and 22 mGy correspond to an x-ray tube current of ~44 and 652 mA. Raw image data were 

saved to enable projection-based insertion of virtual nodules (i.e., Technique A).  

 

Figure 15. The anthropomorphic chest phantom with lung insert containing 
realistic pulmonary vessels. (b) Synthetic nodules of various sizes and shapes were 
attached to the lung insert to simulate pulmonary nodules. (c) Virtual 3D CAD mesh 
models of the synthetic nodules. 
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Table 1. List of nodule characteristics 

      

Nominal Diameter 

 (mm) 
Shape 

CIRS Volume 

 (mm3) 

8,9,10 spherical 280,380,520 

8,9,10 elliptical 280,380,530 

8,9,10 lobular 270,380,530 

8,9,10 spiculated 270,390,530 

 

Phantom images were reconstructed the vendor-provided FBP and SAFIRE, 

hereinafter referred to as IR. The aforementioned were discussed in section 2.2.2. An 

overview of the scan and reconstruction protocols are shown in Table 2.  

To register the 3D CAD lesion models with the corresponding synthetic nodules, 

an interactive 3D volume rendering software package (Avizo, FEI Visualization Science 

Group) was used. First a rough estimate of each nodule’s location was made by visually 

examining the CT data. Next, using a consistent threshold value of -750 Hounsfield Units, 

an isosurface representation of the nodule was generated. Finally, the 3D CAD models of 

the nodules were imported and manually co-registered with the synthetic nodules 

isosurfaces by adjusting the model’s location and orientation (Figure 16.a). The registered 

3D CAD models were then exported and saved into new files. The purpose of registering 
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the 3D CAD models was simply to allow them to assume a similar orientation and location 

as their synthetic counterparts. Such a process has no impact on lesion volumes. 

The registered 3D CAD masks were voxelized (Figure 16.b) to match the voxel size 

of the native CT data (x: 0.78 mm, y: 0.78 mm, z: 0.6 mm). Partial volume effects were 

accounted for by first voxelizing the CAD model at a super-sampled voxel size (1/10th the 

target CT voxel size), filtering the image volume with an averaging kernel, and then 

downsampling to the native CT voxel size. Please note that this averaging kernel was only 

applied to account for partial volume effects. This is not to be confused with the TTF which 

simulates the systematic blurring (i.e., finite focal spot size, detector size, and 

reconstruction). These partial-volume corrected nodule images served as the input to the 

nodule insertion Techniques A and B, described in sections 2.c. and 2.d.   
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Table 2. Scan and reconstruction parameters 

     

Scanner 
Siemens Somatom 

Definition Flash 

mA 44, 652 

kVp 120 

Pitch 1 

Collimation (mm) 128 x 0.6 

Rotation time (sec) 0.5 

Reconstruction thickness (mm) 0.6 

Reconstruction algorithm B31f, I31f 
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Figure 16. Schematic showing the steps to virtual nodule insertion for 
Techniques A and B. (a) Co-registration, (b) Voxelization, (c) Acquire System TTF, (d) 
Blurred Lesion Model, (e) Lesion Insertion. 

 

3.2.2 Empirical Determination of System Blurring 

In linear system’s theory, medical imaging systems are modeled as a cascade of 

linear shift invariant subsystems. Consequently, in the frequency domain, the acquired 

image blur can be modeled as the multiplication of the input object with the TTF of the 

interacting subsystem(s). Using the framework discussed in section 1.2.7 and depicted in 

(Figure 17), pre and post image blur were described. A further discussion is provided 

below. 
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In this study, all TTFs were empirically determined based on image data from a 

custom phantom with cylindrical inserts (Mercury v2.0, Duke University, Durham, NC) 

(Wilson et al., 2013). First, TTFs representative of the total imaging system’s image 

formation hardware including but not limited to (focal spot blur and detector size blur) 

and reconstruction (algorithm and kernel blur), was measured using the physical 

phantom’s contrast inserts (Solomon et al., 2015b). TTFr was further determined by 

virtually inserting a non-blurred cylinder via superposition into the Mercury v2.0 

phantom projection data. The reconstructed images of this data thus included real 

cylinders that were subjected to blurring from all subsystems (TTFs). Note that all digitally 

embedded mathematical cylinders were inserted using a custom Matlab code to enable 

digital cylinders to be super-imposed on uniform phantom images. Using these data, TTFs 

and TTFr were measured and combined to derive the pre-reconstruction TTFg (Figure 17). 

For insertion Techniques A (projection-based) and B (image-based), an accurate model of 

CT system blurring was needed (Figure 16(c)) as each technique incorporates the unique 

TTF that the CT system would apply to an input object.  



 

58 

 

Figure 17. (a) Pictorial description of an imaging system’s TTF sub-components. 

 

3.2.3 Projection Domain Nodule Insertion 

The projection-based method (Technique A) of virtually inserting nodules 

simulates the forward projection process of the CT imaging system (Figure 18(a)) using a 

Siemens custom accessed reconstruction terminal. First, the lesion model was voxelized, 

at the resolution of the CT data, and assigned a unique value consistent with the intended 

attenuation representation. Second, the nodule-free phantom images were examined for 
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an appropriate insertion location. Third, the pre-reconstruction blur was applied to the 

voxelized lesion model. Fourth, the lesion was inserted using a forward projection routine 

accounting for the exact geometrical configuration of the CT system (Joseph, 1982).  This 

simulated nodule projection data was added to the CT projection data from the nodule-

free phantom scans (Figure 18(b)). 

 

Figure 18. Technique A: (a) Projection domain nodule insertion workflow. (b) 
Image of nodule inserted via projection-based insertion. 

 

3.2.4 Image Domain Nodule Insertion 

To create hybrid CT images with Technique B, first, the lesion model was 

voxelized at the resolution of the CT data, and assigned a unique value consistent with 

the intended attenuation representation. Second, the nodule-free phantom images were 

examined for an appropriate insertion location. Third, the total system blur was applied 
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to the voxelized lesion model (Figure 19(a)). The blurred models were then superimposed 

directly onto the target CT data by adding pixel values (Figure 19(b)).  

 

 

Figure 19. Technique B: (a) Image domain nodule insertion workflow. (b) Image 
of nodule inserted via image-based insertion. 

 

3.2.5 Image Blending Nodule Insertion 

Insertion Technique C is based on Poisson image editing (Pérez et al., 2003), which 

performs an inward interpolation of the boundary values of the desired blending area 

within the nodule-free image on a slice-by-slice basis. The interpolation is guided by the 

gradient field of the source image, so that the nodule is inserted into the interior of the 

desired blending area by solving a series of differential equations with Dirichlet boundary 

conditions. Lesion insertion with this Technique is essentially the superposition of a set of 
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lesion images onto another with the aid of Poisson imaging editing. To blend a nodule 

into a new location, the user would draw a boundary encompassing the nodule and select 

the center of a nodule-free insertion area within another image. The blended image 𝐼𝐼 was 

then obtained by solving  

min
𝑑𝑑
∬ |∇𝐼𝐼 − ∇𝐼𝐼𝑠𝑠|2Ω0

; subject to  𝐼𝐼|𝜕𝜕Ω0 = 𝐼𝐼𝑡𝑡|𝜕𝜕Ω0, (3.2.3.a) 

where Is and It denote the source and target images, respectively. In essence, the 

blended image was such that the pixel values along the boundary ∂Ω0 were equal to those 

of the target image, but inside the region Ω0 with the blended image gradient following the 

gradient of the source image (Figure 20(a) and (b)). 

 

 

Figure 20. Technique C: (a) Image domain nodule insertion workflow. (b) 
Image of nodule inserted via image-based insertion. 
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3.2.6 Quantification of Nodule Volume 

The nodule insertion techniques were validated by comparing the volumes of CT-

derived nodules to the virtually inserted nodules for each insertion Technique (A-C). A 

clinical analysis software package (iNtuition, TeraRecon, Inc) was then used to obtain an 

estimate of the nodule volume from the reconstructed CT images. Nodule volume 

quantification was achieved through a semi-automated process. The user marked the 

center of the nodule and an automatic segmentation was performed on the image without 

any further user input. The nodule boundaries were estimated by the software. Upon 

executing the segmentation algorithm, the software reports the calculated volume (Figure 

21). The user also has the option to manually select an ROI and either add or remove a 

region that they feel does or does not accurately represent the nodule. Manual 

modifications were seldom performed in this study as they were only necessary when the 

software incorrectly identified nearby tissue as being nodule material or excluding parts 

of the nodule due to a perceived air gap. There was one challenging case involving a 

synthetic nodule that had an air pocket in its center. This case was conveniently corrected 

using the manual ROI. Since all of the nodules were solid, clear nodule boundaries could 

be readily identified by the segmentation software.  
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Figure 21. (a) Coronal maximum intensity projection view of nodule of interest 
in a clinical software package (iNtuition, TeraRecon, Inc). (b) Semi-automatically 
segmented nodule in units of cm3. (c) 3D rendering of lower right lung showing 
nodules and major vascular structures. (d) 3D rendering of segmented nodule. 

 

3.2.7 Quantification of Nodule Morphology 

In addition to volume estimation accuracy, an analysis was done to assess the 

difference in nodule shape between the idealized nodules and the nodules as they 

appeared in the CT images. Nodule morphology was examined based on the Hausdorff 

distance (HD) which is a measure of the distance between two subsets of a metric space 

(Huttenlocher and Rucklidge, 1992, Aspert et al., 2002). In the context of this study, the 

subsets being compared represent points in 3D Euclidean space from both an idealized 



 

64 

CAD surface representation of the nodule and from an isosurface of the nodule as it 

appeared in the CT images.  The CAD surfaces used were the same as described in section 

3.2.1 Since the segmentation algorithm (iNtution) did not allow for the segmentation 

masks to be exported, the isosurface function was used to extract lesion volumes. The 3D 

isosurfaces were generated for each nodule, dose level, reconstruction algorithm, and 

insertion technique (including the CT-derived nodules). Volumes were extracted using an 

empirically chosen threshold -750 HU. Vessels were also segmented and removed prior 

to isosurface rendering. The isosurface function in Matlab R2015a was used to define 

nodule surfaces. Subsequently, nodule surfaces were converted to polygon mesh surfaces 

composed of faces and vertices. A figure of merit based on the HD between the isosurface 

of the inserted nodule image (CT-derived and virtual) and the CAD surface of the nodule 

was extracted for each case as follows: 

Assume P represents the set of all vertices on the theoretical nodule surface and Q 

represents the set of vertices of the isosurface of a nodule image. Two 3D Cartesian grids 

of voxels were defined that spanned the minimum and maximum points in each 3D 

direction of P and Q, respectively. Note that these voxels are different from, and in general 

smaller in size than the voxels in the reconstructed CT images. Twenty-five voxels were 

used for each grid in each direction with i,j, and k denoting indices of the voxel grids in 

the x, y, and z direction, respectively. Pi,j,k is then is the subset of P that includes all vertices 

in voxel i,j,k. Supposing Pi,j,k contains N vertices and Qi,j,k contains M vertices, the MxN 



 

65 

distance matrix, Di,j,k, for a given voxel can be defined by the Euclidean distance between 

all elements of Pi,j,k and Qi,j,k. Correspondingly, each column of Di,j,k gives all distances 

between the mth vertex in Qi,j,k and all vertices in Pi,j,k. The regional Hausdorff distance 

(RHDi,j,k) for a given voxel can thus be calculated by first finding the minimum of each 

column of Di,j,k and then taking the maximum value of the resulting vector. Only voxels in 

which Pi,j,k and Qi,j,k were non-empty were used for further processing. The figures of merit 

used were the mean, standard deviation and coefficient of variation of RHD, denoted 

MeanRHD, STDRHD and CVRHD, respectively. Note that large MeanRHD indicates that the 

nodule is larger in size with respect to the CAD surface; while large STDRHD or CVRHD 

implies that the shapes of the two surfaces are different (i.e., the image isosurface is 

deformed relative to the idealized surface). Also note that the CVRHD figure of merit is 

insensitive to the size scaling of two surfaces. Thus, if the isosurface is simply a larger 

replicate of the CAD surface but with the same shape, CVRHD would be zero, while MeanRHD 

would be non-zero. MeanRHD, STDRHD, and CVRHD were calculated for all nodules, dose 

levels, reconstruction algorithms, and insertion techniques with the goal of comparing the 

values from the CT-derived nodules, with those of the virtually inserted as described in 

the proceeding section. This measurement process is illustrated in Figure 22.  
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Figure 22. Flow chart of the regional Hausdorff distance (RHD) measurement 
process. 
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3.2.8 Statistical Analysis 

In accordance with recommendations from the Quantitative Imaging Biomarkers 

Alliance (QIBA) Metrology Working Group, several statistical analyses were performed. 

For the volumetric analysis, the first was to compare the volume bias between the gold-

standard (i.e., CIRS-based volumes) and the virtual and CT-derived nodule volumes. 

Second, a difference comparison was made between the CT-derived nodule volumes and 

those of the virtual nodules from each insertion technique (Bland and Altman, 1999, 

Kessler et al., 2015, Raunig et al., 2015). The volume bias between the synthetic nodules 

and CT-derived nodules is termed the percent bias (PB).  

𝜎𝜎𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎 =  𝑉𝑉𝑎𝑎𝑎𝑎𝑎𝑎  − 𝑉𝑉𝑡𝑡
𝑉𝑉𝑡𝑡

 × 100% , and     (3.2.8.a) 

where Va,b,c (a = 1,…, n, b = 1,…, B, c = 1,…, C) is the measured volume of the nodule 

for the ath nodule, bth dose, and cth reconstruction (n = 24, B=2, C=2). In the first volume 

analysis scenario, Vt represents the reference gold-standard volume obtained through 

CIRS. However, in the second scenario, Vt represents the CT-derived volume measured 

with iNtuition. The standard deviation was also computed. The volume difference 

between the CT-derived nodules and nodules from each virtual insertion technique is 

termed the percent difference (PD). It is important to note that the PD measure between 

virtual lesions from all techniques with respect to the CT-derived lesion volumes is the 

central focus of this study. Both PB and PD were evaluated with percent error (PE), 

averaged over all nodules as 
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          𝜎𝜎𝑃𝑃𝑎𝑎𝑎𝑎 =  1
𝑛𝑛
∑ 𝜎𝜎𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑛𝑛
𝑎𝑎=1 .       3.2.8.b 

Small PE values indicate a more accurate measurement. For example, this implies 

that the virtual insertion techniques properly simulated the nodule rendering. To directly 

compare the CT-derived and virtual nodules, paired t-tests were performed (significance 

threshold of 0.05). Also, linear regression analysis was used with the coefficient of 

determination (R2) taken as a figure of merit describing the linearity between the CT-

derived and virtual nodule volumes.  

From the morphological analysis, the figures of merit, MeanRHD, STDRHD, and 

CVRHD, were generated from comparing the CAD drawings to the images of CT-derived 

nodules and the images of the virtual nodules. They were applied to the linear mixed 

effects model 

   (3.2.8.c) 

where RHDabcd is the observed value for the MeanRHD, STDRHD, or CVRHD for the ath 

nodule (a = 1,…,24), measured at the bth dose (b = low or high) using the cth reconstruction 

method (c = FBP or IR) and the dth insertion type (d = CT-derived, Technique A, Technique 

B or Technique C). Equation (2) explains variations in the RHD figure of merit in terms of 

a baseline value µ , which represents an 8 mm CT-derived spherical nodule, that was 

measured at low dose with FBP reconstruction. The other terms in the model are a nodule 

specific random effect τa, which is assumed to have a zero mean Gaussian distribution 

with a standard deviation σb as well as the fixed effects of size αsize,a , shape αshape,a, dose 

  log(𝜎𝜎𝑅𝑅𝐷𝐷𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 ) =  𝜇𝜇 + 𝜏𝜏𝑎𝑎 +  𝛼𝛼𝑠𝑠𝑖𝑖𝑠𝑠𝑠𝑠 ,𝑎𝑎 +  𝛼𝛼𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑠𝑠 ,𝑎𝑎 +  𝛽𝛽𝑎𝑎 +  𝛾𝛾𝑎𝑎 +  𝛿𝛿𝑎𝑎 +  𝜖𝜖𝑎𝑎 ,𝑎𝑎 ,𝑎𝑎 ,𝑎𝑎  



 

69 

βb, reconstruction method γc and insertion method δd (i.e. Technique A, B or C). Finally, 

εa,b,c,d is measurement error, assumed to have a zero mean Gaussian distribution with a 

standard deviation independent of the subject specific effect τa. Model (2) is fit using the 

method of restricted maximum likelihood (REML) to the observed data with the non-

linear mixed effect (nlme) package in the statistical software (R, www.r-project.org).  Note 

that the log transformation was used to achieve an approximately Gaussian distribution 

for the error term. This was done to determine if the process of virtually inserting the 

nodules affected the nodule shape in a similar fashion as with the synthetic nodules that 

went through the standard imaging process. 

3.3 Results 

3.3.1 Nodule Volume 

All nodules were inserted using Techniques A and B and were segmented 

successfully. For Technique C, four nodules were excluded due to their close proximity to 

vasculature resulting in 80 out of 96 insertions (4 nodules x 2 doses x 2 reconstructions = 

16 missing insertions). Table 3 gives the percent bias of the CT-derived and virtual nodule 

volumes relative to the CIRS reference gold-standard volumes of the synthetic lesions. 

The results show that CT-derived nodule volume estimates deviate from the ground truth 

by 13 – 16%. All insertion techniques exhibit similar deviation. Similarly, Table 4 shows 

PD, R2, and p-values (paired t-test) of the virtual nodule volumes relative to the CT-

derived nodule volumes. In essence, Table 4 indicates how the TTF-blurred virtual 

http://www.r-project.org/
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nodules are interpreted by the volume estimation software with respect to the CT-derived 

nodules. Using Technique C as a benchmark, volume measurements made of its cropped 

nodule images have very small differences from the original nodule images. Comparisons 

of results from Techniques A and B compared to that of Technique C shows that 

Technique B tends to work better than Technique C for FBP images, but the reverse trend 

seems to hold in IR images. On the other hand, Technique A underestimates nodule 

volumes by <1% relative to Technique C. However, the magnitude of the differences for 

all techniques are small which suggest that Techniques A, B, and C all closely model the 

effect of the imaging system on nodule size rendering. A positive PD indicates that the 

volume measured from the virtual nodule images was greater than the volume measured 

from the CT-derived nodule images. Linearity plots shown in figure 23 summarize the 

measured volume comparison of simulated lesions with respect to CT-derived volume 

measurements of physical lesions. Additionally, lesions are grouped by size and specified 

by shape in each sub-plot. Data points are partitioned in terms of CTDI levels, and FBP or 

IR reconstruction. The goodness of fit (R2) for each plot was greater than 0.97. 
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Table 3. Inserted nodules: Average PB (with standard deviation) of CT-derived 
and virtual nodule measured volumes relative to the synthetic lesion (CIRS volumes). 

          

  CT-derived   
Nodules 

Projection  
Domain    
Technique A   

Image  
Domain  
Technique B 

Image  
Domain   
Technique C 

FBP: CTDI 1.45 mGy  -13.37 (3.62) -15.33 (4.42) -13.68 (3.62) -13.92 (3.86) 
FBP: CTDI 22 mGy -14.04 (3.58) -15.00 (3.59) -13.84 (3.64) -13.62 (3.34) 
IR: CTDI 1.45 mGy -15.28 (3.61)  -16.18 (3.65) -14.86 (3.57) -15.70 (3.32) 
IR: CTDI 22 mGy -15.81 (3.62) -16.89 (4.13) -13.85 (3.83) -15.48 (3.94) 

 

 

Table 4. Inserted nodules: Average PD (with standard deviation) and R2 of 
measured volumes of the virtual nodules vs the CT-derived nodules. 

              
                                               
                                        
  

Projection 
Domain 
Technique A 

Image  
Domain  
Technique B 

         Image  
         Domain  
         Technique C 

Protocol 
Avg. 
percent 
diff. 

  R2 
Avg. 
percent 
diff. 

  R2 
Avg. 
percen
t diff. 

  R2 

FBP: CTDI 1.45 mGy  -2.24 
(4.07) 0.99 -0.28 

(4.03) 0.99 -0.33 
(2.15) 0.99 

FBP: CTDI 22 mGy -1.03 
(4.28) 0.98 0.34 

(4.67) 0.98 0.95 
(2.97) 0.99 

IR: CTDI 1.45 mGy -1.01 
(4.03) 0.98 0.57 

(4.41) 0.98 -0.26 
(1.15) 0.99 

IR: CTDI 22 mGy -1.69 
(4.12) 0.99 -2.28 

(3.69) 0.98 0.87 
(3.19) 0.99 
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Figure 23. CT volumetry comparison CT-derived nodules and virtually inserted 
nodule volumes from (a) Technique A (b) Technique B, and (c) Technique C.  

 

3.3.2 Nodule Morphology 

The estimated effects confirm higher values of MeanRHD for larger size nodules, 

with significantly higher results for 9 mm (p-value = 0.03) and marginally so for 10 mm 

(p-value = 0.08) as seen in Table 5. The analysis also shows significantly higher 𝑀𝑀𝑠𝑠𝑎𝑎𝑀𝑀𝑅𝑅𝑅𝑅𝑅𝑅 

values for elliptical and particularly spiculated shapes relative to spherical. 𝑀𝑀𝑠𝑠𝑎𝑎𝑀𝑀𝑅𝑅𝑅𝑅𝑅𝑅 was 

significantly lower for Technique C (p-value = 0.002). For the two reconstruction 

algorithms and doses used, there was no significant effect of reconstruction method or 
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dose on the nodule morphology when the virtual nodules were compared to the CT-

derived nodules. 

Table 5. Results of the morphological statistical analysis using MeanRHD, 
STDRHD, CVRHD, as a figure of merit. Techniques A, B and C have 24, 24 and 20 nodules 
per dataset respectively. Quantities were log transformed before statistical analysis. 

        

  
     MeanRHD       STDRHD 

 
   CVRHD  
 

Term effect p-value effect p-value effect p-value 
Baseline  -2.29 

 
-3.03  -0.74  

Size (9mm)  0.47 0.03 0.51 0.01 0.04 0.58 
Size (10mm)  0.37 0.08 0.39 0.05 0.02 0.76 

Ellipse  0.8 0.003 1.1 0.0001 0.3 0.003 
Lobular  0.19 0.41 0.46 0.05 0.27 0.007 
Spiculated  2.65 <0.0001 3.1 <0.0001 0.45 0.0001 

IR  -0.06 0.07 -0.03 0.17 0.02 0.14 
Dose  0 0.29 -0.003 0.003 -0.002 0.03 
Technique A  -0.03 0.44 0.03 0.34 0.06 0.01 

Technique B -0.04 0.31 0.01 0.76 0.05 0.02 

Technique C -0.14 0.002 -0.09 0.01 0.05 0.02 

 

Analysis also shows higher STDRHD values for other shapes relative to spherical, 

especially for spiculated (p-value < 0.0001, Table 5). This suggests a greater degree of 

difference between the idealized and the segmented morphology for other nodules 

compared to that for spherical nodules. A significantly lower STDRHD for Technique C (p-

value = 0.01) was observed. The effect of dose was relatively small but significant (p-value 

= 0.003) in the analysis of STDRHD. In the analysis of CVRHD , results show higher CVRHD 

values for other shapes relative to spherical, especially spiculated lesions. Most 
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importantly, there were significantly higher effects for all other insertion types relative to 

CT-derived nodules (p-value < 0.02) where estimated effects confirm higher values of 

CVRHD for Techniques A, B and C. Using the two reconstruction methods, there was no 

significant effect of reconstruction method on any of the measurement parameters.  

3.4 Discussion 

Developing an insertion method that accurately reflects the true imaging system 

and its influence on nodule volumetry can improve the quality of nodule quantification. 

It provides a platform for advanced image quality and perception assessment. In this 

work, two simulation methods (Technique A and B) were developed to add nodules of 

known properties in a manner that bears the physics of the imaging system and its 

reconstruction parameters. Also, a third method, Technique C, was implemented based 

on the extraction of non-juxtapleural nodules from one CT image into the same or similar 

CT image dataset. We then examined the impact of these insertion methods on nodule 

volumetry using volume quantification measurements for two dose levels and two 

reconstruction algorithms, across multiple nodules of various shapes and sizes. 

From a theoretical standpoint, Technique A (projection-based) should provide the 

most accurate results and be the most robust method across a wide range of reconstruction 

settings. As such, one may argue why other insertion methods would be of utility. In this 

study, each of these Techniques was included for specific reasons. Technique A is the most 

complicated to implement and requires detailed knowledge of the imaging system 
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geometry, and therefore, it is not a foregone conclusion that Technique A can be 

successfully implemented without support from the manufacturer. Thus, validation 

against synthetic nodules was clearly needed. Additionally, there are many instances in 

which Technique A is impossible to apply (e.g. no access to raw projection data or no 

information about the system geometry). For this reason, Technique B (image-based) was 

developed as a practical alternative to Technique A. Additionally, Technique C (image 

blending) was further included to provide benchmarking for Technique A/B results 

against a prior established technique. While Technique C gives similar results to 

Techniques A and B, unlike Technique C, A and B allow for evaluation of the impact of 

various reconstruction algorithms via lesion modeling. 

The proper blurring of the lesion masks is an important component in achieving 

realistic virtual nodule insertions for Techniques A and B. In a separate analysis done to 

examine the relevance of TTF-blurring, the percent error between the CT-derived nodule 

volumes and virtual nodule volumes more than doubled (>6%) when the blurring was not 

applied. Incorporating appropriate TTF blurring corresponding to the imaging system 

from which the patient data are obtained enables nodule renditions that better reflect 

imaging system’s rendering of synthetic lesions. Utilizing the TTF, our studies show that 

realistic nodules can be simulated with a high degree of volumetric accuracy (Projection-

based: 1.01% to 2.24%; Image-based: -2.28% to 0.28%) when compared to CT-derived 
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nodules. This shows that either technique can be a viable replacement for the presence of 

synthetic lesions.  

One group (Chen et al., 2015a) has demonstrated development of a framework to 

perform projection domain lesion insertions, meanwhile another (Ma et al., 2016) 

performed projection domain lesion insertions for observer detection tasks. Similarly, 

another group (Solomon and Samei, 2014) performed image domain virtual lesion 

insertion for evaluation of observer performance. They reported an AUC of 0.55 for the 

task of discerning between real and virtual lesions. Additionally, image domain virtual 

lesion insertion has been applied in radiology to evaluate the effectiveness of radiologist’s 

image reading processes (Rubin et al., 2014) and in computer aided detection (CAD) 

algorithm training (Pezeshk et al., 2016). The previous studies were useful for qualitative, 

observer-based assessments. However, beyond qualitative lesion modeling, the TTF 

based methods used in this study allow for quantitative lesion assessment in terms of 

lesion size and shape characteristics. Since the TTF is a conventional image quality metric 

and can reflect a wide range of CT technologies, its use can serve as a powerful platform 

for generic lesion insertion via both pre and post-reconstruction methods. This enables 

both projection and image domain insertions.  

The measured similarity between the CT-derived and virtual nodule volume was 

expected to be maximum for projection-based insertions than image-based insertion. 

However, the results show that both types of insertion techniques generate similar levels 
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of volume accuracy. Nevertheless, the benefits of having a projection-based insertion 

technique outweigh that of the image-based since there is a greater degree of flexibility 

for generating and testing a wide array of imaging conditions prior to reconstruction. On 

the other hand, the limiting factor for image-based insertion is that nodules can best be 

inserted into CT datasets that were acquired and reconstructed with the exact imaging 

conditions and parameters under which the nodule was imaged. Otherwise, without an 

exact match, there will be incongruence between the two in terms of accurate volume and 

morphology representation. While evaluation of other quantitative properties can be 

useful, all nodules used in this study had identical radiodensity, material composition, 

and internal homogeneity. This limited the scope of the present work to appropriately 

focus on lesion size and shape as the relevant properties of interest in determining how 

the nodules would be impacted by the various insertion techniques. Future work will 

benefit from assessment of contrast, CT number, and lesion heterogeneities to address 

these factors in nodule simulation. 

The goal of this study was to ascertain lesion volumetry results for two novel 

lesion insertion techniques with respect to an established technique using select clinically 

relevant protocols. The protocols employed approach the upper and lower bounds of 

clinically realistic dose values. Also, the acquisition was derived from the suggested 

AAPM Quality CT Protocol for lung cancer screening with the Siemens Flash scanner. 

While the study is not extensive in terms of having a broad set of varying acquisitions and 
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reconstruction parameters, due to practical considerations, it offers relevant assessment 

of nodule volume and shape rendering under a variety of conditions. By emulating low 

dose thoracic scan conditions, we expected to find that nodule volume accuracy would 

deteriorate as a result of increased noise or decreased dose. However, other work showed 

that bias did not change monotonically with dose (Young et al., 2015). In this study, similar 

results were observed in our preliminary inquiries as there was no clear trend relating 

change in volumetric estimation to dose. This was particularly noticeable since the 

average PB results for low dose scans (Table 3) showed less deviation from the ground 

truth in the case of the CT-derived nodule volume measurements.  

For morphological measurements, the figures of merit (MeanRHD, STDRHD, and 

CVRHD) served as a means to quantify the morphological change resulting from the 

imaging system’s influence on the object’s shape. For MeanRHD and STDRHD, there was a 

statistically significant effect of nodule size (see Table 5). As nodule size increased, so did 

the variability in lesion morphology. However, that effect diminished when we 

normalized it by the mean value (i.e. CVRHD). Therefore, for quantifying changes in shape 

independent of size scaling, CVRHD is the recommended figure of merit. When considering 

CVRHD for insertion techniques, there were minimal statistically significant differences 

between the HD measurements and the baseline (8 mm spherical, CT-derived, low dose, 

FBP). Overall, these results indicate that the expected morphological changes due to the 

CT system were modeled similarly by the virtual insertion techniques. As expected, a 
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greater degree of morphological changes was observed with spiculated nodules when 

compared to other nodule types. Generally, while there is no significant effect of 

reconstruction method, the effect of dose is statistically significant, but its estimate is very 

small in magnitude.  

Since segmentation can be influenced by the presence of tissue surrounding the 

nodule, this potential for error was minimized by surrounding the synthetic nodules with 

low density Styrofoam, thus producing an apparent empty space between the nodule and 

the lung parenchyma. Also, low density Styrofoam pieces were placed in strategic 

locations of the phantom lung insert during the nodule-free phantom acquisitions to 

ensure adequate locations for virtual nodule insertions. In the case of projection and image 

domain insertion in real clinical cases, it is desired that lung tissue be completely replaced 

with the new nodule and adjacent environment. However, in our current framework, 

nodule data were superimposed onto the native CT data. We are currently investigating 

different strategies to replace the native tissue.  

We acknowledge that a limitation to our study is that it was based on a phantom. 

As previously stated, phantoms are limited in their complexity. They do not supply all 

the potential nodule to tissue variation that are present in real clinical images. However, 

in our study, an anthropomorphic phantom with a realistic lung insert containing lung 

vasculature models was used to mimic reality. Currently, phantom based approaches are 

the only way that truth about the synthetic nodule characteristics can be foreknown and 
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appropriately assessed in the manner we demonstrated. Since having access to ground 

truth is crucial to gauging the validity of these techniques, this study is fundamentally 

limited to phantoms. 

Another constraint is that synthetic nodules tend to be too simplistic in that they 

are generally solid and do not span the wide variety of clinical nodule shapes and 

heterogeneity. While this has been a long-standing challenge in phantom based studies, it 

underscores the need for more advanced synthetic nodules that incorporate 

heterogeneity, and softly-tapered edge profiles. Additionally, registration between the 

isosurface of the image of the synthetic nodules and the 3D CAD drawings was performed 

manually. A more rigorous approach would minimize any inaccuracies in registration. 

While our empirical TTF method is being used for the first time in this work, we 

acknowledge that further development is needed to most accurately account for lesion 

blurring from the imaging system. In particular, the small systematic bias in projection 

domain lesion volumes may be attributed to a possible over-blurring. Further, more work 

in assessing the impact of reconstruction settings on the insertion quality is an active area 

of investigation for future work.  

3.5 Conclusion 

In summary, we have compared projection and image-based nodule insertion 

techniques in a volume and morphology estimation study which was performed using a 

combined phantom and simulation approach. We have taken an important step towards 
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defining novel projection and image-based lesion insertion methods that generate volume 

estimates with accuracy similar to a commonly used image-based technique. Future work 

will focus on further testing of projection domain versus image domain insertion by using 

a wider range of dose and reconstruction settings and three-dimensional smoothing 

processes. While our projection domain insertion technique provides close agreement 

with the CT-derived lesion rendering, improvement of this technique is expected to 

correct the observed small systematic bias. In addition, it will be useful to investigate how 

volume estimation in projection and image-based insertion methods are influenced by 

other segmentation software. Determining the inter-dependencies between these 

insertion techniques and imaging parameters will enable better volume quantification for 

reliable virtual insertion of nodules in CT images. In turn, an optimized virtual insertion 

method could be applied to a range of areas such as segmentation algorithm performance 

testing and machine learning applications. 

4. Texture Assessment Study 
The study described below represents a manuscript under the title “A systematic 

analysis of CT texture feature bias and variability measurement” that is under review 

for publication. Therefore, the figures, tables and much of the text below are reproduced 

from that manuscript. 
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4.1 Introduction 

Malignant tumors are biologically and physiologically complex, exhibiting 

substantial spatial heterogeneity (Ganeshan et al., 2012). This spatial heterogeneity can 

extend from variations within a single tumor to variations between tumors in individual 

patients. Such phenotypic heterogeneity may have prognostic implications that can reflect 

therapeutic response (Hunter et al., 2013). Computed Tomography (CT) can be used as a 

quantitative imaging tool to characterize tumor architecture and spatial heterogeneity 

(Ganeshan et al., 2017, Kalpathy-Cramer et al., 2016, Yang et al., 2016). With the increased 

interest in quantitative tumor characterization, statistical texture features such as Haralick 

features have gained interest as possible radiomics predictors of patient outcomes. To 

make maximal use of the spatially-rich quantitative features in CT images, a considerable 

effort has been made to analyze texture features.  

While CT images show promise as a resource for robust spatial heterogeneity 

investigations (Lee et al., 2017), the impact of the CT acquisition and reconstruction 

settings on the texture feature measurements has not yet been fully ascertained. 

Quantitative assessments of tumor attributes are inherently impacted by the imaging 

system (i.e., image acquisition settings and image processing software) (de Hoop et al., 

2009). As such, assessing the impact of image acquisition settings and reconstruction 

software on quantitative texture features could inform how such feature measurements 

should be properly interpreted and utilized.  
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Studies have shown that CT image acquisition can influence measurement of a 

single quantitative feature (Li et al., 2015, Gavrielides et al., 2014, Chen et al., 2013) or an 

ensemble of features (Zhenga et al., 2017, Shafiq-ul-Hassan et al., 2017). While prior 

studies offer valuable information on feature extractions, they are limited in using either 

physical phantoms with limited realism and complexity, or patient data where ground 

truth is often unknown and unobtainable. For texture feature classification tasks, the inter-

relation between bias (i.e., deciphering between CT imaging-induced alterations versus 

tumor biological truth) and variability (i.e., ascertaining the imprecision in feature 

estimation) can become unclear, especially when ground truth is unknown.  

In this study, we assessed the bias and variability of CT texture features. For this, 

we simulated a series of textured CT images to understand the impact of a wide selection 

of imaging conditions on feature statistics, when ground truth is a priori known. Imaging 

system bias and variability were characterized in terms of percent relative difference 

(PRD), the variability associated with the PRD, and coefficient of variation (COV), 

respectively. This study provides initial evaluation of comprehensive CT texture feature 

analysis and offers a framework for result interpretations.  

4.2 Materials and Methods 

4.2.1 Image Data 

Three computational textured phantoms, designed to model fatty liver 

parenchymal texture, previously synthesized using the 3D clustered lumpy background 
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(CLB) technique, was used to form the ground truth (Figure 24). This provided a 

probabilistic framework for structural variance. For detailed descriptions of the CLB, 

readers are directed to Bochud et al. and Solomon et al. for 2D and 3D applications, 

respectively (Bochud et al., 1999, Solomon et al., 2016). The texture features depicted in 

these phantoms reflect texture examples from a population of clinical cases. As can be 

visually appreciated, the sizes of clustered material in the textured phantom A is larger 

than that in both B and C. Computational phantom’s dimensions were 100 × 100 × 100 

mm3.  

 

Figure 24. Image of the anatomically-informed computational textured 
phantoms. 

4.2.2 Image Simulation 

As depicted in Figure 25, a total of 1188 clinically relevant imaging conditions were 

simulated representing four in-plane pixel sizes (0.4, 0.5, 0.7, 0.9 mm), three slice 

thicknesses (0.625, 1.25, 2.5 mm), three dose levels (CTDIvol = 1.90, 3.75, 7.50 mGy), and 33 

clinical reconstruction kernels. These 33 kernels corresponded to noise and resolution 
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properties representative of five commercial scanners (GE LightSpeed VCT, GE Discovery 

750 HD, GE Revolution, Siemens Definition Flash, and Siemens Force) used in both 

filtered back-projection (FBP) and iterative reconstruction (IR) modes. From these, a series 

of CT texture renderings were simulated to generally model acquisition and 

reconstruction impact across a range of commonly used CT settings.  

To ascertain the properties of the kernel, axial CT images were acquired using the 

ACR phantom, from which the task-transfer function (TTF) and noise power spectrum 

(NPS) were measured. Simulations were generated by applying the measured TTF and 

NPS to each computational phantom, emulating different imaging scenarios(Chen et al., 

2012). With the axial image acquisition, the noise was assumed to have negligible z-

direction correlations. TTF and NPS curve fits were modeled using the sampled clinical 

noise and resolution space to capture a range of noise and resolution conditions. The 

objective was to sample the resolution and noise space to obtain effects that would be 

expected from a routine clinical imaging procedure. The resulting conditions ranged from 

“smooth” kernels with low noise to “sharp” kernels with high noise. 
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Figure 25. A total of 1188 simulated scenarios of clinically relevant imaging 
conditions representing 4 in-plane pixel sizes (0.4, 0.5, 0.7, 0.9 mm), 3 slice thicknesses 
(0.625, 1.25, 2.5 mm), 3 dose levels (CTDIvol = 1.90, 3.75, 7.50 mGy), and 33 clinical 
reconstruction kernels. Feature measurements were made in the context of four VOI 
sizes. 

 

For each of the 33 clinical reconstruction settings, TTF curve fits were modeled 

using a theoretical function form to reduce the effects of noisy data. These curve fits 

encompassed the current clinical frequency-based resolution space. 15 out of 33 curves 

included edge-enhancement. Both non-edge enhancing (TTFn) and edge-enhancing (TTFe) 

TTF curves were fit using a theoretical model as described by Ott et. al. (Ott et al., 2014), 

,       (4.2.2.a) 
𝑇𝑇𝑇𝑇𝐹𝐹𝑀𝑀 = � 

2 𝜋𝜋2𝐶𝐶𝑚𝑚
sinh(2 𝜋𝜋2𝐶𝐶𝑚𝑚)

� 
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,      (4.2.2.b) 

where f is the spatial frequency and m is a parameter that describes the resolution. 

The in-plane edge-enhancing curves (TTFe) were modeled with additional elements λ, and 

C, to account for the edge enhancement peak frequency adjustment, and a normalization 

factor to ensure TTFe=1 at zero frequency, respectively. Example TTF curves are shown in 

Figure 26.  

𝑇𝑇𝑇𝑇𝐹𝐹𝑠𝑠 = 𝐶𝐶 � 
2 𝜋𝜋2(𝐶𝐶 − 𝜆𝜆)𝑚𝑚

sinh(2 𝜋𝜋2(𝐶𝐶 − λ)𝑚𝑚)
� 
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Figure 26. Examples of both non-edge enhanced and edge enhanced TTF curves. 

 

The z-dimension TTF was approximated using a theoretical model as described by 

Boyce et. al. (Boyce and Samei, 2006), 

,       (4.2.2.c) 

where M is a frequency and magnification adjustment factor (set to 1.82), a is the 

full width half maximum of the focal spot, f is the frequency, and T is the slice thickness. 

𝑇𝑇𝑇𝑇𝐹𝐹𝑠𝑠 = 𝑠𝑠�
−𝜋𝜋(𝑀𝑀−1)𝑎𝑎𝐶𝐶

𝑀𝑀 �
2

𝑠𝑠𝑖𝑖𝑀𝑀𝑎𝑎(𝐶𝐶𝑇𝑇) 
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The measured in-plane NPS curves were modeled using a theoretical functional form to 

reduce the effects of noisy NPS measurements,  

,        (4.2.2.d) 

where a describes the maximum height of the NPS curve, b, and c are fit parameters 

used to describe the curve ramp up and fall off, and f is the frequency. 

Theoretical models of the TTF were used to blur the voxelized phantom images. 

Correlated noise was subsequently added at the desired dose level by scaling the NPS to 

achieve appropriate dose-specific noise levels. An example of the phantom blur and noise 

progression is shown in Figure 27.  

 

 

Figure 27. Flow chart provides a visual depiction of the progressive impact of 
image degradation on (a) ground truth texture as a result of (b) TTF induced image 
blurring and (c) NPS induced noise addition. 

4.2.3 Feature Measurement 

An important aspect of feature measurement in clinical data can be related to the 

segmented region of interest. In this study, the VOI size serves as the segmentation analog. 

𝑁𝑁𝜎𝜎𝑔𝑔 = 𝑎𝑎𝐶𝐶𝑎𝑎𝑠𝑠−𝑎𝑎𝐶𝐶  
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To fully sample the entire textured phantom, VOI sizes of 244, 579, 1000, and 1953 mm3 

with corresponding number of VOIs of 163, 123, 103, 83 (N3, N = number of isotropic VOIs 

in a single dimension). As such, the one-sided length of each isotropic VOI was 6.3, 8.3, 

10.0, and 12.5 mm3.  21 statistical features, including some Haralick features (i.e., Gray 

Level Co-occurrence Matrix) listed in Table 6, were calculated (Haralick et al., 1973). 

Measurements from the ground truth images 𝑇𝑇𝑔𝑔,ℎ,𝑖𝑖 were defined based on the 𝑇𝑇𝐶𝐶ℎ feature 

(g=1…21), ℎ𝐶𝐶ℎ VOI (ℎ = 1 …𝑁𝑁3), 𝑖𝑖𝐶𝐶ℎ VOI size (𝑖𝑖 = 244 … 1953), at 0.4 voxel size. Whereas, 

measurements from the simulated images 𝐶𝐶𝑔𝑔,ℎ,𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑙𝑙,𝑚𝑚 were defined based on the 𝑇𝑇𝐶𝐶ℎ 

feature (g=1…21), ℎ𝐶𝐶ℎ VOI (ℎ = 1 …𝑁𝑁3),  𝑖𝑖𝐶𝐶ℎ VOI size (𝑖𝑖 = 244 … 1953), 𝑗𝑗𝐶𝐶ℎ slice thickness 

(𝑗𝑗 = 1…3), 𝐷𝐷𝐶𝐶ℎ in-plane pixel size (𝐷𝐷 = 1…4), 𝑙𝑙𝐶𝐶ℎ dose level (𝑙𝑙 = 1 … 3), and 𝑚𝑚𝐶𝐶ℎ kernel 

(noise/blur) (𝑚𝑚 = 1 … 33). 
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Table 6. List of texture features calculated for the 3D computational phantom. 
Full mathematical description of these statistic features is given in ref. (Zwanenburg, 
2017) 

Texture Features Statistic Type 
Energy Statistical feature 
Variance Statistical feature 
Contrast GLCM 
Correlation GLCM 
Homogeneity* GLCM 
Sum Average GLCM 
Texture Entropy* GLCM 
Dissimilarity GLCM 
Short Run Emphasis (SRE) GLRLM 
Long Run Emphasis (LRE) GLRLM 
Gray-Level Nonuniformity (GLN) GLRLM 
Run Length Nonuniformity (RLN) GLRLM 
Run Percentage GLRLM 
Low Gray-Level Run Emphasis (LGLRE) GLRLM 
High Gray-Level Run Emphasis (HGLRE) GLRLM 
Short Run Low Gray-Level Emphasis (SRLGLE) GLRLM 
Short Run High Gray-Level Emphasis (SRHGLE) GLRLM 
Long Run Low Gray-Level Emphasis (LRLGLE) GLRLM 
Long Run High Gray-Level Emphasis (LRHGLE) GLRLM 
Gray-Level Variance (GLV) GLRLM 
Run-Length Variance (RLV) GLRLM 

*Texture Entropy and Homogeneity are also referred to as sum entropy, and inverse 
difference, respectively. 

 

4.2.4 Feature Comparison 

For each acquisition and reconstruction simulation (𝐶𝐶𝑔𝑔,ℎ,𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑙𝑙,𝑚𝑚) combination, 

measured features were compared with the ground truth features (𝑇𝑇𝑔𝑔,ℎ,𝑖𝑖) to characterize 

their differences in a pair-wise manner. To characterize the bias, the 𝜎𝜎𝜎𝜎𝐷𝐷𝑓𝑓𝑔𝑔,𝑖𝑖(%) in each 

texture feature (g) was calculated between the imaged scenario and the ground truth for 

all VOI sizes (i). Feature variability was assessed in terms of (i) 𝜎𝜎𝑃𝑃𝑅𝑅𝑅𝑅𝑓𝑓𝑔𝑔,𝑖𝑖
(%), which 
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indicated the variability between the ground truth and simulated image scenario based 

on the 𝜎𝜎𝜎𝜎𝐷𝐷𝑓𝑓𝑔𝑔,𝑖𝑖(%), (ii) 𝐶𝐶𝐶𝐶𝐶𝐶𝑓𝑓𝑔𝑔,𝑖𝑖, which indicated the simulation-based variability, and (iii) 

𝐶𝐶𝐶𝐶𝐶𝐶𝑇𝑇𝑔𝑔,𝑖𝑖 indicated the natural variability present in the ground truth phantom unique to 

each feature (g) and across all VOI sizes (i). The 𝜎𝜎𝜎𝜎𝐷𝐷𝑓𝑓𝑔𝑔,ℎ,𝑖𝑖, 𝜎𝜎𝑃𝑃𝑅𝑅𝑅𝑅𝑓𝑓𝑔𝑔,ℎ,𝑖𝑖
, 𝐶𝐶𝐶𝐶𝐶𝐶𝑓𝑓𝑔𝑔,𝑖𝑖, and 𝐶𝐶𝐶𝐶𝐶𝐶𝑇𝑇𝑔𝑔,𝑖𝑖 

were determined as  

𝜎𝜎𝜎𝜎𝐷𝐷𝑓𝑓𝑔𝑔,𝑖𝑖(%) = 100% × 𝑓𝑓𝑔𝑔,ℎ,𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑙𝑙,𝑚𝑚−𝑇𝑇𝑔𝑔,ℎ,𝑖𝑖

𝑇𝑇𝑔𝑔,ℎ,𝑖𝑖
, and     (4.2.4.a) 

𝜎𝜎𝑃𝑃𝑅𝑅𝑅𝑅𝑔𝑔,ℎ,𝑖𝑖(%) = 𝑔𝑔𝑇𝑇𝐷𝐷(𝜎𝜎𝜎𝜎𝐷𝐷𝑓𝑓𝑔𝑔,ℎ,𝑖𝑖(%)),       (4.2.4.b) 

𝐶𝐶𝐶𝐶𝐶𝐶𝑓𝑓𝑔𝑔,𝑖𝑖(%) =  100% × 𝑆𝑆𝑇𝑇𝑅𝑅(𝑓𝑓𝑔𝑔,𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑙𝑙,𝑚𝑚)
𝑚𝑚𝑚𝑚𝑎𝑎𝑛𝑛(𝑓𝑓𝑔𝑔,𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑙𝑙,𝑚𝑚)

,                (4.2.4.c) 

 𝐶𝐶𝐶𝐶𝐶𝐶𝑇𝑇𝑔𝑔,𝑖𝑖(%) =  100% × 𝑆𝑆𝑇𝑇𝑅𝑅(𝑇𝑇𝑔𝑔,ℎ,𝑖𝑖)
𝑚𝑚𝑚𝑚𝑎𝑎𝑛𝑛(𝑇𝑇𝑔𝑔,ℎ,𝑖𝑖)

,            (4.2.4.d) 

where the mean and STD were measured across all the VOIs for each VOI size (i). 

4.3 Results 

In sections 4.3.2 through 4.3.5, 𝜎𝜎𝜎𝜎𝐷𝐷𝑓𝑓𝑔𝑔,ℎ,𝑖𝑖(%) and 𝜎𝜎𝑃𝑃𝑅𝑅𝑅𝑅𝑓𝑓𝑔𝑔,ℎ,𝑖𝑖
(%) are presented in the 

form of heatmaps. Within each heatmap from top to bottom, the data were arranged in 

order of CT system model and kernel, increasing dose, increasing slice thickness, 

increasing in-plane pixel sizes, and lastly, increasing VOI size. This overall organization 

is depicted in Fig. 25. 

4.3.1 Feature Assessment 

Table 7 shows the average ground truth texture values present in the three 

phantoms for different VOI sizes. Of the 21 features, 9 of them exhibited an increasing 



 

93 

trend in feature values as the VOI increased, while others expressed a reduction, for 

Textures A, B, and C, respectively. In the case of Variance, Sum Average, SRLGLE, and 

LGLRE, the change in bias with VOI size was marginal. On the other hand, by their 

mathematical definition, feature measurements for SRHGLE, GLV, HGLRE, LRHGLE, 

LRE, and RLV were large relative to all others These ground truth feature measurements 

(𝑇𝑇𝑔𝑔,ℎ,𝑖𝑖) were used as the reference for 𝜎𝜎𝜎𝜎𝐷𝐷𝑓𝑓𝑔𝑔,𝑖𝑖 and 𝐶𝐶𝐶𝐶𝐶𝐶𝑇𝑇𝑔𝑔,𝑖𝑖 calculations.  

Table 7. Textures A-C: Ground truth (Tg,h,i) texture feature calculations with the 
associated standard deviation for 4 VOI sizes (244, 579, 1000, 1953 mm3). 
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4.3.2 Reconstruction Kernel Assessment 

Figure 28 (a) – (f) summarizes the 𝜎𝜎𝜎𝜎𝐷𝐷𝑓𝑓𝑔𝑔,ℎ,𝑖𝑖(%) and 𝜎𝜎𝑃𝑃𝑅𝑅𝑅𝑅𝑓𝑓𝑔𝑔,ℎ,𝑖𝑖
(%) between the 

ground truth (𝑇𝑇𝑔𝑔,ℎ,𝑖𝑖)  statistical features and the simulated feature measurements 

(𝐶𝐶𝑔𝑔,ℎ,𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑙𝑙,𝑚𝑚) across 33 reconstruction kernels modeled from five commercial CT systems. 

In Fig. 28, plots (a), (b), and (c) depict the unique PRDs and (d), (e), and (f) depict the 

unique variability for texture phantom A, B and C, respectively. Each sub-plot in Fig. 28 

represents an average PRD or variability for 21 texture features measured across a VOI 

size of 1953 mm3, one slice thickness (0.625 mm), one in-plane pixel size (0.4 mm), and one 

dose level (7.50 mGy). These plots are representative across all VOIs, in-plane pixel sizes, 

slice thicknesses, and doses. Kernels are ordered based on scanner model along the 

descending y-axis, while the x-axis shows positive to negative PRDs and maximum to 

minimum variability (left to right). FBP kernels and sharper iterative kernels produced a 

relatively larger PRD across all features. This trend is observed in Textures A, B and C by 

the darker horizontal bands. For example, Somatom Force FBP Br40d and LightSpeed 

VCT ASiR-50% Standard are two such kernels that produced larger PRD and variability 

across all features when compared to others. In all three texture phantoms, features can 

be classified as highly susceptible (PRD > ±100%), moderately susceptible (PRD ≥ ±50% 

and ≤ ±100%) and minimally susceptible (PRD ≤ ±50%) to reconstruction kernel influences. 

Highly susceptible features can be identified as a vertical band whose color is depicted in 
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a dark magenta or dark blue. Of the 21 features, highly susceptible features include 

Contrast, Dissimilarity, SRHGLE, SRE, and Run Percentage. Moderately susceptible 

features are RLN, SRLGLE, LRHGLE, LRE, RLV, and LRLGLE. The remaining 10 features 

exhibit relatively minimal PRD, with Correlation showing strong susceptibility to change 

in reconstruction kernel. Fig. 28 (d) – (e) shows that the highly susceptible features, are 

also the most variable, while moderately susceptible features are the most stable. 
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Figure 28. (a), (b) and (c) show the reconstruction kernel-based PRD, while (d), 
(e) and (f) show the variability (%𝝈𝝈𝑷𝑷𝑷𝑷𝒈𝒈) between the ground truth Tg,h,i statistical 
features and simulated (fg,h,i,j,k,l,m) feature measurements for texture phantom A, B and C, 
respectively.  

 

4.3.3 Dose-level Assessment 

A summary of the PRD between the ground truth (𝑇𝑇𝑔𝑔,ℎ,𝑖𝑖)  statistical features and 

the simulated feature measurements (𝐶𝐶𝑔𝑔,ℎ,𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑙𝑙,𝑚𝑚) across three dose levels (1.9, 3.75, 7.5 

mGy) is given in Fig. 29. Each phantom sub-plot (a) – (f) demonstrates the PRD and 

variability (%𝜎𝜎𝑃𝑃𝑅𝑅𝑅𝑅) results for 99 unique conditions per feature [3 dose levels × 33 

reconstruction kernels]. As seen in Fig. 6.3, variability (%𝜎𝜎𝑃𝑃𝑅𝑅𝑅𝑅) was feature specific and 

mostly proportionate with PRD changes. Additionally, for Textures A, B, and C, the mean 

PRD and variability changes with increased dose were [1.8%, 0.4%], [2.5%, 0.5%], and 

[2.9%, 0.9%], respectively. Over all features, increased dose seems to have a small impact 

on PRD, with the PRD increasing marginally with higher dose.  
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Figure 29. (a), (b) and (c) shows the dose-related PRD, while (d), (e) and (f) shows 
the variability (%𝝈𝝈𝑷𝑷𝑷𝑷𝒈𝒈) for Textures A, B and C, respectively. The mean change in PRD 
and variability between the ground truth (𝑻𝑻𝒈𝒈,𝒉𝒉,𝒊𝒊) features and simulated feature 
measurements (𝒇𝒇𝒈𝒈,𝒉𝒉,𝒊𝒊,𝒋𝒋,𝒌𝒌,𝒍𝒍,𝒎𝒎) were [1.8%, 0.4%], [2.5%, 0.5%], and [2.9%, 0.9%], for 
Textures A, B, and C, respectively.  

4.3.4 Slice Thickness Assessment 

A summary of the PRD between ground truth (𝑇𝑇𝑔𝑔,ℎ,𝑖𝑖)  statistical features and 

simulated feature measurements (𝐶𝐶𝑔𝑔,ℎ,𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑙𝑙,𝑚𝑚) across three slice thicknesses (0.625, 1.25, 

2.50 mm) is shown in Fig. 30. Each phantom sub-plot demonstrates the PRD and 

variability (%𝜎𝜎𝑃𝑃𝑅𝑅𝑅𝑅) results for 297 unique conditions per feature [3 slice thicknesses × 3 

dose levels × 33 reconstruction kernels]. Fig. 30 shows that as the slice thickness increased, 

the magnitude of the PRD decreased, with the mean PRD and variability change of [-

13.5%, -2.5%], [-12.6%, -1.8%], [-10.2%, -1.8%] for Textures A, B, and C respectively. 
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Figure 30. (a), (b) and (c) shows the slice thickness-related PRD, while (d), (e) 
and (f) shows the variability (%𝝈𝝈𝑷𝑷𝑷𝑷𝒈𝒈) for Textures A, B and C, respectively. The mean 
PRD and variability change across slice thicknesses were [-13.5%, -2.5%], [-12.6%, -
1.8%], [-10.2%, -1.8%] for Textures A, B, and C, respectively. 

4.3.5 In-plane Pixel Size Assessment 

Figure 31 depicts a summary of the PRD between ground truth (𝑇𝑇𝑔𝑔,ℎ,𝑖𝑖)  statistical 

features and simulated feature measurements (𝐶𝐶𝑔𝑔,ℎ,𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑙𝑙,𝑚𝑚) across 4 in-plane pixel sizes 

(0.4, 0.5, 0.7, 0.9 mm). Each phantom sub-plot illustrate the PRD and variability (%𝜎𝜎𝑃𝑃𝑅𝑅𝑅𝑅) 

results for 1188 unique conditions per feature [4 in-plane pixel sizes × 3 slice thicknesses 

× 3 dose levels × 33 reconstruction kernels]. Fig. 31 shows that as the in-plane pixel size 

increased, the magnitude of the PRD decreased, while the variability of highly susceptible 

features decreased and that of moderately susceptible features increased. The mean PRD 

and variability change was [-13.3%, -0.8%], [-13.9%, -1.9%], [-12.0%, -3.3%] for Textures A, 

B, and C respectively.   
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Figure 31. (a), (b) and (c) shows the in-plane pixel size-related PRD, while (d), 
(e) and (f) shows the variability (%𝝈𝝈𝑷𝑷𝑷𝑷𝒈𝒈) for Textures A, B and C, respectively. The 
mean PRD and variability change between the ground truth (𝑻𝑻𝒈𝒈,𝒉𝒉,𝒊𝒊)  statistical features 
and simulated features (𝒇𝒇𝒈𝒈,𝒉𝒉,𝒊𝒊,𝒋𝒋,𝒌𝒌,𝒍𝒍,𝒎𝒎) was [-13.3%, -0.8%], [-13.9%, -1.9%], and [-12.0%, -
3.3%] for Textures A, B and C, respectivly. 

4.3.6 VOI Size Assessment 

Figure 32 depicts a summary of the intrinsic ground truth variability 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡 and 

simulated condition variability 𝐶𝐶𝐶𝐶𝐶𝐶𝑓𝑓 across 4 VOI sizes (244, 579, 1000, and 1953 mm3). 

Each sub-plot illustrates the feature-specific 𝐶𝐶𝐶𝐶𝐶𝐶𝑓𝑓 variability possible in the three 

computational phantoms when imaged with a series of in-plane pixel sizes (k=4), slice 

thicknesses (j=3), dose levels (l=3), and reconstruction algorithm (m=8), across the 

corresponding VOI sizes (i=4). The sub plots show that image acquisition and 

reconstruction can have an increasing or decreasing effect on the original ground truth 

features. Further, results show that generally larger VOI sizes produced a smaller 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡 

and 𝐶𝐶𝐶𝐶𝐶𝐶𝑓𝑓. However, this trend does not always hold, as the combined impact of the 

imaging system and segmentation measurement on some texture features seems 

arbitrary.   
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Figure 32. Examples of feature variability in terms of the %𝑪𝑪𝑪𝑪𝑪𝑪𝒕𝒕 and %𝑪𝑪𝑪𝑪𝑪𝑪𝒇𝒇 for 
the ground truth features (𝑻𝑻𝒈𝒈,𝒉𝒉,𝒊𝒊) and the simulated feature measurements (𝒇𝒇𝒈𝒈,𝒉𝒉,𝒊𝒊,𝒋𝒋,𝒌𝒌,𝒍𝒍,𝒎𝒎)  
for 4 unique VOI sizes (244, 579, 1000, 1953 mm3). Simulated feature measurements 
(𝒇𝒇𝒈𝒈,𝒉𝒉,𝒊𝒊,𝒋𝒋,𝒌𝒌,𝒍𝒍,𝒎𝒎) represent an average of all 1188 imaging scenarios. Ground truth and 
simulated feature variability for some texture features seem to vary arbitrarily. 

 

Table 8 shows the minimum, maximum, mean, and median PRD and variability 

(σ) values for each VOI size across all features. The maximum PRD increased sharply with 

larger VOI sizes, however, the mean and median PRD increased moderately, while the 

mean and median variability (σ) increased slightly for all phantoms. 



 

109 

Table 8. Textures A-C: List of PRD and variability (σ) in terms of minimum, 
maximum, mean, and median values for each VOI across all features. PRD range was 
directly proportional to VOI size. 

  Percent Relative Difference (%)  Variability (%) 

 VOI size 
(mm3) Min Max Mean Median   Min Max Mean Median 

Texture A 

244 -90.1 882.3 27.1 12.5  2.4 194.1 23.2 18.4 

579 -92.7 1029.0 41.5 16.6  2.0 211.2 25.3 18.8 

1000 -95.0 1099.1 52.3 18.9  1.8 220.4 27.3 18.9 

1953 -96.6 1219.7 67.1 20.3  1.3 241.2 31.7 19.6 

Texture B 

244 -88.4 855.6 24.7 15.4  2.6 206.8 24.4 19.4 

579 -93.5 960.2 35.6 19.0  2.2 218.9 25.4 18.9 

1000 -95.5 1006.3 43.5 20.9  1.8 217.6 26.7 18.6 

1953 -96.9 1099.2 54.9 21.5  1.3 222.3 27.9 17.3 

Texture C 

244 -88.4 747.7 18.6 13.5  2.4 194.1 23.2 18.4 

579 -93.5 813.9 25.2 18.5  2.0 211.2 25.3 18.8 

1000 -95.5 859.8 30.9 20.3  1.8 220.4 27.3 18.9 

1953 -96.9 910.8 37.7 21.1  1.3 241.2 31.7 19.6 

 

4.4 Discussion 

 This study assessed the impact of CT imaging conditions on texture feature 

measurement over a total of 1188 simulated imaging conditions. In comparing 21 

statistical texture features between three ground truth phantoms (𝑇𝑇𝑔𝑔,ℎ,𝑖𝑖), and their 

corresponding blur and noise simulations (𝐶𝐶𝑔𝑔,ℎ,𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑙𝑙,𝑚𝑚), the PRD ranged widely from -97% 

to 1220%, with an underlying variability (σ) of up to 241%. It was found that on average 

PRD and σ decreased with increasing slice thickness by 12.1% and 2.1%, increasing in-

plane pixel size by 13.1% and 2%, respectively. PRD and σ increased with dose slightly by 

2.4% and 0.6%, respectively. The dynamic range of the results indicate that image 

acquisition and reconstruction conditions (i.e., in-plane pixel sizes, slice thicknesses, dose 
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levels, and reconstruction kernels) can lead into substantial bias and variability in texture 

feature measurements. PRD exhibited an increasing trend as VOI size increased for 13 out 

of 21 features, while a decreasing trend was noted for 6 others, and 2 remained relatively 

unchanged (<3%). The VOI size assessment of the 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡 and 𝐶𝐶𝐶𝐶𝐶𝐶𝑓𝑓 show that acquisition 

and reconstruction conditions coupled with segmentation could have a considerable 

impact on texture feature measurement. The rare overlap between 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡 and 𝐶𝐶𝐶𝐶𝐶𝐶𝑓𝑓 

suggests that the ground truth texture is subject to perturbation by the sfermentioned 

factors. The simulated results showed that variability can range from 1.3% to 241.2%. A 

variability measure of 241.2% indicated a considerable change in feature measurement 

from one imaging condition to another. Although most σ results were approximately 26%, 

this suggests that there is a correlation between acquisition and reconstruction settings 

and changes in feature measurements with respect to the ground truth. This type of 

change can have major implications on the fidelity of feature use in disease classification 

and prognostics. In this regard, this study shows that features such as GLN, Texture 

Entropy, Sum Average and Homogeneity, their clinical relevance withstanding, show most 

promise for serving as predictive indicators since they present low susceptibility to 

reconstruction kernel effects on the PRD and they expression relatively small variability 

(σ) across imaging conditions. 

     By design, VOI sizes served as an analog to 3D segmentation of various 

volumes of interest. It was assumed that a larger VOI size would result in less bias 
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between the ground truth and blurred and noisy versions of the images. Instead, smaller 

VOI sizes produced less biased results. This can potentially be attributed to the local 

region over which a textured cluster occupied in the phantom. For example, the sizes of 

clustered material in the textured phantom A is larger than C. As such, under exact 

conditions, the mean PRD change across each texture phantom from 39% to 18%. For the 

VOI sizes used, the changes in feature measurements in phantom A were twice as large 

as those in phantom C. This result agrees with Zhao et. al.’s (Zhao et al., 2016) findings 

and emphasizes the impact of segmentation on texture feature estimation. 

     In prior scholarship, it has been shown that texture calculation is subject to a 

host of variable factors. Similar to the results presented in this study, tumor segmentation 

is often subject to inter-observer variability (Louie et al., 2010), lesion morphometry 

impacts texture estimation due to the dynamic range of pixel intensities and the number 

of voxels occupied by the lesion (Bashir et al., 2016), texture calculations can be variable 

even under identical test-retest conditions (Fried et al., 2014, Mayerhoefer et al., 2009), in-

plane pixel size, slice thickness (Shafiq-ul-Hassan et al., 2017) and reconstruction kernels 

(Zhao et al., 2016) can impact feature calculations. These inter-related sources of variation 

should be fully understood before texture features are legitimately considered for use as 

a clinical tool. 

Several phantom studies have been developed to investigate variability in texture 

feature measurement (Ger et al., 2018, Zhao et al., 2014, Shafiq-ul-Hassan et al., 2017). 
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While physical phantoms are useful, they provide limited realism and anatomical 

complexity. Further, patient biological ground truth is often masked by image acquisition 

and reconstruction effects. Due to the inter-connected nature of factors (i.e., segmentation 

size and algorithm, in-plane pixel size, slice thickness, dose and reconstruction algorithm) 

that can potentially influence texture feature estimation, a systematic evaluation approach 

is necessary to appropriately investigate their individual impact. Hence, by simulating a 

set of patient-informed texture realizations, in this study, the influence of the imaging 

system on texture features was evaluated in terms of PRD and variability. An important 

aspect of this work involved systematically developing an understanding of how the 

imaging system affects one’s ability to discern tumor biological truth versus CT 

acquisition and reconstruction influenced features. This study provides a generalized 

underpinning to apprise evaluation of texture feature analysis through (1) large protocol 

sampling (1188 conditions), (2) knowledge of ground truth, and (3) patient-informed 

textured phantoms. 

A utility of this study is that by assessing the impact of image acquisition settings, 

reconstruction software, and local segmented regions on quantitative texture features, one 

could inform how such feature measurements should be properly interpreted and 

utilized. Such indications may be useful for future texture feature quantification in clinical 

data. For example, given a specific set of imaging conditions, it may be possible to predict 

the true internal heterogeneity of a lesion and use that information to better relate 



 

113 

biological truth to clinical outcomes. Moreover, these results can be used to shape patient 

imaging protocol best practices for texture assessment.  

     These results provide an initial look at the predictive potential of texture 

features, given a series of conditions underlying them. They can offer a best-case scenario 

for feature interpretation. For example, if two features are correlated, then the least 

variable and/or least biased feature may be used in radiomics predictive models. Perhaps, 

they can be used to inform best practices for prospectively acquiring images for 

quantitative radiomics studies. 

This study is limited by the use of only three computational texture phantoms. 

Future studies will seek to characterize the PRD and variability on a population of 

synthesized phantoms that model texture in multiple anatomical regions. Also, the 

measured TTF and NPS do not fully represent the exact transfer properties of the CT 

system. However, they serve as close substitutes for simulation purposes. Lastly, the 21 

texture features used in this study are only a subset of radiomics features that have the 

potential to provide clinical value. Future studies will expand the set of texture features. 

4.5 Conclusion 

This work delivers a first step in evaluating the potential impact that a CT system’s 

acquisition and reconstruction can have on statistical texture feature measurements. By 

emulating a system’s noise and resolution properties, the bias and variability associated 

with multiple VOIs, slice thicknesses, in-plane pixel sizes, dose levels, and reconstruction 
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kernels could potentially be projected. Results suggest that the imaging system’s 

acquisition and reconstruction settings can substantially impact texture feature 

calculations. This study identifies factors that could potentially contribute to variations in 

texture feature measurements. 

5. Interchangeability Study 
The study described below represents a manuscript under the title 

“Interchangeability Between Real and 3D Simulated Lung Tumors in CT: an Inter-

algorithm Volumetry Study” that is under review for publication. Therefore, the figures, 

tables and much of the text below are reproduced from that manuscript. 

5.1 Introduction 

Quantitative CT is gaining utility in clinical decision-making. Extraction of 3D 

tumor size characteristics has been shown to be a useful biomarker for disease diagnosis 

and treatment, and serves an equally important role in determining response to therapy 

(Therasse et al., 2000, Gietema et al., 2007). Quantitative assessments of tumor attribute 

can be impacted by the imaging system and image acquisition protocols (de Hoop et al., 

2009, Zhao et al., 2009b). This impact is best investigated by clinical trials. However, these 

trials are often unfeasible and prohibitively expensive, while at the same time ground 

truth is often unknown. An alternative to clinical trials is to use hybrid datasets, in which 

simulated tumors are digitally inserted into actual patient CT images. This approach is 

more practical, less expensive, and offers the advantage of known ground truth. Hybrid 
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datasets can offer a viable alternative to answer a range of clinically-relevant research 

questions (Chen et al., 2015b, Li et al., 2014b, Samei et al., 1997, Rubin et al., 2014, Solomon 

et al., 2015a, Sisternes et al., 2015) including eye tracking and decision-making processes 

in radiologist’s detection of lung nodules (Rubin et al., 2014), task-specific image quality 

and detection of liver tumors (Solomon et al., 2015a), and validation of breast mass 

simulation algorithms (Sisternes et al., 2015).  

While simulated lesions have proven useful for many applications, their utility for 

quantification of tumor volume needs to be established and further verified against real 

lesions. Towards that goal, a prior study ascertained whether simulated tumors could 

serve as surrogates to real tumors in the context of a physical thoracic phantom (Robins 

et al., 2017b). Two image-based insertion methods and one projection-based insertion 

method (Pezeshk et al., 2014, Pezeshk et al., 2015b) simulated simple geometrical lesions 

which were also physically implanted inside the thoracic phantom as the gold standard. 

Volumes of the inserted lesions, ascertained by a reader, were found to closely match the 

gold standard. While promising, however, this validation study did not offer the 

complexity of clinical thoracic backgrounds and lesions, and did not incorporated the 

variability introduced by the readers and the segmentation algorithms.  

The purpose of this study was to validate similarity between real and simulated 

lung tumors in the context of anthropomorphic tumors inserted into clinical patient data, 

taking into consideration variability associated with readers and commercial 
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segmentation algorithms. From the three insertion techniques used in the prior study, 

(Robins et al., 2017b) only the one feasible for tumor insertion into clinical datasets was 

deployed (Technique B).  Volumetric likeness was assessed by creating 3D models of real 

tumors and digitally inserting them into the patient CT images containing the real tumors. 

Four independent readers then deployed three segmentation algorithms to measure 

tumor volumes. Similarities between real and simulated tumors were determined based 

on their absolute difference, repeatability, and deviation from consensus. The volumetric 

comparison of hybrid datasets was used to establish the interchangeability between real 

and simulated tumors.  

5.2 Materials and Methods 

5.2.1 Image Data 

Patient image data were taken from the Reference Image Database to Evaluate 

Therapy Response (RIDER) dataset (Memorial Sloan Kettering Cancer Center) (Zhao et 

al., 2009a). This dataset originally consisted of 32 pairs of lung CT scans of patients with 

advanced lung cancer, acquired in a test-retest format. Patient images were acquired using 

a 16-detector row CT (Lightspeed 16; GE Healthcare, Milwaukee, Wisconsin) or 64 

detector row CT (VCT; GE Healthcare). The scans were acquired using standard chest 

techniques given in Table 9. 
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Table 9. Thoracic CT protocol parameters used for GE Lightspeed 16 and VCT imaging 
systems. 

CT System kVp mA Exposure Time (s) Detector 
Collimation (mm) 

Pitch 

Lightspeed 16 120 299-441 0.5 – 0.65 16 x 1.25 1.375 
VCT 120 298-351 0.5 – 0.65 64 x 0.63 0.975 

 

Subjects were imaged during a single breath hold without the use of intravenous 

contrast agents. Images were reconstructed with 1.25 mm slice thickness (no overlaps or 

gaps) with filtered back projection, using a lung convolution kernel. Of the 32 cases 

available in the original database, 30 were included in this study (two cases were deemed 

unfit for modeling due to the inability to confidently discern the tumor). These 30 cases 

each contained at least one pathologically confirmed malignant tumor (non-small cell 

lung cancer). One tumor per subject was selected for modeling, most of which were 

primary lung tumors (Buckler et al., 2015). Tumors were either isolated, or had various 

degrees of attachment to the pleura, mediastinum, or vascular structures (see Figure 33). 

In addition, some tumors were well-circumscribed while others had complex spiculated 

geometries. The tumor volumes ranged from 0.764 to 136.4 cm3.  
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Figure 33. Patient images from the RIDER dataset. Examples (a) – (d) show tumors 
with various degrees of attachment to lung structures. Tumors were either (a) isolated, or 
attached to the (b) mediastinum, (c) vascular structures or the (d) pleura. 

 

5.2.2 Tumor Segmentation 

Tumors were segmented using an open-source segmentation software package 

(Seg3D, Center for Integrative Biomedical Computing, University of Utah, Salt Lake City, 

UT). Thirty tumors were segmented in consultation with an experienced chest radiologist. 

The edges of each tumor were identified using a series of built-in tools and algorithms 

(e.g., threshold, connected components, dilate-erode, and Boolean functions). Variability 

in segmentation was minimized by using these systematic tools as opposed to manual 

contouring. Binary segmentation masks were then exported and used to create CT data 
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volumes of interest (VOIs), from which tumor models were simulated. The tumor 

segmentation, modeling and insertion scheme is depicted in Figure 34. 

 

Figure 34. Flow chart depicting the multi-step process for developing hybrid datasets. 
Real tumors are segmented from reconstructed CT data. Their size and shape are modeled, and 
virtually inserted into the original CT data. 

 

5.2.3 Tumor Modeling 

The binary segmentation masks along with the VOIs were fed into a previously 

developed and validated tool (Duke Lesion Tool, Duke University) to generate 

computational tumor models corresponding to each real tumor. To enable mathematical 

tumor model development, Duke Lesion Tool is outfitted with an iterative fitting routine 

described by Solomon and Samei (Solomon and Samei, 2014). Due to the complexity of 

many tumors, the goal was not to achieve an exact match between real tumors and their 

corresponding simulations, but rather to develop simulated tumors that were reasonably 

similar in size and shape. 
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5.2.4 Creating Hybrid Datasets 

Each simulated tumor was manually inserted in the image domain in duplicate 

into the patient image at locations that were similar to the immediate environment of its 

corresponding real tumor. For example, if the real tumor was attached to the left chest 

wall, the corresponding tumor model duplicates were inserted such that they were 

attached to the left chest wall in a similar fashion. The simulated tumors were inserted via 

a previously validated 3D image domain insertion Technique B (Robins et al., 2017b) (see 

Figure 35). As a result, each hybrid patient case contained one real tumor and two 

virtually inserted tumors. The volumes of simulated tumors were approximately 

equivalent to those of real tumors. An experienced radiologist inspected all inserted 

tumors for similarity in tumor appearance and attachment type. 

 

 

Figure 35. Image of a virtually inserted tumor with pleural attachment performed via 
image domain insertion. 
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5.2.5 Volume Estimation 

For each tumor (real and simulated), volumes were estimated by four independent 

readers in a fully crossed study approach. Each reader provided volume estimations for 

each tumor based on three commercial segmentation tools (iNtuition, TeraRecon, Inc., 

Foster City, CA, Syngo.via, Siemens Healthcare, Germany, and IntelliSpace, Philips 

Healthcare, Andover, MA) (Figure 36). This led to 1080 volume measurements ([30 real 

tumors + 60 simulated tumors] x 4 readers x 3 segmentation tools). Table 10 provides an 

outline of the tumor shape and attachment classifications. The aforementioned software 

packages included semi-automated algorithms with the option for post-segmentation 

manual correction. Each segmentation tool provided readers with options to measure 

tumor size via single click (automated), region growing, or manual ROI. Readers used 

these basic algorithms supplied by the segmentation tools for volume estimation. All 

readers had basic prior experience with image segmentation ranging from minimal (< 6 

months) to moderate (~2 years).  

Table 10. Stratification of all real tumors in terms of shape and attachment. Some 
tumors had multiple types of attachment. 

Shape Attachment 

Spiculated 
Well-

circumscribed Isolated Pleura Mediastinum Vasculature 
16 14 6 13 5 9 
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Figure 36. Each reader performed volume estimations using all three semi-automated 
commercial volume estimation tools: (1) iNtuition (TeraRecon, Inc., Foster City, CA), (2) 
Syngo.via (Siemens Healthcare, Germany), and (3) Intellispace (Philips Healthcare, Andover, 
MA). 

5.2.6. Statistical Methods 

Several statistical analyses were performed on the volume measurements to assess 

volumetric interchangeability between real and simulated tumors. These analyses 

included: (1) direct univariate comparison of real versus simulated tumor volumes in 

terms of overall trends and variability, (2) multivariate statistical modeling to assess how 

various factors (reader, segmentation tool, tumor shape/attachment, and real vs 

simulated) affected measured tumor volumes, and (3) assessment of how the local tumor 

environment affected segmentation precision. These results were anonymized with 

respect to segmentation tools and readers. 

5.2.6.1 Volume Comparison 

For the 1080 readings in this study, a univariate analysis was done to directly 

compare the correlation of measured volumes between simulated and real tumors. 

(1) iNtuition                  (2) Syngo.via          (3) Intellispace 
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Volume measurements were log transformed and a linear fit was used to estimate the 

intra-class correlation coefficient (ICC) between real and corresponding simulated tumors 

(as measured by a given reader with a given tool). Additionally, variability was compared 

between real and simulated tumors by calculating the standard deviation (SD) of volume 

measurements across readers and tools for each case (30 real and 30 simulated tumors).  

5.2.6.2 Multi-variate Analysis 

A multi-variate analysis using the restricted maximum likelihood method (REML) 

was applied to all tumors. To determine the degree of similarity between real and 

simulated tumors, several sub-analyses were performed that incorporated conditions 

relevant to the study (i.e., segmentation tools, readers, tumor shape, and degree of 

attachment). To achieve this, the mixed effects model (Eqn. 1) was fit to data (nlme R 

computing package version 3.1-131) (Pinheiro et al., 2007). The model was of the form 

  (5.2.6.2.a) 

where Vijkl is tumor volume measured by the i-th reader (i = 1,..., I = 4) for the j-th 

case (j = 1,…, J = 30) of the k-th type (k1 = real or k2 = simulated) with the l-th segmentation 

tool (l = 1,…, L=3).  The model approximates this measured volume in terms of a baseline 

tumor volume µ, which represents an isolated, well-circumscribed, real tumor, visualized 

using segmentation tool B, and read by the reader with least experience. Each term in Eqn. 

1 belongs to one of three effects categories (i.e., random effects, fixed effects or interaction 

𝑙𝑙𝑙𝑙𝑇𝑇�𝐶𝐶𝑖𝑖𝑗𝑗𝐷𝐷𝑙𝑙 � = 𝜇𝜇 + 𝑎𝑎𝑖𝑖 + 𝑎𝑎𝑗𝑗 + 𝐷𝐷2 + 𝑃𝑃𝐸𝐸𝑎𝑎𝑖𝑖 + 𝑔𝑔𝑠𝑠𝑇𝑇𝑙𝑙 + 𝑔𝑔ℎ𝑗𝑗 + 𝐴𝐴𝐶𝐶𝐶𝐶𝑗𝑗     

+𝑃𝑃𝐸𝐸𝑎𝑎𝑖𝑖𝐷𝐷2 + 𝑔𝑔𝑠𝑠𝑇𝑇𝑙𝑙𝐷𝐷2 + 𝑔𝑔ℎ𝑗𝑗𝐷𝐷 2 + 𝐴𝐴𝐶𝐶𝐶𝐶𝑗𝑗𝐷𝐷 2 + 𝜖𝜖𝑖𝑖𝑗𝑗𝐷𝐷𝑙𝑙  
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terms). Random effects, which assume that individual effects are subject-specific, were 

modeled for reader bi, and case cj. Both terms were assumed to have an independent zero-

mean Gaussian distribution with SD σr and σc, respectively. Fixed effects refer to the 

population average of each condition, while holding all others constant. Fixed effects for 

reader experience (moderate), tumor type (simulated), type of segmentation (tools A or 

B), shape (spiculated), and attachment (mediastinal, pleural, or vascular) were evaluated. 

Fixed effects terms were simulated (𝐷𝐷2), experience (Exp), segmentation tool (Seg), shape 

(Sh), and attachment (Att). In addition, the model included interaction terms that 

represent the effect of each experimental condition on simulated tumors. For example, 

𝑃𝑃𝐸𝐸𝑎𝑎𝑖𝑖𝑘𝑘2 represents the interaction between the experience level of reader i and the 

simulated tumor type 𝐷𝐷2. Finally, 𝜖𝜖𝑖𝑖𝑗𝑗𝑘𝑘𝑙𝑙 is the measurement error that was assumed to have 

a zero-mean Gaussian distribution with SD σe independent of random effects. 

5.2.6.3 Location Repeatability Analysis 

The local environment of the tumor can have an impact on volume estimation. In 

this study, identical copies of the same simulated tumor (m1 and m2) were inserted into 

two distinct locations in each patient case. This made it possible to investigate the impact 

of the local environment on the measurement of tumor volumes. This was done by 

analyzing the precision of the volume measurements across the same tumors at different 

locations. The intra-tumor precision was determined by estimating the percent 

repeatability coefficient (PRC) (Barnhart and Barboriak, 2009). The PRC for the i-th reader, 
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j-th tumor and l-th segmentation tool is a function of the within mean square �𝑊𝑊𝑀𝑀𝑔𝑔𝑖𝑖𝑗𝑗𝑙𝑙� 

and repeatability coefficient (𝜎𝜎𝐶𝐶𝑖𝑖𝑘𝑘𝑙𝑙) defined as 

𝑊𝑊𝑀𝑀𝑔𝑔𝑖𝑖𝑗𝑗𝑙𝑙𝑤𝑤𝑖𝑖𝑡𝑡ℎ𝑖𝑖𝑛𝑛−𝑡𝑡𝑡𝑡𝑚𝑚𝑡𝑡𝑡𝑡 =  � � log (𝐶𝐶𝑖𝑖𝑗𝑗𝑙𝑙𝑚𝑚)  − 𝑙𝑙𝑙𝑙𝑇𝑇 (𝐶𝐶𝑖𝑖𝑗𝑗𝑙𝑙)�
22

𝑚𝑚=1
 ,               (5.2.6.3.a) 

𝜎𝜎𝚤𝚤𝚤𝚤𝑙𝑙� =  �𝑊𝑊𝑀𝑀𝑔𝑔𝑖𝑖𝑗𝑗𝑙𝑙𝑤𝑤𝑖𝑖𝑡𝑡ℎ𝑖𝑖𝑛𝑛−𝑡𝑡𝑡𝑡𝑚𝑚𝑡𝑡𝑡𝑡,                     (5.2.6.3.b) 

𝜎𝜎𝐶𝐶𝑖𝑖𝑘𝑘𝑙𝑙 = 1.96�2𝜎𝜎𝚤𝚤𝚤𝚤𝑙𝑙�
2 = 2.77𝜎𝜎𝚤𝚤𝚤𝚤𝑙𝑙�     , and                (5.2.6.3.c) 

𝜎𝜎𝜎𝜎𝐶𝐶𝑖𝑖𝑘𝑘𝑙𝑙 =  (𝑠𝑠𝐸𝐸𝑎𝑎(𝜎𝜎𝐶𝐶𝑖𝑖𝑘𝑘𝑙𝑙)− 1)  × 100%        .                  (5.2.6.3.d) 

 

PRC represents the expected variation for 95% of tumor duplicates for all readers 

and tools. A smaller PRC implies that the insertion location had a smaller impact on 

volume measurement.  

5.3 Results 

5.3.1 Volume Comparison 

Figure 37 shows the relative volume comparison between real and simulated 

tumors. 1080 data points show the collective volume measures for four readers using three 

segmentation tools. Simulated tumor volume measurements are largely well-centered on 

the x = y line, indicating strong agreement between simulated tumors and their 

corresponding real tumors. A linear regression of these data points shows that there is a 
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5% difference between real and simulated tumors, suggesting that simulated tumors 

closely mimic real tumor volumetry. ICC of 0.99 calculated across all cases, readers, and 

segmentation tools, indicate that simulated tumors correlate strongly with real tumors.   

 

 

Figure 37. Log-log plot shows the volume comparison between real and simulated 
tumors. Each point represents a single case (i.e., both real and simulated tumor volume 
measurements). 1080 data points represent volume measures for 4 readers using 3 segmentation 
tools yielding a 9% difference between real and simulated tumors.  

 

The average measurements for each case (real and simulated) across 4 readers and 

3 tools in figure 38 depicts the observed trend with tumor measurement variability 

relative to the associated tumor size for real and simulated tumors. As tumor size 
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increased, the variability in tumor measurement increased for both real and simulated 

tumors. As indicated by error bars, on average, real tumors had greater measurement 

variability, while simulated tumor measurement variability changed comparably with 

real tumor variability. Figure 39 explicitly depicts this strong correlation (0.83), 

demonstrating that the variability observed in simulated tumors is proportional to the 

variability observed in the real tumors upon which the simulated tumors were based. The 

overall variability was 10% in simulated tumor measures relative to real tumors. This 

systematic difference in variability was consistent across all tumors of varying size, edge 

type, and attachment condition.  



 

128 

 

Figure 38. Plot provides size-based depiction of measurement variability between real 
and simulated tumors. Simulated tumor measurement variability changed proportionally with 
real tumors. 
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Figure 39. Log-log plot shows measurement variability (SD) between real and 
simulated tumors. Each point represents a single case of both real and simulated tumor 
variability yielding a 10% difference between real and simulated tumor variability with a 
correlation coefficient of 0.83. 

 

5.3.2 Multi-variate Analysis 

Table 11 lists the multi-variate analysis results for the effect of shape, attachment, 

and segmentation tool on tumor volume measurement. It describes how each factor 

affected tumor volume, relative to the baseline condition (isolated, well-circumscribed, 

real tumor visualized using segmentation tool B and reader 1). There was no significant 

difference between volume measurements of real vs. simulated tumors (p-value = 0.95), 

nor was there a significant effect from segmentation tools (p-values of 0.13 and 0.72 for 
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tools A and C, respectively). In addition, there was no significant interaction effect 

between simulated tumors and tumor shape (p-value = 0.99). So, segmentation tools 

exhibited similar volume measurement response with simulated tumors (spiculated and 

well-circumscribed) as they did with real tumors. The experience level of readers affected 

measurement accuracy. Moderately-experienced readers generated smaller volume 

measurements for simulated tumors (p-value = 0.03) than real. However, inter-reader 

variability (σr = 0.03), as well as inter-tool variability (σt = 0.03), each were relatively small 

compared to measurement error (σe = 0.18).   
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Table 11. Multi-variate analysis results showing the relative relationship of each 
term with respect to the Baseline. Quantities were log-transformed before statistical 
analysis.  

 

 

Term 

Difference in 
volume 

measurement 
(relative to 
baseline) 

Std. 
Error t-value p-value 

Baseline  10.45 0.38 27.78 --- 
Tool A -0.03 0.02 -1.51 0.13 
Tool C -0.01 0.02 -0.36 0.72 

 

Shape -0.07 0.28 -0.26 0.79 
Exp. moderate 0.13 0.03 4.08 <0.001 
MA 0.19 0.43 0.44 0.66 
PA 0.45 0.35 1.28 0.2 
VA -0.04 0.41 -0.11 0.91 
Simulated 0.03 0.53 0.06 0.95 

 

Exp. moderate: 
 

-0.07 0.02 -3.52 <0.001 
Seg. Tool A: Simulated -0.01 0.02 -0.23 0.82 
Seg. Tool C: Simulated -0.01 0.02 -0.6 0.55 
Shape: Simulated -0.01 0.4 -0.01 0.99 
MA: Simulated -0.04 0.61 -0.07 0.94 
PA: Simulated -0.07 0.5 -0.15 0.88 
VA: Simulated -0.05 0.58 -0.09 0.93 

 

5.3.3 Location Repeatability Analysis 

Intra-tumor variations between identical copies of simulated tumors (inserted at 

different locations) were compared by tool and reader in Table 12. Across all tools and 

readers, the average PRC was 7%. Table 12 shows that the range of PRC values was 4.1% 

and 1.7% across reader-based and tool-based measurement comparisons, respectively. 

In
te

ra
ct

io
n 

Te
rm

s 
Fi

xe
d 

 
Ef

fe
ct

s 



 

132 

This implies that PRC was affected more by readers than tools. Tool B had the smallest 

overall PRC, indicating that it was least likely to be influenced by the local tumor 

environment.  

Table 12. Results for PRC between corresponding copies of simulated tumors digitally-
inserted into the same dataset at different locations. PRC proportionally indicates the impact of 
insertion location on tumor volume measurement. 

Term Tool A 

 

 

 

Tool B Tool C All Tools 

Reader 1 (%) 5.6 5.3 7.0 6.0 

Reader 2 (%) 9.5 9.6 9.7 9.6 

Reader 3 (%) 7.6 4.0 9.3 7.0 

Reader 4 (%) 6.5 5.1 5.0 5.5 

All Readers (%) 7.3 6.0 7.7 7.0 

 

5.4 Discussion 

Early detection and classification of lung tumors through lung CT screening has 

been shown to reduce lung cancer mortality (Humphrey et al., 2013, Saghir et al., 2012), 

which is a leading cause of cancer-related deaths worldwide (Siegel et al., 2014). Lung 

screening exams have been widely adopted by major medical bodies including the 

American College of Radiology, Fleischner Society, American Cancer Society, and 

American Lung Association (Wender et al., 2013, Team, 2013, MacMahon et al., 2017, 

2013). In addition, official policies to advance lung CT screening have been approved by 

the American College of Chest Physicians, American Thoracic Society, Center for 

Medicare & Medicaid Services, and U.S. Preventative Services Task Force (Wiener et al., 
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2015). Furthermore, the FDA has given special clearance to a series of CT systems for lung 

cancer screening (Young et al., 2015, 2016). These official endorsements, as well as 

increasing patient and physician interest in lung CT screening, have driven higher 

demand for accurate tumor measurement and classification. To meet this demand, and to 

maximize the potential impact on patient outcome, tumor measurement and classification 

must be precisely performed and optimized. For this reason, Lung-RADSTM and the 

Fleischner Society have provided guidelines to direct physician decision-making. 

We previously demonstrated an initial validation showing that simulated datasets 

can closely mimic real datasets in the context of an anthropomorphic phantom (Robins et 

al., 2017b). A comparison of Techniques A and B relative to Technique C was shown to be 

comparable to the previously developed insertion Technique C. Volumetric similarity 

between Techniques A, B, and C differed from the ground truth phantom measurements 

by less than 3%. In addition, lesion shape deformation assessment using 3D Hausdorff 

distance measurements showed that simulated lesions (Techniques A, B, and C) were 5% 

different from CT-derived phantom lesions. While these results were promising, the study 

was only performed using a phantom with overly simplified lesions and backgrounds. In 

addition, it only involved a single reader and a single segmentation algorithm. This study 

sought to address these limitations using real backgrounds, anthropomorphic tumors, 

and multiple segmentation algorithms and readers. From the prior insertion methods, the 

projection-based method (Technique A) was not useable as the projection data from the 
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clinical cases were not available. Technique C also could not accommodate potential 

overlapping anatomical backgrounds. Thus, the study was conducted using Technique B 

which offers maximum feasibility for broad applications. 

Although there was no perfect match between real and simulated tumors, they 

realistically mimicked the characteristics of real tumors in vivo in terms of attachment and 

shape. Therefore, we sought to determine if simulated tumors were statistically similar to 

real tumors when replicating real tumor environment conditions. Simulated and real 

tumor volume measurements were highly similar across all tools and readers, with ICC 

of 0.99. This indicated that simulated and real tumor volumetry were comparable. In a 

prior phantom study, measured volumes of simulated tumors were shown to be similar 

to those of synthetic tumors with less than 3% volumetric difference (Robins, 2016). We 

observed a similar pattern of small volume difference between real and simulated lung 

tumors.  

For each tool, simulated and real tumor volumes trended in the same way, 

suggesting volumetric interchangeability.  Similarity between the real and simulated 

tumor volume estimation trends within each tool was evident, despite the heterogeneity 

of the 30 cases in terms of tumor size, shape, and type of attachment. Moreover, there were 

no statistically significant differences between real and simulated tumors when 

considering shape, or attachment (Table 11). For example, shape-based comparison of real 

and simulated tumors showed that their volume measurements were decidedly similar 
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(p-value = 0.79). When considered across all tools, comparison between real and simulated 

tumors showed that there was no statistically significant difference (p-value = 0.95). In 

Figure 38, measurement of real and simulated tumor volumes across all volume 

estimation tools showed considerable overlap. Furthermore, for any given tool, results 

showed that the difference between real vs. simulated tumor volume measurements was 

less than 9%. Essentially, volume estimation tool results showed strong similarity in 

volume measurement between real and simulated tumors. Similarly, comparison of 

variability in tumor measurement indicated a good correlation (0.83) between real and 

simulated tumors. Real tumor measurements however, had a larger dynamic range across 

readers, generally reflecting greater variation relative to simulated tumors (10%) in terms 

of volume SD. Continued adjustments to the tumor simulation model are being pursued 

to minimize these differences. 

Many factors can influence the accuracy and efficiency of pulmonary tumor 

segmentation. Chen et al., Young et al., and Xie et al. have pointed out that volume 

measurement can be affected by a host of primary image acquisition factors, including 

slice thickness and reconstruction kernel (Chen et al., 2013, Young et al., 2015, Xie et al., 

2013b). Tumor measurement can also be affected secondarily by reader variability and 

segmentation algorithms (de Hoop et al., 2009, Zhao et al., 2009b, Han et al., 2017). Since 

we did not acquire the source images for the RIDER dataset, we will only consider these 

potential secondary factors. Firstly, the extent of manual editing of semi-automated 
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volume estimations was not constrained. In all measurements, segmentation was initiated 

by a single click. Overall, readers preferred the automatic single click segmentation, but 

reported that each segmentation tool failed to adequately characterize many tumors on 

single click. Some tools initially captured < 50% of the tumor volume. Each tool required 

multiple manual adjustments after initial segmentation. This was followed by a manual 

correction in approximately 90% of cases. This could have contributed to the overall 

measurement variability. However, we permitted post-segmentation correction to 

optimize final volume estimates, particularly because of the large size of many tumors. 

As established in another study of patient cases segmented with semi-automated tools, 

manual correction substantially improved segmentation accuracy (de Hoop et al., 2009). 

In our study, simulated tumors were manually corrected in much the same way and in 

the same cases as real tumors. Secondly, the prior experience of readers was considered 

as a potential factor influencing measurement variability. Additionally, a considerable 

number of tumors (>52%) had irregular contours. While readers had various levels of 

experience performing segmentation tasks, some readers had limited experience in 

operating some segmentation tools used in this study. Tool C was found to be the most 

intuitive and easy to manipulate for readers. Also, readers indicated that both tools B and 

C provided the best edge characterization via manual adjustment.   

Tumor border discernment proved challenging for readers. Particularly, real 

tumors had greater boundary ambiguity due to a lack of pixel intensity distinction. When 
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tumors were attached to lung structures, this made the task of segmentation especially 

difficult and subjective. Readers had to rely on manual intermediation methods such as 

adjusting window and level settings to assist them in distinguishing between tumor and 

normal lung tissue. In such cases, the automatic tool functions failed to adequately 

characterize tumor boundaries autonomously. Conversely, some isolated tumors (i.e., 

tumors without any attachments) were segmented by single-clicks only.  

Differences in volume estimates between segmentation tools could be related to 

their unique algorithms. Since the segmentation tool internal functions were not 

disclosed, we treated them as black boxes. Inter-reader variability was trivial for both 

simulated and real tumors (σr = 0.03), and was relatively small compared to the 

measurement error (σe = 0.18). Moreover, the volumetry results for simulated tumors in 

this study were congruent with Wormanns et al.’s study which demonstrated that inter-

reader variability is almost negligible compared to the variability caused by other factors 

(Wormanns et al., 2004).  

The current study shares inherent limitations related to noise and resolution. Real 

tumors rendered in the CT data are not ideal for simulation purposes. Since the simulated 

tumors were modeled based on the real tumors, they were inherently detail-limited. To 

preserve as much detail as possible, we used a continuous function to fit the tumor models 

to the real tumors. During this process, the simulated tumors can potentially be subject to 

over smoothing and incur additional loss of detail. This could have contributed to reduced 
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variability in tumor edge depiction. In this regard, an alternative method to capture 

greater tumor detail would be micro-CT. The superior resolution of micro-CT can 

guarantee better edge detail for improved edge characterization and lesion modeling. 

Also, segmentation specific shape assessment was not possible since the commercial 

algorithms used did not permit the output of segmentation masks. Although exactly 

mimicking the real tumors was not our goal in this study, a challenge with mimicking real 

tumors occurs when there is significant tumor attachment to surrounding lung structures. 

This challenge is attributed to the fact that the modeling process does not extend beyond 

the tumor to its macro-environment. For this purpose, development of a tumor growth 

model to account for the dendritic rendering of scar tissue resulting from invasive tumors 

would be beneficial. Even so, quantitative assessments of tumor attributes are often 

impacted by technical limitations related to the imaging system and image acquisition 

protocols. Hybrid data can offer realistic image quality for many novel studies from the 

optimization of protocols, to assessment of segmentation algorithms across different 

imaging systems.  

5.5 Conclusion 

This study serves as a validation of statistical interchangeability between real and 

simulated tumors using a tumor modeling and virtual insertion approach. The results 

show that simulated tumors embedded in clinical patient images can quantitatively (i.e., 

volume and shape) be used as reasonable surrogates for patient CT datasets.  
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6. QIBA Challenge Study 
The study described below represents a manuscript under the title “Evaluation of 

simulated lesions as surrogates to clinical lesions for thoracic CT volumetry: the results 

of an international challenge” that is under review for publication. Therefore, the figures, 

tables and much of the text below are reproduced from that manuscript. 

6.1 Introduction 

Lung cancer is a leading cause of cancer-related mortality worldwide (Lozano et 

al., 2013, Molina et al., 2008), and the lung is a prominent site for cancer metastasis 

(Stewart et al., 2003, French, 2008). The Lung Screening Study (LSS) and National Lung 

Screening Trial (NLST) have shown that computed tomography (CT) is an effective 

method for early-stage lung cancer detection, which is correlated with improved patient 

survival (Humphrey et al., 2013). If a suspicious lesion is identified, its diagnosis, staging, 

treatment, and prognosis can be significantly aided by its segmentation and 

characterization in terms of shape and size (Thirion and Calmon, 1999) as prescribed by 

various guidelines, RECIST, Fleischner, LungRadsTM, and TNM Classification of 

Malignant Tumors, naming just a few (Eisenhauer et al., 2009, Goldstraw, 2009, Goldstraw 

et al., 2007, MacMahon et al., 2017, Radiology). Indeed, accurate and precise evaluation of 

lesion size, best captured in terms of volume, can facilitate effective treatment in early 

stages (Thirion, 1995, Thirion and Calmon, 1997), assessment of the effectiveness of 

therapy over time using lesion growth as a proven biomarker for response versus 
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progression (Jaffe, 2006, Mozley et al., 2010, Park et al., 2003), and clinical research and 

trials for new treatments. Therefore, accurate assessment of a tumor volume is vital to the 

assessment, application, and development of effective cancer therapeutics.  

The Quantitative Imaging Biomarker Alliance (QIBA) has defined conformance 

procedures and standards, embodied in a QIBA Profile for CT Tumor Volumetry for 

Advanced Disease, to achieve traceable accuracy in the estimation of tumor volumes via 

targeted performance for associated segmentation algorithms. The current QIBA 

standards are based on volume assessment studies using phantom and clinical test-retest 

datasets (Buckler et al., 2015, Tran et al., 2004, Petrick et al., 2014, McNitt-Gray et al., 2015, 

Athelogou et al., 2016). Phantoms, while providing ground truth, are over-simplified and 

lack biological variability. Clinical datasets are much more realistic but do not offer the 

ground truth volume of the tumors. For the task of assessing segmentation algorithm 

performance, meeting the dual goals of known ground truth and biological variability is 

essential. Hybrid datasets, created by virtually inserting simulated lesions into real patient 

CT datasets, can potentially meet these goals. They can provide study design flexibility at 

low cost with proven utility demonstrated in multiple prior studies (Robins et al., 2017b, 

Robins et al., 2017a). However, claiming equivalency of hybrid datasets to real clinical 

data, especially as a basis for a broad compliance standard, cannot be made if they are not 

compared across a wide range of segmentation algorithms. No prior study has tested 

hybrid dataset across a broad cohort of such algorithms.  
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The objective of this study was to assess the equivalence of hybrid datasets to 

datasets with native lesions across a large cohort of segmentations provided through an 

international challenge. Consistent with previous scholarship by QIBA, our study was 

designed to build on prior work concerning lesion size characterization and segmentation 

tool performance evaluation. For the purpose of this study, subset analysis across the 

algorithms is based on what we term “QIBA compliance”, which refers to establishing 

that the bias and precision estimates of the participants’ volume measurements fall within 

the QIBA CT Profile limits. The main goals of this study were 1) to assess bias and 

precision of volume estimation of different segmentation algorithms on physical and 

virtually-inserted lesions in phantoms, and 2) to assess equivalency of the simulated 

lesions for QIBA compliance purposes across phantom and clinical cases.  

6.2 Material and Methods 

The institutional review board was not necessary for this research since it was 

limited to (a) the collection and analysis of anthropomorphic phantom image sets and (b) 

publicly available, fully anonymized patient image sets. No human subjects were required 

or at risk. In this section, we describe the data development methods and statistical 

analyses used to conduct the study. Segmentation algorithm bias and precision were 

assessed, and equivalence between real and simulated lesions was ascertained based on 

participant submissions. To facilitate the comparisons of real and simulated lesions, a two-

pronged study design involving phantom and patient datasets was developed. 
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6.2.1 Phantom Data 

Phantom datasets consisted of CT image data of an anthropomorphic thorax 

phantom with a vascular lung insert (Lungman, Kyoto Kagaku, Kyoto, Japan), as shown 

in Figure 40 (a). Sixteen “physical” lesions were physically embedded in the vascular 

insert in a randomized manner. The lesions were independently manufactured by 

Computerized Imaging Reference Systems (CIRS, Norfolk, VA.) and supplied via the U.S. 

Food and Drug Administration. All lesions were solid, and their characteristic features 

were known Figure 40 (b). These lesions were of two sizes (8 mm and 10 mm), four shapes 

(spherical, elliptical, lobular and spiculated), and a single radio-density of 100 HU (Li et 

al., 2015). Table 13 gives a summary of 8 unique lesions, where each lesion also had an 

identical copy. Both copies were physically placed in the phantom. They were 

individually wrapped in low-density polystyrene foam to reduce the potential for 

vasculature or pleura attachment in the phantom. This was done to prevent any ambiguity 

in lesion edges during segmentation and volume estimation. Each physical lesion was 

accompanied by a corresponding 3D computer-aided design (CAD) definition, as shown 

in Figure 40 (c), that was instrumental in simulating imaging system rendering of physical 

lesions. 

Phantom data acquisition involved two scans, one with and one without lesions 

at a single dose setting. Scans were performed using a standard thoracic CT protocol with 

a commercial CT scanner (SOMATOM Definition Flash; Siemens, Healthcare GmbH, 
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Forchheim, Germany). Images were acquired at 120 kV, 1.0 pitch, 0.6 slice thickness, and 

22 mGy CTDIvol (652 mA). Phantom images were reconstructed at 0.6-mm slice thickness 

with 0.6-mm increments and 400-mm reconstructed field of view using the vendor-

provided filtered back-projection (FBP). A summary of the scan and reconstruction 

protocols is shown in Table 14. Raw image data were saved to enable projection-domain 

insertion of virtual lesions.  

 

Figure 40. (a) An anthropomorphic thoracic phantom with lung insert 
containing realistic pulmonary vessels. (b) Sample physical lesions attached to the lung 
insert via a polystyrene buffer. (c) 3D CAD lesions used to model the physical lesions. 
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Table 13. List of lesion characteristics 

      
Nominal 
Diameter 

(mm) 
Shape 

CIRS 
Volume 
(mm3) 

8, 10 spherical 280, 520 
8, 10 elliptical 280, 530 
8, 10 lobular 270, 530 
8, 10 spiculated 270, 530 

 

Table 14. Scan and reconstruction parameters 

    

Scanner Make and Model Siemens Somatom 
Definition Flash 

mA 652 
kVp 120 
Pitch 1 
Collimation (mm) 128 x 0.6 
Rotation time (sec) 0.5 
Reconstruction thickness (mm) 0.6 
Reconstruction kernel B31f 

 

6.2.1.1 Lesion Insertion 

All virtual insertions used lesion-free phantom images with pre-defined locations 

for lesion insertion. Three virtual insertion methods previously described in section 3.2 

were used: one projection-domain method (Technique A), and two image-domain 

methods (Techniques B and C). Partial-volume corrected lesions modeled by Techniques 

A and B were then as input to accommodate the imaging rendition process (see Figure 
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41). As previously indicated, using Technique C, the lesions were “blended” into the 

target volume on a slice-by-slice basis. All insertion methods are summarized in Figure 

42. 

 

Figure 41. Comparison of (a) registered and voxelized CAD lesions (b) CT 
images of physical lesions. 

 

 

Figure 42. Summary of lesion insertion methods: (a) Technique A: projection-
domain lesion insertion workflow, (b) Technique B: image-domain lesion insertion 
workflow using CAD lesions, (c) Technique C: image-domain lesion insertion 
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workflow using a lesion blending method. The reader is referred to refs. (Pezeshk et 
al., 2015b, Robins et al., 2017b) for a full description of all lesion insertion methods. 

 

6.2.2 Clinical Data 

Patient image data were taken from the Reference Image Database to Evaluate 

Therapy Response (RIDER) database (Memorial Sloan Kettering Cancer Center). This data 

was previously presented in section 5.2.1.  

6.2.2.1 Lesion Insertion 

From this phase of the study, only Technique B was used for lesion insertion; 

Technique A was precluded as the clinical cases did not have associated projection 

datasets, and Technique C could not be readily used for insertion into backgrounds with 

clinical heterogeneity.  

With the aid of an experienced radiologist, one tumor per subject was identified 

and segmented using an open-source segmentation software package (Seg3D, Center for 

Integrative Biomedical Computing, University of Utah, Salt Lake City, UT). Tumors 

ranged in size from 8 to 65 mm in average diameter. Binary segmentation masks were 

then fed into a previously developed and validated tool (Duke Lesion Tool, Duke 

University) outfitted with an iterative fitting routine (Solomon and Samei, 2014) to 

generate computational tumor models corresponding to each real tumor. This process is 

summarized in Figure 42. Tumor selection was guided by the QIBA Profile tumor 

measurability criteria of sufficient conspicuity and reasonable geometrical simplicity.  
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Four copies of the simulated tumors were inserted into CT data containing the 

corresponding real tumors. Of the simulated tumors, two (simulated lesions 1 and 2) were 

10 mm in nominal diameter, and two (simulated lesions 3 and 4) were approximately 

equivalent in volume to the real tumor (Figure 43). Subsequently, each patient image 

series contained one real and four virtually-inserted tumors. Where possible, simulated 

tumors were attached to vessel structures, the pleura, or the mediastinum to mimic that 

of real tumors.  

 

Figure 43. (a) Real tumor in patient CT image, (b) Segmentation mask overlay of 
patient tumor, (c) 3D tumor model derived from patient CT image, (d) Hybrid CT data 
containing a real patient image with a virtually-inserted tumor. 

6.2.3 Challenge Process 

Eight and sixteen groups from academia and industry participated in the phantom 

and clinical phases of a public challenge, respectively. Participants downloaded the CT 

image data and the accompanying lesion location files. The approximate lesion locations 

were defined. In all, participants were tasked with measuring the volumes of a total of 64 

lesions (4 datasets with 16 lesions per dataset) for phantom cases and 150 lesions (30 real 

+ 120 simulated) for clinical cases. Groups were permitted to use their fully- or semi-

automated segmentation tool of choice with the lesion identification scheme provided. 
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Some participants reported using convolution neural networks for lesion identification 

and volume estimation. Some participants submitted results with no post-segmentation 

modifications, some results requiring only minor modifications, and others reported 

making major post-segmentation adjustments. One group (Group F) provided results 

from two separate algorithms. Each group uploaded their results using an instance of the 

open source MedICI platform designed for this challenge. All communications were 

handled through the QIBA staff at the Radiological Society of North America (RSNA) to 

maintain the anonymity of participants. See the Appendix for a synopsis of participant 

algorithm descriptions. 

6.2.4 Statistical Methods 

Statistical analysis was performed to compare the bias, precision, and equivalence 

of volume estimation between virtually-inserted and real lesions. For the phantom 

dataset, the two co-primary objectives of the study were to test the null hypotheses that 

both bias and precision of virtually-inserted lesions are not equivalent to physically 

inserted lesions; the alternative hypothesis was that the bias and precision of virtually-

inserted lesions are equivalent. For phantom datasets (Techniques A, B, and C vs 

physical), bias equivalence was tested using Schuirmann’s two one-sided test (TOST) with 

an equivalence margin set at 5% (Schuirmann, 1987). We reasoned that 16 lesions (2 sizes 

and 4 shapes) in the phantom phase, and 30 real/120 simulated lesions in the clinical phase 
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with 10 different algorithms would provide 80% power (5% type-I error rate) assuming a 

high inter-method correlation of 0.9 and between-case CV <50%. 

 

Table 15. Percent Bias and repeatability coefficient (%RC) thresholds for QIBA 
compliance. 

% RC  Allowable Overall % Bias 
5% <6.6% 
6% <6.3% 
7% <6.1% 
8% <5.7% 
9% <5.3% 

10% <4.8% 
11% <4.3% 
12% <3.5% 
13% <2.6% 
14% <0.6% 

14.5% <0% 
 

Bias was defined as the mean difference between the simulated lesion volume and 

the true lesion volume (physical volume in phantom data or average volume for real 

lesion in clinical data) as lesion ground truth and physical or simulated lesions  

𝑃𝑃𝑖𝑖𝑗𝑗𝑘𝑘 =  �log (𝐶𝐶𝑖𝑖𝑗𝑗𝑘𝑘)  −  log (𝐶𝐶𝑗𝑗)� ,                     (6.2.4.a) 

𝑃𝑃� = 1
𝑑𝑑𝐼𝐼𝐼𝐼

� 𝑃𝑃𝑖𝑖𝑗𝑗𝑘𝑘  
𝑑𝑑𝐼𝐼𝐼𝐼

𝑖𝑖𝑗𝑗𝑘𝑘=1
, and       (6.2.4.b) 

%𝑃𝑃 =  �𝑠𝑠𝐸𝐸𝑎𝑎�𝑃𝑃�� − 1�  × 100% ,       (6.2.4.c) 

where Vj is the true lesion volume and Vijk is the simulated lesion volume 

measured by the i-th group (i = 1,..., I) for the j-th case (j = 1,…, J) with the lesion inserted 

by the k-th insertion method (k = 1,…, K).  Note, there were one physical and three virtual 
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insertion methods. Unlike the %bias calculated in the phantom phase, clinical phase %bias 

was calculated using the real lesion volume measurement as the ground truth and the 

corresponding average equivalent-sized lesion as the estimate. In all bias calculations, a 

small percent bias indicated a more accurate measurement. 

For secondary assessment of bias, a generalized linear model (GLM) was fit to the 

data, where the dependent variable was the individual (lesion-level) bias, and the 

independent variables were lesion shape, size, location, and virtual insertion method. 

GLM also accounted for the clustered nature of the data (i.e., multiple observations on the 

same lesion) at the 95% confidence intervals (CIs). Similar methods were used to assess 

the reproducibility (RDC), i.e. the variability among measurements from multiple 

segmentation tools applied to the same lesion.  

Precision was characterized by the intra-lesion percent repeatability coefficient 

(%RC), estimated from measurements of the same lesion positioned at different locations. 

For repetitions of the jth case, the %RC was defined as  

𝑊𝑊𝑀𝑀𝑔𝑔𝑗𝑗𝑤𝑤𝑖𝑖𝑡𝑡ℎ𝑖𝑖𝑛𝑛−𝑙𝑙𝑚𝑚𝑠𝑠𝑖𝑖𝑡𝑡𝑛𝑛 =  � � log (𝐶𝐶𝑖𝑖𝑗𝑗𝑘𝑘𝑙𝑙1)  − log (𝐶𝐶𝑖𝑖𝑗𝑗𝑘𝑘𝑙𝑙2)�2
𝐼𝐼

𝑗𝑗=1
,   (6.2.4.d) 

𝜎𝜎𝚤𝚤� =  �
𝑊𝑊𝑊𝑊𝑆𝑆𝑗𝑗

𝑤𝑤𝑖𝑖𝑡𝑡ℎ𝑖𝑖𝑖𝑖−𝑙𝑙𝑙𝑙𝑙𝑙𝑖𝑖𝑙𝑙𝑖𝑖

2 𝑑𝑑 𝐼𝐼
,                            (6.2.4.e) 

𝜎𝜎𝐶𝐶 = 1.96�2𝜎𝜎𝚤𝚤�
2 =  2.77𝜎𝜎𝚤𝚤� , and                  (6.2.4.f) 

%𝜎𝜎𝐶𝐶𝑖𝑖𝑘𝑘𝑙𝑙 =  (𝑠𝑠𝐸𝐸𝑎𝑎(𝜎𝜎𝐶𝐶𝑖𝑖𝑘𝑘𝑙𝑙)− 1)  × 100%,                          (6.2.4.g) 
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where Vijkl is the volume measured by the i-th group (i = 1,..., I) for the j-th case (j 

= 1,…, J) that was inserted by the k-th insertion method (k = 1,…, K) at the l-th location (l = 

1,…, L). Note there were two different copies of the same lesion, therefore there were 8 

and 30 unique location pairs for phantom and clinical phase, respectively. All results were 

anonymized with respect to the segmentation tool. 

6.3 Results 

6.3.1 Phantom Phase 

Based on the physically inserted lesions, three (Groups B, G, and H) out of eight 

phantom phase participating groups were fully QIBA compliant, and one (Group F) was 

marginally compliant. Tables 16-18 summarize these results. Among these four groups, 

the estimated bias + 95% CI were -1.8±1.4%, -2.5±1.1%, -3±1%, -1.8±1.5%. TOST for physical 

phantom mean bias (±5% margin) yielded -1.83±0.1% and 7.67±0.4%, for compliant 

algorithms and all algorithms, respectively. When compared with the TOST mean bias 

(±5% margin) for the simulated lesions, only Technique C showed statistical equivalence 

for compliant algorithms. However, across all algorithms, the null hypothesis for 

Techniques A, B, and C could not be rejected. Table 18 shows the %RC with their 

associated 95% confidence interval for all phantom phase participants. For all algorithms, 

GLM indicated that only Technique B had a statistically significant difference (p<0.05). 

Measurement bias results are given in Figure 45 for all algorithms and only 

compliant algorithms, respectively. The magnitude of the differences in bias between 
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physical and simulated lesions across all groups was 2.2%, 5.4%, and 2.5% for Techniques 

A, B, and C, respectively. Figure 44 shows the comparative %RDC between physical and 

virtual insertion methods. When assessed across all algorithms, %RDC had considerable 

overlap between physical lesions and lesions from Techniques A and C. For compliant 

algorithms only, insertion method with greatest to least overlap trended as Techniques C, 

A and B, respectively. In GLM analyses for all algorithms (in aggregate), differences in 

lesion shape, size, and location were not significant predictors of bias. However, for 

compliant algorithms, spiculated shape significantly increased lesion measurement bias.  

Table 16. Participant algorithm compliance per physical and virtual lesion 
insertion method. Compliance with the QIBA Profile was determined based on 
guidance established in Table 15 in the context of the physical phantom only. 

Group       Physical Technique 
A 

Technique 
B 

Technique 
C 

Group A   •   
Group B •  •  •  •  
Group C     
Group D     
Group E   •   
Group F* •  •  •  •  
Group G •  •  •  •  
Group H •  •  •  •  

• indicates QIBA Profile compliance 
* indicates algorithm with marginal QIBA Profile compliance 
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Table 17. Phantom phase: mean Percent Bias with 95% confidence intervals for 
each of 8 participating groups. 

Group 
Physical  Technique A  Technique B Technique C 

%Bias              CI %Bias             CI %Bias             CI %Bias             CI 

Group A 23.17 [17.38, 28.96] 7.11 [3.7, 10.53] 6.35* [4.6, 8.1] 19.59 [8.03, 31.15] 

Group B -0.82 [-3.29, 1.66] -1.74 [-3.08, -0.4] -2.38 [-3.63, -1.13] -0.89 [-3.41, 1.64] 

Group C 20.16 [13.02, 27.3] 25.91 [19.7, 32.11] 9.83 [5.03, 14.63] 28.74 [20.7, 36.79] 

Group D 20.91 [13.44, 28.38] 21.13 [10.4, 31.87] 10.33 [8.41, 12.25] 32.06 [23.03, 41.09] 

Group E 4.48 [-3.69, 12.65] -0.54 [-10.75, 9.67] 3.22* [-0.7, 7.14] 7.99 [3.92, 12.06] 

Group F -6.68 [-8.96, -4.4] -6.18 [-8.95, -3.42] -6.24 [-8.84, -3.64] -6.69 [-9.08, -4.3] 

Group G -0.15 [-2.61, 2.31] -1.28 [-2.52, -0.04] -1.81 [-3.04, -0.58] -0.19 [-2.75, 2.37] 

Group H 0.32 [-2.27, 2.91] -0.94 [-2.16, 0.28] -1.38 [-2.4, -0.36] 0.48 [-2.12, 3.08] 

* Indicates partially QIBA compliance. Partially compliant algorithms are those 
that meet QIBA compliance standards based on simulated lesions measurements, 
however, they are not technically compliant based on physical phantom measurements. 
 

Table 18. Phantom phase: mean Percent Repeatability Coefficient (%RC) with 
95% confidence intervals for each of 8 participating groups. 

Group 
Physical  Technique A  Technique B  Technique C  

%RC             CI % RC            CI % RC             CI % RC             CI 

Group A 16.88 [10.53, 29.88] 6.86 [4.38, 13.5] 3.49* [2.31, 6.56] 38.5 [19.51, 93.59] 

Group B 13.11 [8.32, 23.59] 2.42 [1.58, 4.87] 1.82 [1.22, 3.46] 13.19 [8.37, 23.73] 

Group C 18.58 [11.51, 32.65] 34.77 [20.15, 57.16] 9.30 [7.05, 12.02] 27.59 [16.46, 46.68] 

Group D 30.88 [18.18, 51.56] 93.00 [39.39, 188.95] 4.14 [2.68, 8.26] 31.35 [18.42, 52.24] 

Group E 50.69 [27.7, 78.55] 91.17 [43.77, 124.14] 10.52* [6.61, 20.36] 20.04 [12.34, 34.99] 

Group F 8.00 [6.11, 10.41] 2.07 [1.38, 3.92] 3.29 [2.14, 6.58] 7.60 [4.95, 14.04] 

Group G 13.07 [8.12, 24.99] 2.19 [1.46, 4.15] 1.85 [1.21, 3.73] 13.35 [8.46, 24] 

Group H 12.53 [7.81, 24.03] 1.82 [1.22, 3.46] 2.05 [1.37, 3.9] 11.89 [8.91, 15.19] 

* Indicates partially QIBA compliance. Partially compliant algorithms are those 
that meet QIBA compliance standards based on simulated lesions measurements, 
however, they are not technically compliant based on physical phantom measurements. 
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Figure 44. Phantom phase: mean Percent Bias for all algorithms and complaint 

algorithms with 95% CI.  

 

 

Figure 45. Phantom phase: mean Percent Reproducibility (%RDC) for all 
algorithms and compliant algorithms with 95% CI.  
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6.3.2 Clinical Phase 

Table 19 shows the overall tumor %RC and %bias. Seven (Groups B, G, I, J, L, O, 

and P) out of sixteen clinical phase participating groups were deemed QIBA compliant. 

Table 19. Clinical phase: Overall Percent Repeatability Coefficient (%RC) and 
associated Percent Bias for all algorithms. 

   Group %RC   %Bias   QIBA 
Compliant 

Group A 10.47 7.39  
Group B 7.44 2.96 •  
Group C 11.77 10.89  
Group D 124.74 4.32  
Group E 127.19 -12.41  
Group F 137.36 -8.89  
Group G 9.20 2.54 •  
Group H 17.95 -8.22  
Group I 9.84 3.19 •  
Group J 8.21 -1.26 •  
Group K 22.80 -7.06  
Group L 6.66 0.33 •  
Group M 19.70 1.77  
Group N 13.32 -4.43  
Group O 8.26 3.04 •  
Group P 11.95 -1.10 •  
• indicates QIBA Profile compliance 

 

Figure 45 shows the %RC stratified by tumor size for all participants. Large and 

small tumors were mostly 30 mm and 10 mm in nominal diameter, respectively. 

Generally, compliant groups (Groups B, G, and H) produced smaller %RC. RDC results 

in Figure 46 showed that the reproducibility coefficient for real tumors on average was 
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twice as large as for simulated tumors. Segmentation of simulated tumors was in general 

less variable than for real tumors. 

 

 

Figure 46. Clinical phase: Percent Repeatability Coefficient (%RC) for all 
algorithms comparing identical copies of the same virtual lesion that were inserted in 
different locations. 
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Figure 47. Clinical phase: Percent Reproducibility (%RDC) assessed across all 
16 algorithms. RDC was calculated for each tumor with 95% CI. Note, simulated 1 and 
2 were 10 mm3, while simulated 3 and 4 were the same size as the real lesions. 

6.4 Discussion 

The objective of this study was to establish a new platform for quantitative 

imaging system analysis based on hybrid datasets. Our goals were 1) to evaluate the 

compliance of segmentation algorithms for CT volumetry, 2) to assess equivalence 

between real and simulated lesions using hybrid datasets, and 3) to study how lesion 

shape, size, location, segmentation algorithm, and insertion method affect volume 

estimation using GLM analysis. Building a strategic foundation for systematic evaluation 

of the technical performance of quantitative imaging biomarkers, the technical 

performance of hybrid datasets was assessed based on the comparability between hybrid 

datasets and phantom or actual patient data (i.e., similarity of simulated vs. real lesion 
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volume measurements, measured as percent bias, repeatability coefficient (RC), and 

reproducibility (RDC)).  

The performance of segmentation algorithms was assessed based on compliance 

with the bias and repeatability standards defined in the QIBA Profile CT Tumor 

Volumetry for Advanced Disease. Initially, algorithm profile compliance was assessed 

based on physical phantom lesion data. In phantom data, four out of eight participant 

algorithms were determined to be compliant or marginally compliant. In clinical data, 

seven out of sixteen clinical phase participating groups were deemed QIBA compliant.  

In terms of equivalence between real and simulated datasets, comparisons were 

made between phantom data with physically-inserted lesions and three virtual lesion 

insertion methods. For compliant algorithms, Technique C showed statistical equivalence. 

However, the null hypothesis for Technique A, Technique B, and Technique C (all 

algorithms only), could not be rejected. As such, differences in bias and %RC that 

exceeded 5% were judged to be unacceptable in terms of using the insertion methods as 

replacements for actual physical phantom data.  

Bias and %RC results in Table 17 and highlighted in Figure 44, respectively, 

showed that across all algorithms (compliant and non-compliant), neither Techniques A 

nor B yielded a significantly different bias as compared to the actual physical phantom 

scans. When considering compliant algorithms only, no difference in the bias of virtual 

insertion methods versus physical insertion was observed for any of the three insertion 
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methods. This is summarized in Figure 44. These results mirrored what was observed in 

a prior study involving the aforementioned virtual insertion methods (Robins et al., 

2017b). Robins et al. found that volume measurements made using a single commercial 

segmentation algorithm yielded no difference in bias for any of the virtual insertion 

methods as compared to the physically-inserted lesions. Further, all of the virtual 

insertion methods reported similar uncertainty [3.59, 4.13], which indicated strong 

similarity in performance (Robins et al., 2017b). Although not directly tested in our study, 

this segmentation algorithm was fully developed, and likely met the QIBA profile 

requirements. Therefore, it is not surprising that no significant bias was observed among 

profile-compliant algorithms by Robins et al. and in our study.  

RC estimates were made using different locations of the lesion to approximate 

replicate measurements. RC showed that Technique C yielded more measurements 

consistent with those of physical phantoms than Techniques A and B (see Table 18). 

Smaller repeatability coefficient in Techniques 1 and 2 could be attributed to a lack of 

variability in lesion morphological composition. Since Techniques A and B require the 

development of lesions that were modeled to match the resolution degradation of the CT 

system, they are inherently susceptible to over-smoothing. Over-smoothing of lesion 

boundaries can deform lesion appearance, thus degrading the complexity of lesion 

morphology. The issue of over-smoothing is not present in Technique C, since this method 

extracts the image of the lesion from phantom data and inserts it back directly into CT 
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data without blurring. Therefore, the re-inserted lesion is essentially an exact replica of 

the physical lesion.  

Reproducibility (RDC) was measured for each algorithm relative to each insertion 

method. The RDC metric was used to gauge lesion measurement across an array of 

different algorithms. Across algorithms, a statistically significant difference was only 

found between the RDC of the physical lesions versus those from Technique B. 

Meanwhile, Technique C performed most similarly to the physically-inserted phantom 

measurements. Note that a low RDC suggested that measurements were less dependent 

on the segmentation algorithm, and a high RDC suggested that the algorithms did not 

agree with each other.  

On further inspection of the clinical phase results (see Tables 17 and 18), it was 

also discovered that algorithms with partial compliance could potentially be over-

reported as compliant. Partially compliant algorithms are those that were deemed 

complaint based on measurements of simulated lesions from Techniques A, B, and C, but 

were not considered complaint based on physical phantom measurements. For some 

algorithms, measurements of lesions simulated with Techniques A and B satisfied the 

bias/RC requirements for compliance; however, these insertion methods did not fully 

capture inherent lesion variability. This over-reporting was likely the result of over-

smoothing of the lesions, which is summarized in Tables 16 and 17. Direct comparisons 

between measurements from the physical phantom and Techniques A and B showed the 
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potential for over-reporting of segmentation algorithm performance. Although we 

considered the magnitude of the measurement discrepancies to be reasonable, further 

development is needed to more accurately account for the true rendering of lesion 

variability in CT data.  

GLM analyses were performed for all insertion methods relative to lesion shape, 

size, and location. For all insertion methods, when considering all algorithms, differences 

in lesion shape, size, and location were not statistically significant. Nonetheless, an 

assessment of compliant algorithms alone showed that spiculated shapes significantly 

impacted lesion measurement, while size and location did not. In terms statistically 

significant difference of insertion methods, it was only apparent in Technique B. 

In the clinical phase, pathologically-confirmed clinical tumors were simulated and 

virtually-inserted into clinical data, such that each case consisted of one real patient tumor 

and four simulated copies. One image-domain lesion insertion method (Technique B) was 

evaluated. This was because the clinical phase made use of reconstructed CT data, 

eliminating the use of Technique A, and some tumors were in the vicinity of lung 

structures, limiting the effective 3D sizing application of Technique C. Unlike the 

phantom lesions, some clinical tumors were attached to lung structures and vasculature. 

This added to the complexity of modeling and reproducing the real tumors. Equivalence 

between real and simulated lesions was analyzed in terms of RDC. Clinical phase RDC 

results from 17 participating algorithms showed that the RDC for real tumors was twice 
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as large as for simulated tumors. This result was reflected in Figure 46. However, because 

the clinical tumors in our study were significantly more spiculated and complex than 

phantom lesions, the clinical phase RCs and RDCs were generally larger than the RDCs 

reported in phantom phase (Figures 45 and 46). Generally, compliant algorithms 

produced lower RDC results. Similarly, in a study involving clinical test-retest data, 

Buckler et al. reported that algorithms meeting the QIBA profile had the lowest RDC. This 

suggested that perhaps compliant algorithms produced more stable measurements and 

had less of an influence on volume estimation.  

There were several limitations of our study. Simple homogeneous lesions that do 

not precisely represent clinical reality were used in the phantom phase of this study. These 

lesions had identical attenuation. Lesions with ground-glass opacities were not included. 

Nevertheless, we believe that this simple study design has allowed us to achieve the aim 

of assessing hybrid datasets relative to reference phantom CT datasets for which ground 

truth was known. In the clinical phase, simulated tumors were not placed in the exact 

same locations as the real tumors for obvious reasons. However, location approximations 

were identified by an experienced radiologist to account for general tumor environment 

similarity. Lastly, readers were given the option to choose window level and window 

width settings that they typically use at their institution. This afforded participants the 

opportunity to use settings they found to be most suitable for completing segmentation 

task with their algorithms. 
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This study embodied a “challenge” paradigm in segmentation tool performance 

evaluation. We assessed hybrid datasets (CT images with virtually-inserted lesions) in the 

phantom and clinical contexts. We sought to determine whether hybrid datasets could be 

used as surrogates to patient datasets for assessment of segmentation tool compliance to 

the CT volumetry profile. Given that phantoms tend to be over-simplified and lack 

biological variability, and ground truth is often difficult to obtain in clinical cases, 

virtually-inserting simulated lesions into real patient CT data could potentially provide a 

systematic and technically feasible platform for evaluating segmentation algorithms. 

Furthermore, additional benefits of this approach include eliminating patient risk, 

increasing study design flexibility, and decreasing cost. A prior study compared real 

clinical tumors and corresponding simulated models were using Bland and Altman 

analysis. Based on measurements from three commercial segmentation tools, results 

showed that real and simulated tumors were not statistically different (p = 0.3) (Robins et 

al., 2017a).  

6.5 Conclusion 

In the current study, the differences between the simulated and real lesions were 

likewise small (in the order of 2-5% in terms of % bias difference and 0.1-16% in terms of 

% RC difference). Further, it could be argued that the TOST margins for equivalence were 

too conservative for practical equivalence. As such, more complex lesion models inserted 

into clinical images would almost certainly become the defining factor, instead of the 
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insertion method. Thus, strictly speaking, the current study across a large cohort of 

segmentation algorithms indicate that the simulated lesions are not statistically equivalent 

to real ones, however, this offers three prospects going forward. First, given the reasonable 

level of interchangeability between real and simulated lesions, it is worthwhile to consider 

hybrid datasets as an approximate (but not exact) surrogate for volumetric compliance. 

Second, systematic difference between real and simulated lesions can be used as a basis 

to either calibrate the results from hybrid data to those of real lesions, or alternatively seek 

to define a different set of QIBA compliance definitions for hybrid datasets. Finally, 

further development and validation of simulation methods, particularly in the replication 

of real lesion variability, are warranted to enhance the quality and realism of hybrid 

datasets. 

7. Hybrid Dataset Dissemination 
The section represents a manuscript under the title “Lesion simulations in clinical 

CT data for anonymized chest and abdominal CT databases” that is under review for 

publication. Therefore, the figures, tables and much of the text below are reproduced from 

that manuscript. 

7.1 Introduction 

With the emerging implementation of screening programs worldwide (Humphrey 

et al., 2013, Infante et al., 2009, Menezes et al., 2010), the effective use of medical imaging 

has become a fundamental aspect of clinical cancer care. Beyond mere qualitative visual 
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image interpretation, extraction of quantitative tumor features has enabled accurate 

cancer diagnosis, prognosis, and disease characterization (Therasse et al., 2006). 

Specifically, lesions exhibit phenotypic size, shape, and internal heterogeneity; these 

characteristics have been shown to serve as useful quantitative cancer biomarkers that can 

be measured with CT (Therasse et al., 2000, Gietema et al., 2007, Ganeshan et al., 2012). 

However, quantitative assessments of these lesion features is often impacted not only by 

the imaging system hardware (e.g., x-ray source and detector aperture size) and image 

acquisition protocols (e.g., kV, mA, exposure time, and slice thickness), but also by 

secondary “readers” such as computer aided detection (CAD) devices and segmentation 

algorithms (Ebner et al., 2016).  

While clinical trials are the standard means of evaluating medical technologies, 

collecting suitable study cases can be time and resource intensive. Furthermore, imaging 

modalities such as CT employ ionizing radiation, which introduces potential health risks 

to patients and can potentially limit recruitment for such trials. Also, it can often be 

challenging to establish ground truth in clinical images. Phantom studies are often used 

as a substitute, but they bear several general limitations, the foremost being a lack of 

realistic anatomical complexity(Robins et al., 2017b). Indeed, even sophisticated 

anthropomorphic phantoms cannot sufficiently simulate lung and liver parenchyma 

(Ebner et al., 2016). Further, phantoms do not sufficiently represent the variety of patient 

demographics in terms of weight, height, and body mass index (BMI). 
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To overcome these challenges, we have developed a database containing “hybrid” 

datasets, which consist of real patient CT images with digitally inserted anthropomorphic 

lesions. These hybrid datasets were generated using a method that simulates a CT 

imaging system’s rendition of thoracic and liver lesions in clinical datasets.  To circumvent 

the limitations of simplistic, geometric phantom lesions, while capitalizing on the 

advantage of their known ground truth, actual patient lesion models were inserted into 

any region of interest within a patient image. This approach allows us to surpass the 

capabilities of clinical studies and model a myriad of realistic disease conditions without 

sample-size limitations or the need for repetitive patient image acquisitions. We have 

previously demonstrated the use of hybrid datasets in quantitative CT applications 

(Robins et al., 2017b), and in reader and technology evaluation tasks (Robins et al., 2017a, 

Solomon and Samei, 2014). This reference database can allow for investigations of new 

applications and software tools.  

7.2 Acquisition Methods 

7.2.1 Image Data 

HIPPA compliant, local IRB waiver of consent exam of 120 chest and 100 

abdominal patient CT image series from were retrieved via two respective processes: (1) 

retrospectively from the Duke Picture Archiving and Communication System (PACS) 

clinical database and (2) from a prospectively acquired image dataset of patients with 

beam hardening artifacts. Exams utilized were acquired with standard chest and 
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abdominal techniques summarized in Table 20, using either a Somatom Definition Flash 

(Siemens Healthcare, Germany), Lightspeed VCT, Discovery 750 HD, or Revolution GSI 

(GE Healthcare, Milwaukee, Wisconsin). Thorax datasets utilized were acquired during a 

single breath hold without the use of intravenous contrast agent.  Approximately 30 

abdominal image series involved the use of contrast agents. All image series were used as 

base images representative of a typical adult population. Patient data represent the 

demographics of patients with a variety of BMIs, organ shapes and sizes. Base clinical 

images from Liver I were used in Liver II, and base images in Lung II were repeated with 

different simulated lesions. 

The process of data retrieval and database building is illustrated in Figure 48. All 

image series were irreversibly anonymized. The patient’s name, date of birth, medical 

record number, and patient ID were removed from the images using the Osirix Lite 

version 8.5.2 software in full anonymization mode.  

 

Table 20. CT patient image acquisition parameters for dataset generation. 

Dataset kVp mA Exposure Time 
(s) 

CT System(s) 

Lung I 120 103 - 1497 0.3 – 1.0 Definition Flash 

Lung II 120 80 - 694 0.3 – 0.5 
Definition Flash, LightSpeed 

VCT, Discovery 750 HD, 
Revolution GSI 

Liver I 120 95 - 1585 0.3 – 1.0 Definition Flash, Discovery 
750HD 

Liver II 120 95 - 1585 0.3 – 1.0 Definition Flash, Discovery 
750HD 
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Chest and abdominal images were reconstructed with 0.6 or 0.625 mm slice 

thickness (no overlaps or gaps) with FBP B31f and iterative I31f strength 2 (Siemens), and 

with the standard reconstruction kernel (GE).  

 

Figure 48. (a) Flow chart depicting the process of data collection and database 
building. (b) Summarizes the use of the Duke Lesion Tool in dataset formation, where 
anthropomorphic lesions were segmented, simulated and inserted into patient CT 
images. 

7.2.2 Lesion Simulation 

For creating the artificial nodules, 84 high quality sample cases of 

histopathologically confirmed lung and liver lesions from a previously collated clinical 

dataset were used. Lesions were segmented using an open-source segmentation software 

package (Seg3D, Center for Integrative Biomedical Computing, University of Utah, Salt 

Lake City, UT). With assistance from an experienced radiologist, 93 lung and 50 liver 

lesions were segmented to form a lung and a liver lesion library. Using a series of built-in 
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tools and algorithms, lesion morphometry was captured in the form of binary 

segmentation masks. These masks were exported and used to create CT data volumes of 

interest (VOIs), from which lesion models were simulated using the Duke Lesion Tool 

(DLT, Duke University). The process of database creation is fully described by Robins et 

al. (Robins et al., 2017a) and depicted in Figure 48. 

DLT is a suite of programs that permit (a) lesion model simulation and (b) digital 

lesion insertion using techniques previously developed to simulate lung and liver lesion 

morphology (Samei et al., 1997, Li et al., 2009). This program functions by defining a 3D 

lesion attenuation distribution that conforms to any arbitrary shape or edge. As described 

in the preceding section, the program functions by accepting a binary lesion segmentation 

mask along with its associated VOI as input to generate computational lesion models 

corresponding to real lesions. Subsequently, differences between real and modeled lesions 

are minimized in terms of size, shape, contrast, and contrast-profile characteristics with 

an iterative fitting routine. A full account of our tool’s morphometric functions and 

processes are provided elsewhere (Solomon and Samei, 2014). In addition to simulating 

lesion morphometry, DLT is outfitted with a lesion texture simulation program. 

Anatomically informed textures are synthesized using a 3D clustered lumpy background 

(CLB) technique. The CLB is a mathematical concept that models inhomogeneous 

architecture in images as prescribed by a series of predefined attenuation parameters such 

as the cluster density (clusters/mm3), the number of sub-clusters per primary cluster, and 
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the intensity profile of each sub-cluster. The aforementioned parameters are shaped by 

additional constrains that define the textured pattern. This provides a probabilistic 

framework for structural variance (Bochud et al., 1999, Solomon et al., 2016). The textures 

depicted in the simulated lesions reflected statistical texture features across a population 

of clinical cases. Textured lesion synthesis was applied in Lung II and Liver II datasets. 

Digital lesion insertion was conducted via a previously validated 3D image 

domain insertion technique described as Technique B in an earlier publication (Robins et 

al., 2017b) (see Figure. 48). This method uses the system TTF to define the appropriate 

lesion blur for seamless insertion into the CT image background. Using this approach, 

each patient image series was infused with one or more simulated lesions (Robins et al., 

2017b). Although simulated lesions were mostly exact replicas of real lesions, some were 

3D rotated and scaled. In addition, the DLT enables mass dataset production via batch 

processing.   
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Figure 49. The Duke Lesion Tool is a suite of lesion modeling and virtual 
insertion programs for dynamically creating hybrid datasets. These hybrid datasets 
may include but are not limited to lung and liver image data. 

 

7.2.3 Data Validation 

All methods used in database development (i.e., lesion model simulation and 

digital lesion insertion) were previously validated. Specifically, prior validation studies 

have been performed. First, the lesion models as compared to their real counterparts in 

terms of size, shape, contrast, and edge-profile were shown to have 0.75 overall average 

goodness of fit (Solomon and Samei, 2014). Second, for readers tasked with discerning 

populations of real and simulated lesions, the AUC (95% CI) values were 0.57 (0.42-0.71) 

and 0.50 (0.41-0.62) for liver and lung lesions, respectively. Third, we evaluated the 
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robustness of our 3D image-based insertion method by benchmarking it against an 

established 3D image blending algorithm in the context of a phantom study. On average, 

across multiple doses and image reconstruction conditions, there was no statistically 

significant difference between our insertion method and the established algorithm in 

terms of lesion shape or volume (Robins et al., 2017b). Both methods reported less than 

3% difference in shape and less than 5% difference in volume, relative to baseline. Fourth, 

a study conducted in the context of actual patient data indicated that three commercial 

segmentation algorithms performed similarly on simulated lesions versus real lesions for 

volume measurement(Robins et al., 2017a). The average percent bias (± standard error) 

was -9.2±3.2% for real lesions versus -6.7±1.2% for virtual lesions with algorithm A, 

3.9±2.5% vs. 5.0±0.9% for algorithm B, and 5.3±2.3% vs. 1.8±0.8% for algorithm C, 

respectively. Virtual lesion volumes were statistically similar to those of real lesions (<4% 

difference), with p >.05 in most cases. Segmentation algorithm trends showed close 

correspondence between real and simulated lesions. These results indicate that our 3D 

image-based insertion framework can be used to create realistic models for lung and liver 

lesions. 

7.3 Data Format 

Our database provides a large variety of image series relevant to cancer imaging 

and radiomics. The 4 datasets contain 100 patient cases each, for a total of 400 hybrid 

image series accompanied by Matlab .mat tables that provide descriptive information on 
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the image data and the virtually inserted lesions (i.e., size, shape, opacity, and insertion 

location in pixel and physical coordinates). Each image series is also accompanied by 

masks of the simulated lesions inserted into CT data, with lesion and CT metadata. As 

seen in Figure 50, graphic depictions of each inserted lesion along with related metadata 

are stored for user reference. Inserted lesions are either placed in isolated locations or have 

various degrees of attachment to the pleura, mediastinum, or vascular structures. In 

addition, some lesions are well-circumscribed while others are spiculated. Each simulated 

tumor is inserted in a randomly selected location that is automatically determined based 

on both the available insertion space and lesion size.  

 

Table 21. CT protocol parameters used for GE Lightspeed 16 and VCT imaging 
systems. 

Category Lung I Lung II Liver I Liver II 
Patient Cases* 100 100 100 100 
Average lesions per case 6 6 4 4 
Lesion Opacity** GG, PS, FS GG, PS, FS S S 
Internal Heterogeneity No Yes No  Yes 
Nominal diameter (mm) 4 - 20 4 - 20 4 - 20 4 - 20 
Shape variable variable variable variable 
    *Note: Some lesions are near the visual threshold of detectability. 
    ** GG - ground glass, PS - part solid, FS - full solid 
 

Figure 51 shows examples of lung and liver .mat tables containing lesion metadata 

along with the lesion model objects. Note that access to the Matlab program is necessary 

to open and use .mat tables. All data are stored in DICOM format in the Quantitative 
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Imaging Data Warehouse (QIDW), which is supported by the Radiological Society of 

North America (RSNA).  

 

Figure 50. Hybrid image graphic depictions for each inserted lesion. (a) – (c) 
show virtually inserted lung lesions, and (d) – (f) show virtually inserted liver lesions, 
along with related metadata.  

 

 

http://qidw.rsna.org/#collection/5a6285191cac0a4ec8000e26
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Figure 51. Excerpts of .mat tables containing lesion-associated metadata. Note 
that access to the Matlab program is necessary to open and use .mat tables. 

 

7.4 Discussion 

Lung and liver cancer are among the most common causes of cancer-related deaths 

in the United States and worldwide (Siegel et al., 2017). Recent screening studies such as 

the National Lung Cancer Screening Trial (NLST) have demonstrated that low dose 

computed tomography can decrease lung cancer mortality by 20% and overall mortality 

by 6.7% (Team, 2011, Aberle  et al., 2013). These findings support the assertion that early 

detection is a primary factor in reducing cancer mortality. The ability to identify and 

characterize lesions accurately and efficiently is essential to any effective patient 

evaluation process. Retrospective data from the International Early Lung Cancer Action 

Program (I-ELCAP) indicated that 77% of new cancers diagnosed based on follow-up CTs 

were present during baseline scanning. Of these baseline-present cancers, 54% were 

missed and 23% were misinterpreted (Ming Xu et al., 2014). Methods to advance 
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radiologist, segmentation algorithm, and CAD algorithm sensitivity and accuracy are 

therefore important to avoid false negative reports and potential delays in diagnosis and 

treatment. Our database provides such a method, and we have demonstrated that it is 

capable of precisely simulating acquisition parameters and creating clinically realistic 

hybrid images with known ground truth.  

Since our technique inserts lesions by incorporating the reconstruction kernel’s 

impact on lesion appearance and quantitative features, the potential utility of this 

database is broad. Further, this technique provides insertion flexibility by adjusting 

segmented lesion size, edge type, contrast, and insertion condition (i.e., degree of 

attachment to organ structures). Additional flexibility is afforded by the compatibility of 

other lesion models, such as randomly generated mathematical lesions, with our lesion 

insertion platform. These strengths provide a range of interesting opportunities. For 

example, our database could be used as a teaching tool for radiologist training in detection 

and assessment of lung and liver lesions, especially those at the threshold of human visual 

detectability. Also, the database could aid in providing visual references for American 

College of Radiology and Fleischner Society guidelines. Segmentation tool and CAD 

algorithm fidelity evaluations could also be performed, since both types of evaluation 

utilize computational algorithms to detect and characterize lesions with minimal extra 

cost and time, while potentially improving radiologist performance (Jacobs et al., 2016, 
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Cohen et al., 2016). In addition, such datasets can be a resource for validation of deep 

learning and machine learning algorithms. 

Our database offers advantages over projection and image domain databases that 

have been previously  developed, either for task based image quality assessment (Chen et 

al., 2015b) or computational modeling of breast lesions (Sisternes et al., 2015). Projection 

domain lesion insertion is superior to traditional image domain insertion based on its 

ability to reflect the impact of reconstruction parameters on lesion appearance. However, 

our program provides further improvement. By incorporating the appropriate 

reconstruction blur, the impact of reconstruction parameters was translated into the lesion 

in the hybrid image. Further, we minimized the boundary blur by segmenting lesions 

from images reconstructed with a medium sharp kernel. While the use of mathematical 

lesions could minimize potential over blurring of lesion boundaries, we chose to use 

pathologically confirmed, real lesion models instead, since our goal was to model realistic 

lesion pathology and morphometry.  

We did find some limitations inherent to developing hybrid databases. Since our 

lesions were inserted by superimposing the simulated lesions with background CT data, 

diminished sensitivity to some lobes and fissures during organ mask mapping resulted in 

subtle unrealistic overlap in a few datasets. Also, some patient data contained metal 

artifacts. Although this anomality is a realistic part of acquiring CT imaging data from a 
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typical adult patient population, regions containing image overlap or metal artifacts were 

avoided during lesion insertion.  

7.5 Conclusion 

Our database provides a large variety of datasets relevant to cancer imaging, 

radiomics feature development, and algorithm validation (e.g., segmentation, CAD, deep 

learning, and machine learning applications). These reference datasets are designed to be 

used for evaluation of quantitative performance across commercial and research software 

packages for lesion volumetry, texture assessment, and morphology analysis. We note 

that these image datasets and the simulated lesions can have infinite iterations. Such a 

database should allow for the development of a wide variety of applications, may extend 

to evaluating imaging conditions, and could maximize study sample size, while avoiding 

the financial challenges, safety limitations, and uncertainty of lesion ground truth. Finally, 

this database could perhaps precede and enhance pre-clinical investigations of new and 

developing technologies involving CT. 

8. Conclusions 
This dissertation has developed and assessed a new phantom, modeling tools, 

analysis techniques, and datasets that can aid in appropriately to evaluating lesion 

characterization in modern CT systems. Traditional methods of lesion characterization do 

not sufficiently account for the influence of CT acquisition and reconstruction technique 

on lesion boundary detection and volume measurement. The new techniques proposed 
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by this dissertation were found to offer a more clinically relevant approach to assessing 

the impact of CT system and segmentation/CADx algorithms on lesion characterization. 

This broad conclusion was arrived at through a series of more specific studies that were 

all described in detail in sections 2-7. 

The results of the studies from this dissertation each represent new information 

that is of value to the general medical imaging community. As necessary, new techniques 

and unique analysis methods were developed to answer study questions. These new 

techniques themselves also represent valuable contributions to the scientific community. 

Thus, the following section lists both the key findings from this dissertation as well as a 

new phantom, modeling tools, analysis techniques, and datasets that were developed in 

the process. 

8.1 Key Findings 

- The TTF was found to closely model the signal transfer properties of modern, non-

linear CT systems. This was confirmed in the context of both low and high contrast 

lesion models. Additionally, acquisition exposure and reconstruction algorithms 

affect the quantitation of lung and liver lesion size, shape, and texture. As such, 

the impact of system settings on TTF for resolving signal transfer for the typical 

range of frequencies in diagnostic imaging can be better understood.  

- 3D printing materials available for the Stratsys J750 printer have a range of 

attenuation properties capable of producing low contrast lesion models. Thus, 
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they provide realistic x-ray attenuation sensitivity. Also, they are suitable for 

providing anatomically relevant models.    

- Some texture features are impacted by CT system’s acquisition and reconstruction 

settings. Susceptibility of feature calculation to image noise has been shown to 

strongly influence some texture feature measurements. As such, variability in 

texture features can be associated with acquisition and reconstruction parameters 

such as slice thickness, in-plane pixel size, and reconstruction kernel. 

- The process of segmentation is an important contributing factor to bias and 

variability in lesion quantification. Of the two main modes of segmentation (i.e., 

semi-automated, and manual), semi-automated segmentation demonstrated more 

consistency in lesion measurement compared to manual segmentation. Lesion 

segmentation can be significantly impacted by the presence of spiculation along 

the boundaries of lesions. Unlike well circumscribed lesions, heavily spiculated 

lesions often result in considerable variability in volume measurement. Finally, 

clear delineation of lesion boundary is critical to enabling accurate segmentation. 

- Hybrid datasets were found to serve as good surrogates for clinical images, 

especially when modeling well-circumscribed lesions with well-defined 

boundaries. While the process of modeling clinical lesions can result in a slight but 

irreversible loss of ‘truth’ (mainly in terms of shape), this loss is small. On average, 

the magnitude of the differential between real and simulated lesions was: ~ 3% 
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(volume) and ~5% (shape). In contrast, the current clinical indication for medical 

intervention is lesion size change. A size change of 25% between baseline and 

follow-up scanning serves as the threshold for clinical decision-making. In this 

regard, 3% difference in volume and 5% difference in shape is within the tolerance 

of clinical decision-making indications. 

8.2 Novel phantom, modeling tools, and datasets 

- Designed and built a multimaterial 3D printed phantom for TTF validation and 

low contrast lesion assessment 

- Developed two TTF-based methods of virtual lesion insertion (i.e., projection and 

image domain) 

- Development of four hybrid datasets capable of being used as a surrogate to 

clinical CT datasets for various forms of assessment including texture, 

segmentation and CADx assessment 

8.3 Future work 

With a focus on assessing the utility of hybrid datasets for quantitative lesion 

characterization, studies should be continued to further validate their possible 

implementation in research and practice. Such studies may be focused in four core areas. 

First, further development of these tools for the assessment of CT vendor-specific biases 

can serve as a universal calibration for vendor-specific measurement outcomes. Using the 

framework provided in this dissertation, a dedicated investigation comparing 
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measurement biases across CT systems is possible. Second, a strict assessment of hybrid 

datasets in the context of a large cohort of segmentation and CADx algorithms is needed 

since the assessment in Section 6 was made to conform to the QIBA compliance model. 

Such a discontinuity was not contiguous with the assessment model of Sections 3 and 5. 

This work should be done to model stronger correspondence between real and hybrid 

datasets that provide additional representative results. Third, while there are hundreds of 

texture and morphology features that can be investigated for potential robustness for 

clinical purposes, section 4 of this dissertation provided an initial evaluation of 21 

features. Work on texture assessment should be extended to include additional texture 

and morphology features. Fourth, the hybrid datasets developed in this dissertation 

currently serve as practical surrogates for clinical images with small differences between 

real and simulated lesions. Therefore, in its current state, in terms of modeled lesion size 

and shape, hybrid datasets are near clinically equivalent since they are within the 

tolerance of clinical decision-making indications. As such, these hybrid datasets are 

suitable for virtual clinical trials to assess the efficacy of current lesion characterization 

guidelines and screening protocols. 
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