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Abstract 

The purpose of this dissertation was to improve CT-based radiomics 

characterization by assessing and accounting for its systematic and stochastic variability 

due to variations in the imaging method. The anatomically informed methodologies 

developed in this dissertation enable radiomics studies to retrospectively correct for the 

effects CT imaging protocols and prospectively inform CT protocol choices. This project 

was conducted in three parts of 1) assessing of the bias and variability of morphologic 

radiomics features across a wide range of CT imaging protocols and segmentation 

algorithms, 2) assessing the applicability, sensitivity, and usefulness of applying bias 

correction factors retrospectively to patient data acquired with heterogenous CT imaging 

protocols, and 3) developing analytical techniques to reduce the variability of radiomics 

features by prospectively optimizing the CT imaging protocols.  

In part 1 (chapters 2-4), the measurability of bias and variability of morphologic 

radiomics features was assessed. In chapter 2, a theoretical framework was developed to 

guide the process of analyzing and utilizing quantitative features, including radiomics, 

derived from CT images. The framework outlined the key qualities necessary for 

successful quantification including biological and clinical relevance, objectivity, 

robustness, and implementability. In chapter 3, a method was developed to use 

anatomically informed lung lesion models to assess the bias and variability of 

morphology radiomics features as a function of CT imaging protocols and segmentation 
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algorithms. The results showed that bias and variability of radiomics features are 

dependent on a complicated interplay of anatomical, imaging protocol, and segmentation 

effects. In chapter 4, the bias and variability of radiomics due to segmentation algorithms 

was explored in-depth for three segmentation algorithms across a range of image noise 

magnitudes. The segmentation algorithms were assessed by comparing their performance 

to an ideal radiomics estimator for a range of image quality characteristics. The results 

showed that the optimal segmentation algorithm was function of the specific noise 

magnitude and the radiomics features of interest.  

In part 2 (chapter 5), an analysis was carried out using a Non-Small Cell Lung 

Cancer patient dataset to assess the applicability, sensitivity, and usefulness of correcting 

radiomics features for imaging protocol effects. The applicability was assessed by 

calculating bias correction factors from one set of anatomically informed lesion models 

and applying the correction factors to another set of anatomically informed lesion models. 

The sensitivity was assessed by applying idealized bias correction factors to the patient 

dataset with increasing bias correction magnitudes to determine the sensitivity of 

predictive models to the magnitude of the bias correction factors. Finally, the usefulness 

was assessed by applying the anatomically informed protocol-specific bias correction 

factors to the patient dataset and quantifying the change in the performance predictive 

model. The results showed that the bias correction factors are applicable when the bias 

correction factors are derived from and applied to lesion models with similar anatomical 

characteristics. The feature-specific sensitivity of prediction to bias correction factors was 
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found to be as low as 1-5% and was typically in the range of 20-50%. The bias correction 

factors were applied to a patient population and were found to result in a small 

statistically significant improvement in the performance.  

In part 3 (chapter 6), a method was developed and implemented to assess the 

minimum detectable difference of morphologic radiomics features as a function of 

protocol and anatomical characteristics. The analysis of the data was carried out to allow 

for evaluating and informing the recommendations of the Quantitative Imaging 

Biomarkers Alliance (QIBA) for lung nodule volumetry. The results showed that the 

minimum detectable difference for QIBA compliant protocols was a lower median value 

than the minimum detectable difference among all possible CT protocols. The techniques 

developed in this analysis can be used to prospectively optimize CT imaging protocols 

for improved quantitative characterization of radiomics features.  

In conclusion, this dissertation developed methods to assess and account for the 

variability of radiomics features across CT imaging protocols and segmentation 

algorithms using anatomically informed lesion models.   
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1. Introduction 

1.1 Background 

Radiomics is the process of using measured quantitative attributes of human 

anatomy from medical images to develop predictive models of patient outcomes. The 

goal of radiomics is to identify biomarkers for patient prognosis which can be used for 

clinical decision support. Currently, the radiomics research is done either without 

accounting for the variety of imaging acquisition protocols – considering all potential 

systematic variability as a repeatability factor [1-4], or accounting for the acquisition 

protocol by restricting patient cases to only those cases which have consistent image 

acquisition protocols [5]. However, if radiomics features can be adjusted in models 

based on the systematic variability introduced by CT systems, it may be possible to 

develop better predictive models and better make use of retrospective data that may not 

have been acquired with consistent protocols. 

If quantitative features are to be used to support decision making in clinical 

practice, then it is necessary to characterize the bias and variability of those features 

measured from medical images and to identify ways to reduce sources of variability and 

to correct for systematic biases. Several previous studies have drawn attention to the fact 

that radiomics features can be impacted by imaging acquisition protocol [6-10]. These 

studies highlight the need to determine if the quantitative features measured are true 
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representations of the underlying patient anatomy, or if the features are susceptible to 

changes in slice thickness, dose, reconstruction kernel, or scanner manufacturer. 

Several studies have characterized the repeatability of radiomics feature 

measurements using test-retest patient data where patients are imaged, are given a 

“coffee break”, and then are imaged again. These studies quantify the repeatability of 

feature measurements at the same condition, but do not address the systematic bias 

introduced by the scanner [1-4]. Similarly, other studies have used physical phantoms to 

characterize the bias of scanning conditions using a reference protocol as a ground truth 

comparison that other protocols are compared against [6, 7]. In these studies, the bias 

could only be compared relative to other another protocol and not the physical ground 

truth. The physical ground truth is necessary to enable a truth-based correction to 

account for systematic variability from CT imaging systems. 

Phantoms can be used to characterize feature bias and variability representative 

of the object size, shape, and internal heterogeneity of the lesions in patients. In previous 

phantom studies, radiomics reproducibility was assessed for homogenous lesion models 

without internal texture [9]. Data collected from our group shows that different ground 

truth phantom characteristics do not necessarily give the same results of bias and 

variability, which highlights the need to verify that phantoms are relevant to the 

anatomy of interest in patients. Phantoms that do not have realistic internal 

heterogeneity are not representative of patient images and as a result do not have the 
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same effect on observer performance in a given task and do not have the same trends as 

a function of image noise and resolution properties [11-13]. 

While previous studies have highlighted the variability of radiomics features due 

to imaging quality and protocols[14, 15] they have also highlighted the effect of 

segmentation operator[16, 17]. Segmentation is a pre-requisite of the radiomic 

quantification by itself and is subject to the influence of image quality.  This creates a 

compounding effect: A poor radiomic quantification can be the results of either a poor 

segmentation or a poor image quality, and one cannot judge which one is the culprit and 

in need of revision or improvement. Isolating this compounding effects of image quality 

and segmentation would make it possible to decide on and optimize each 

independently, thus, to better understand and optimize radiomics calculations and 

study designs. 

After assessing the bias and variability of radiomics features due to imaging 

protocols and segmentation operators, it is necessary to make use of the information to 

improve radiomics prediction. In many cases, radiomics studies are designed with 

retrospectively collected patient data that may have been imaged with a wider range of 

protocols and scanners. In the case of retrospective data, it is necessary to investigate the 

possibility to harmonize the data or apply correction factors to account for different 

protocol effects. In the case of prospective radiomics studies, there is the possibility to 

standardize protocol choices at the beginning of the study. However, it is important to 
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know which protocols should be used to provide the most objective and robust 

measurements of radiomics features.  

The current landscape of variability in radiomics characterization calls for 

investigations that can provide resources and shed light on several unknowns.  Here we 

highlight a few crucial ones:  

1. What are the bias and variability of morphology radiomics features if one 

could have access to ground truth models that are anatomically informed and 

relevant to the patient? 

2. What is the effect of imaging system variability across different CT imaging 

protocols and scanner models on the bias and variability of radiomics 

features? 

3. How is the influence of CT protocols on variability in radiomics isolated from 

the that influence on feature segmentation, which is an integral of radiomics 

characterization? 

4. What is the best way to make use of the bias and variability measurements of 

radiomics features to retrospectively improve radiomics-based prediction? 

5. What is the best way to make use of the bias and variability measurements of 

radiomics features to prospectively identify the best imaging protocols and 

segmentation algorithms for most objective and robust measurements of 

radiomics? 
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1.2 Purpose 

The main hypothesis of this project is that radiomics studies for predicting 

clinical patient outcomes can be enabled by accounting for the systematic and stochastic 

variability of CT imaging systems. Following a introduction of the four primary 

requirements for effective radiomics prediction, the first part of the dissertation focuses 

on the measurability of the bias and variability of morphologic radiomics features across 

a wide range of CT imaging protocols and scanner models and across a variety of 

segmentation algorithms. That analysis includes a separate assessment of segmentation 

by itself, and how the influence of imaging protocol and segmentation together informs 

the resulting variability. We then explore how that information can be applicable to 

retrospectively correct measured radiomics features across heterogeneously acquired 

patient data. The purpose of the final part of the dissertation is to assess the quality of 

specific CT protocols and to prospectively reduce the variability of radiomics features. 

These results are used to inform the guidelines of the Quantitative Imaging Biomarkers 

Alliance (QIBA) for lung nodule volumetry.  
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2. Foundations of CT-based Quantification 

The purpose of this chapter was to introduce CT-based quantification in 

Computed Tomography (CT) by describing the key features necessary for successful 

quantification in CT, including radiomics quantification. The ideas and examples in this 

chapter were originally published as a book chapter in 2020 in the chapter “CT-based 

Quantification” in the book Computed Tomography[18]. Therefore, the contents in this 

chapter, including texts, figures, and tables were mainly reproduced from this 

publication. 

Image quantification is the extraction of quantitative measures from patient 

images and the relation of the quantitative measures to patient outcomes. For an image 

quantification to be most effective, it should meet four requirements of 1) relevance, 2) 

objectivity, 3) robustness, and 4) implementibility. A relevant quantification assigns a 

number to an observable biological or clinical phenomenon. An objective quantification 

measures the phenomenon accurately. A robust quantification measures the phenomenon 

precisely. An implementable quantification is one which can be implemented in a timely 

fashion in a clinical environment and workflow. Relevance can be assessed by studying 

how the quantification metrics correlate with clinical patient outcomes. Objectivity and 

robustness can be assessed using phantoms and biological models to test how different 

feature extraction workflows lead to different biases and variabilities in the feature 

measurements. The implementation of quantification in a clinical environment should be 
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such that it is automated, intuitive, and efficient. CT-based quantification has the potential 

to improve consistency and quality of patient care if it is applied using these principles. 

2.1 Introduction  

Quantitative imaging refers to the science, the technology, and the process of 

extracting quantitative values from medical images. The Radiological Society of North 

American defines quantitative imaging as “the extraction of quantifiable features from 

medical images for the assessment of normal or the severity, degree of change, or status 

of a disease, injury, or chronic condition relative to normal [19].” The key aspect of 

quantitative imaging is that it is not only the extraction of quantitative numbers – it is 

also using those numbers to assess the patient. Examples of quantities that might be 

extracted from medical images include measured image intensity values in a region of 

interest, measured diameters and volumes of different structures, and mathematical 

descriptions of texture to quantify internal anatomical heterogeneity for regions of 

interest. These quantifications might be used, for example, to decide if a lung nodule is 

responding to a therapy, to determine if there is stenosis in a cardiac vessel and the 

degree of severity of a stenosis, or to determine the likelihood of malignancy of a liver 

lesion. With first applications in oncology, cardiology, pulmonology, orthopedics, and 

neurology, quantitative imaging is a goal shared by many physicians and scientists 

across medical specialties with the end goal of improving patient care.  

Historically, medical imaging was developed to allow physicians to see a visual 

representation of the internal structures of the human body. Medical images were 
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valued for their ability to provide a non-invasive representation of internal anatomy that 

would allow for improved diagnosis and treatment of patients. For many years, medical 

images were used qualitatively by radiologists and physicians who would describe their 

findings based on what they were able to see in the images. However, scientists and 

physicians have realized that images have the potential to also provide a wealth of 

quantitative information towards the diagnosis and the treatment of the patient. 

One goal of using medical images for quantification is to improve patient care by 

making patient assessment and treatment decisions less susceptible to intra- and inter- 

observer differences. The use of quantitative imaging can make patient care more 

consistent by extracting numbers from patient images, with the idea being the numbers 

are less subjective and more consistent from one interpreter to another and for the same 

interpreter over time. Quantitative imaging also allows for the understanding of the 

degree of severity of a change in condition. For example, qualitative imaging allows a 

physician to see that a lung nodule increased in size between the first scan six months 

ago and the scan of the patient today. However, quantitative imaging, in theory, allows 

the physician to say that the lung nodule increased in size by 30%, for example. 

Quantitative information can help healthcare professionals ensure consistent care is 

delivered across patients and facilitates evidence-based decisions based on the 

significance of the findings.  

Each imaging modality has its own unique image quantification applications and 

technical challenges, with some modalities having more quantification potential. 
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Computed Tomography (CT) offers such a potential as the intensity values in the image 

correspond with the fundamental physical properties of the tissues. Even though the 

final image displayed is not in units of linear attenuation coefficient, the final image can 

be, to some extent, considered a normalized linear attenuation coefficient scaled with 

water set to a value of 0 Hounsfield Units (HU) and air set to -1000 HU. Generally, 

physicians know the expected HU for a given tissue at a given kV and can therefore use 

an average HU measurement to understand the extent of disease. In addition to HU 

measurements, iodine concentration can be quantified using dual energy CT to create 

iodine material decomposition images. Iodine quantification can be used to infer the 

iodine contrast uptake in tissue. Other quantitative measurements in CT include 

measurements of distances, areas, and volumes of interest for differentiation of image 

features. Recently, an emerging field of radiomics has offered expanded quantitative 

measurements including intensity enhancement reflecting temporal properties of 

perfusion and diffusion in tissue, texture reflecting internal heterogeneity of tissue, and 

morphology reflecting the shape and geometry of a region of interest [1, 20, 21].  

In CT, there are several challenges to quantification. While the fundamental 

measure of CT is linear attenuation coefficient, there are many factors that alter the final 

CT image properties. Quantitative measures from CT are likely susceptible to the many 

‘knobs’ that can be manipulated in image acquisition and reconstruction, including kV, 

mAs, pitch, reconstructed slice thickness, reconstruction type, and reconstruction kernel. 

An example of an image ‘knob’ which can impact quantification is the combination of 
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kV, mAs, pitch, and average patient size which interact to determine the noise 

magnitude in the image. Images with greater noise magnitude may result in highly 

variable quantification of specific patient attributes. Further, manufacturers deploy 

different reconstruction kernels in the process of creating CT images which are not 

necessarily designed for quantitation. A CT image may be reconstructed using a 

reconstruction kernel that makes the images more appealing to be viewed by a 

radiologist; however, that does not necessarily make the image better for quantitation. 

Different kernels may alter the size and shape of an object and the gray levels of the final 

CT image. The processes of beam-hardening and scatter correction further impact the 

quantitative capability of the scanner. In CT, most manufacturers keep the details of 

reconstruction and correction methods as proprietary information, making it difficult to 

undo the effects. The precision of quantification in CT must be addressed if one is to 

ensure that evidence-based decision-making is relevant to the patient, and not simply a 

reflection of the imaging acquisition and reconstruction settings.  

In principle, any imaging quantification, including that in CT, needs to meet four 

requirements to be most effective (Table 1). Those include (1) clinical and biological 

relevance (ensuring the attribute of an image is worth quantifying), (2) objectivity 

(ensuring the quantification measures what we believe to be the truth of the object being 

measured), (3) robust quantification (ensuring the imprecision in the quantification is 

understood and mitigated, and (4) clinical implementability (ensuring the quantification 

is possible to implement clinically in a way that is usable by medical professionals).  
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The following sections of this chapter will give an in-depth description of the 

four main aspects of quantification and describe the requirements and challenges 

associated with each.  

Table 1: Definitions of the four main aspects of quantitative metrics to ensure 

high quality quantification in CT. 

Quantification 

requirement 
Definition Determination 

Relevance 

Quantification that is associated with a 

useful biological or clinical outcome of a 

patient 

Ascertaining the correlation of 

metrics with clinical outcomes or 

intermediary clinical outcomes 

(e.g., progression) 

Objectivity 

Quantification that is associated with 

accurate and representative of the 

underlying truth of the patient or the disease 

Ascertaining the bias or accuracy 

of metrics in comparison to 

known property of the tissue or 

object (i.e., gold standard) 

Robustness 

Quantification that is associated with 

metrics which can be measured precisely 

Ascertaining the variability of 

metrics in repeated 

measurements 

Implementation 

Quantification that is associated with 

metrics which can be effectively 

implemented clinically 

Ascertaining the needed tools 

and their usability in clinical 

settings 

 

2.2 Relevance 

It is fundamental to CT-based quantitative imaging that the quantification of an 

attribute have clinical and biological relevance to the patient. Relevance is ascribed to a 

quantification metric which can successfully quantify usable biological or clinical 

outcome of a patient. A relevant metric would be correlated with an observable 

biological phenomenon. Relevance is the overall end goal of quantitative imaging; 

however, it is so integral and important to quantification that it must be addressed at the 
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beginning. The end goal of quantification in CT, or in any other imaging modality, is to 

be able to make an assessment or decision about patient disease status. If a 

quantification does not give information about a patient disease status, related to the 

biological truth of the patient, then the quantification is not relevant, and physicians and 

scientists should not continue to investigate the quantification. In another word, all 

quantifications must be relevant by being grounded in some clinical or biological 

understanding of the disease or disease process. Example biological and clinical 

phenomena in CT which have been quantified include tumor/lesion size, tumor/lesion 

spiculation, and extent of cardiac stenosis, each of which are relevant attributes of a 

disease independent of imaging. 

 Tumor/lesion size is a known indicator of patient outcome, with the 

general trend that patients with larger tumors and lesions tend to have worse survival 

than patients with smaller lesions [22]. Tumor size is also used as an endpoint for 

clinical trials to indicate whether a patient is responding to a therapy [23]. Since this 

phenomenon has been observed and understood biologically, any quantification that 

seeks to measure tumor size and is successfully able to do so would be considered a 

relevant quantification. In-plane diameter, area, and volume are all metrics which seek 

to quantify tumor size. While there may be debate about which of these metrics can be 

measured robustly and accurately in a clinical scenario (which we tackle as a third 

requirement below), all these metrics are considered relevant because they quantify the 

size of the tumor/lesion which has also been known to correlate with patient outcome.  
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 Degree of coronary artery stenosis is another example of an observable 

biological phenomenon which is predictive of patient outcome. A stenosis is defined as 

the narrowing of a blood vessel. When blood vessels are narrowed, the flow of blood 

through the region is restricted. Therefore, patients whose vessels have more stenosis 

are more likely to have worse outcomes. The degree of stenosis might also indicate to a 

physician that a more extensive intervention may be needed for the patient. Since the 

degree of coronary artery stenosis is understood clinically and biologically, any metric 

that successfully quantifies the extent of stenosis is a relevant quantification. Coronary 

artery stenosis can be measured as a percentage of the normal size by measuring the 

area of the normal vessel and the area of the stenosed region and relating the two 

measurements in a ratio. While this quantification may not be robust and accurate across 

all cardiac CTs and all patient heart rates, the quantification is relevant because it seeks 

to quantify an observable trait which correlates with a clinical outcome.  

 A final example of a biological and clinical disease process which has 

been quantified is lesion spiculation. In general, lesions which are more spiculated at the 

edges, rather than having well-defined smooth boarders, are more likely to be malignant 

[24]. Researchers in the field of radiomics have developed several metrics which seek to 

quantify the extent of spiculation of a lesion by calculating the variability of the distance 

from the perimeter to the center of the lesion [25]. Others have quantified spiculation by 

measuring the average gradient of the edge of the lesion to quantify the level of 
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definition in the lesion margins [26]. Metrics that seek to quantify lesion spiculation are 

examples of biologically and clinically relevant metrics. 

 It is essential that quantification be grounded in patient outcomes and 

biology to ensure that the metrics are worth implementing clinically. Ensuring biological 

and clinical relevance will also give an understanding of the expected trends against 

which to check that the metrics are giving the results we expect. For example, a new 

metric to quantify lesion spiculation can be tested against images of lesions with a range 

of known spiculations. If the metric is found not to be corelated with observable changes 

in spiculation level of lesions, the quantification is not relevant to the biological 

phenomenon aimed to be quantified. Ultimately, if quantitative metrics extracted from 

patient images are not biologically relevant, then the metrics will not be useful for 

improving patient care.  

 While it may seem obvious that quantitative metrics should be metrics 

which are relevant to biological and clinical outcomes, it can be easy to get caught up in 

quantification for quantification sake and lose sight of the overall goal and purpose of 

image quantification. Along these lines, statistically, it is easy to find a quantification 

metric which seems relevant if enough candidate metrics are tested. For example, let’s 

say we have CT images of 200 patients, and we know how long the patients survived 

after being diagnosed with lung cancer and we wanted to find a quantification which 

correlates with patient survival. If we decide to skip the assessment of biological 

relevance and simply test as many quantification metrics we can find to see which is 
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correlated with survival, we may end up finding a quantification which appears to 

correlate with outcomes simply due to chance. However, if we do not take the time to (1) 

account for multiple hypothesis testing by either correcting for it or acquiring more 

patient cases or (2) determine scientifically how the mathematics of the quantification 

might relate to what we are able to see in the patient images, then we cannot be sure that 

the quantifications are relevant to clinical outcomes and patient biology, rather than 

simply being due to random chance [27].  

 When the precise underlying biological processes are unknown, the 

expertise of expert clinicians can be harnessed to identify and create clinically 

meaningful quantifications. For example, when radiologists read and interpret patient 

images containing lesions, they often subjectively deploy image signatures associated 

with malignancy, such as qualities associated with borders or necrosis. Those attributes 

can be made into quantitative biomarkers. This method of creating quantitative features 

can create disease-targeted quantitation that takes advantage of radiologist expert 

information. Needless to say, having biomarkers founded on biological or clinical 

foundations, it would still be necessary to follow appropriate statistical methodology to 

ensure that any newly developed metric is statistically predictive of patient outcomes.  

In summary, quantitative metrics extracted from patient CT images must be 

biologically and clinically relevant. For metrics to be relevant, they must be correlated 

with observable changes in patient anatomy and disease which are reflective of changes 

in biology and anatomy of the underlying ground truth of the patient. Examples of 
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metrics which are based in biological relevance are quantification of lesion size, cardiac 

plaque stenosis, and lesion spiculation. While not all metrics developed to quantify 

biological phenomena can be measured with adequate accuracy and precision, metrics 

which are relevant to biological and clinical ground truth are the only metrics worth 

studying for the improvement of patient care. Even if a metric were developed which 

could be measured accurately and precisely for every patient, if the metric did not give 

information to clinicians about the disease state and did not aid the clinicians in their 

decision-making process about patient care, then the metric would not be relevant.   

2.3 Objectivity 

Objective quantification metrics are ones which accurately assign a number to 

the observable expected phenotypic variation for normal patient anatomy and disease. 

In other words, objective quantifications are quantifications which are accurate and 

representative of the underlying ground truth of the patient. Objective quantifications are 

ones which are accurate and not biased depending on how the quantity is measured. An 

easy way to understand objective measurements is with the example of height. When a 

person asks how tall you are, you could give an objective measurement of your height if 

you used a tape measure. You know that your measurement is accurate because there is 

a reference standard object which represents 1 meter against which all other methods 

were evaluated. The development of the reference standard meter stick allowed the 

measurements of distances to be objective and standardized.  
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In CT, objectivity is sometimes difficult to achieve because there is variation in 

the ways that CT images are presented depending on which settings were chosen to 

both acquire and reconstruct the CT images. This is partially because CT was largely 

developed to obtain a qualitative image of internal anatomy rather than to obtain 

quantitative data points. As such, the many different settings can lead to different 

quantifications depending on how the images were acquired and reconstructed. As a 

result, quantitative metrics measured from CT scans are not necessarily objective. As an 

example, if one seeks to quantify tumor volume, the objectivity is compromised if the 

value is dependent on the CT machine – such as if volume on one CT scanner is 500 mm3 

and on another is 550 mm3.  

While CT is not an inherently objective way to acquire data, the challenge of 

objectivity can be overcome if you can account for differences between CT scanners and 

methods. By accounting for any systematic bias, then we can make the quantification 

objective. If we return to the height example, a biased tape measure would be one that 

you know underestimates your height by 5 inches. Since you know that the tape 

measure underestimates by 5 inches, you can correct for the bias by adding 5 inches to 

your height as measured using that specific tool. Similarly, if you can determine that 

with scanner model A, all volumes are underestimated by 20%, then you can add 20% to 

whatever measure of volume you get from scanner model A. Underlying this discussion 

is the need to have a gold standard reference object which can be used to compare 

different CT scanner acquisition and reconstruction settings. To assess the objectivity of 
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a quantification, it is necessary to have such a gold standard reference to ensure that the 

quantification is an objective measure of the ground truth of a patient, rather than an 

effect of the scanning or analysis process.  

In CT, a gold standard can be supplied by a known object, which can be physical 

or computational. The object should be made with material and morphological realism. 

The object can then either be physically scanned by a CT scanner or can be virtually 

scanned by a simulated CT scanner through so-called the virtual clinical trial 

process[28]. The CT scanned versions of the object can be visually and quantitatively 

compared to the ground truth. The quantitative features from both the ground truth and 

the CT image can be compared to calculate any bias which was introduced by the 

specific CT scanning acquisition and reconstruction settings. This process can be 

repeated for multiple acquisition and reconstruction settings to determine the exact bias 

in any specific imaging settings. For example, a study was performed to calculate the 

bias in morphology features of lung lesions across different protocols[16]. The results 

can be displayed in a heatmap with different protocols along one axis and different 

morphology features along another axis and the feature bias displayed in color as shown 

in Figure 1.  
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Figure 1: The percent relative bias of morphology features 

is shown for lung nodules imaged by different imaging protocols from multiple 

vendors using different kernels, doses, and slice thicknesses. The positive bias 

(overestimation) is shown in pink and the negative bias (underestimation) is shown 

in green. 

The process of creating ground truth objects to be scanned by CT scanners to 

verify quantitative accuracy has been done for several applications. For example, ground 

truth objects which have internal heterogeneity have been developed to allow 

verification that texture features measured from CT scans are truly indicative of the 

ground truth of the object and are not merely unintended quantification of image noise 

or some other image feature[6, 29]. Figure 2 shows the process of computationally 
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creating 3D printed texture lesion models. Another example is coronary artery stenosis. 

When physicians measure percent stenosis from CT scans, they want to be sure that 

their measurement is reflective of the ground truth stenosis in the patient. Using a 

ground truth phantom with a known stenosis, the effects of different CT imaging 

acquisition settings and different motion profiles of the moving vessels in the heart were 

tested [30]. A final example is related to metal artifacts in images. If a physician wants to 

measure the contrast of the aorta to determine the enhancement curve over time after 

administering IV contrast and the aorta is affected by a metal artifact, it would be 

necessary to quantify the extent that the metal artifact impacts the objectivity of the 

measurement. This was previously studied by creating an exact replica of a metal object 

using a non-metal material [31]. Both the metal object and non-metal replica were 

separately inserted into models of the aorta and imaged with a CT scanner. The 

difference in contrast was calculated for the metal and non-metal cases for a variety of 

imaging acquisitions or reconstruction settings.  

 

Figure 2: 3D printed textured lesion models were created by starting with a 

simple geometrical sphere. 



21 

 

The sphere was updated to have anatomically informed morphology and texture 

before it was sent to the 3D printer to create a physical model. 

While it may sound simple to determine the objectivity of quantification, 

sometimes it can be quite difficult to determine if a metric is correlated with underlying 

biological truth. To ensure independence of CT system influence, it is necessary to have 

ground truth biological models which are (1) representative of patient anatomy and 

disease and (2) are made of materials which are anatomically realistic when imaged by 

CT. For simulated CT scans, biological material properties of the model need to be 

known so that the attenuation through the model can be simulated. In terms of ground 

truth realism, it may be possible that the ground truth objects used to test imaging 

acquisition settings are not similar enough to the underlying ground truth anatomy of 

patients, and therefore the results would not give objective information about the 

patients.  

Generation of realistic anatomic and disease models is challenging because it is 

incredibly difficult to ever know the ground truth anatomy of the patient, and therefore 

it is difficult to ensure that models are representative of patient anatomy and disease. 

Ground truth of the patient cannot be determined directly from CT scans because the 

patient anatomy as displayed by CT scans has already been affected by the imaging 

system. Ground truth anatomy cannot always be determined even by surgical means 

because the surgery itself changes the morphological and anatomical appearance of the 

area of interest. For example, lung tissue that has been removed from a patient and 

scanned by a micro-CT scanner does not retain its shape and morphology outside of the 
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living and breathing patient. Several solutions to the problem of creating anatomical 

models include (1) iteratively generating ground truth models which are blurred by the 

system MTF and injected with noise according to the system NPS and are then updated 

based on comparison with a CT representation of the anatomy [32, 33], and (2) using 

biomechanical and physiological theoretical models to create models grounded in 

biology [34, 35]. Example anatomical models with realism have included morphological 

lung and liver lesion models [36], internal heterogeneity liver models [32], internal 

heterogeneity lesion models (Figure 3)[29], and cardiac plaque models [30].  

 

Figure 3: Examples of 3D printed textured lesion models of different sizes with 

anatomically informed texture and morphology (Left). 
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The lesion models are shown next to a quarter for size comparison. A cross section of 

a textured lesion model which was cut to show the internal heterogeneity of the two 

materials (Right). 

Another challenging aspect of ascertaining objectivity is ensuring the fidelity of 

the ground truth object. In cases of 3D printing, theoretically the ground truth object is a 

known quantity because it is 3D printed, and therefore the size, shape, materials, etc. 

should be exactly known. These objects which are exactly known can be inserted into 

anthropomorphic phantoms and scanned with commercial CT scanners (Figure 4). 

While 3D printing is incredibly powerful, the 3D printing process itself is not always 

exact. The 3D prints themselves need to be validated and verified for their accuracy, 

both geometrically [37] and in terms of material density; the current 3D printed 

materials have a limited range of radiodensity for soft tissue representation, making it 

difficult to represent realistic anatomical heterogeneity.  Using computational models 

and simulation through so-called virtual clinical trials offer advantages that remedy 

these limitations.   
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Figure 4: Example cross-sectional CT images  

(scanned with GE Revolution, FBP Standard Reconstruction) of heterogenous 

and morphologically realistic 3D printed nodules imbedded within the 

anthropomorphic chest phantom. 

In summary, quantification should be objective to give information about the 

ground truth anatomy of the patient. Any quantification should be reflective of the true 

state of the patient rather than the imaging technology used to obtain images. To assess 

objectivity, ground truth reference objects are needed to study the various ways that 

different imaging acquisition and reconstruction settings impact the ability to make 

objective measurements. Objectivity can be assessed by quantifying the bias between the 

ground truth and the CT representation of the ground truth. In creating a ground truth 

reference object, ether physical or computational, it is important to ensure that it is 

designed with materials and morphology which is representative of patients. It is also 

important to verify that the objects created are exactly known and are not altered over 

time or during the creation process. 
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2.4 Robustness 

Once we have identified a relevant attribute of a patient to which we want to 

assign an objective quantification, what is the best way to quantify the attribute? For 

example, we know that lesion size is a relevant attribute of a lesion indicative of patient 

outcome, but how do we quantify it? Volume, area, and in-plane diameter are all 

different ways to assign a number to lesion size, but which is the best quantification that 

can be made most objective and most precise? There may even be a better metric that 

quantifies size. With all the different options for quantifying an attribute, it is 

challenging to determine which quantification will be the best one which will ensure 

objectivity but will also be able to be measured robustly.  

 Quantifications are considered robust when they can be done precisely 

with low amount of variability. Ensuring robustness is all about ascertaining the 

imprecision in any measurement and identifying, and possibly mitigating, the sources of 

variability. Variability can be measured between different scanners, within the same 

scanner across different patients, or even within the same scanner and same patient over 

time or on the same day, after a so-called “coffee break.” There are many sources of 

variability in the quantification process including the quantification metric itself, the 

inherent noise properties of the scanner, the variability between different imaging 

conditions, the variability in the ground truth of the patient day-to-day, the operator or 

segmentation algorithm used to identify the object or region of interest in the image, the 

amount and type of contrast given, the background anatomy interfering with isolating 
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the object, and the extent of motion in the patient. Figure 5 gives an example of how the 

same lesion may look different on a CT scan based on different resolution and noise 

properties alone. 

 

Figure 5: The same lesion model presented with different noise and resolution 

properties of commercial CT scanners. 

The first variability which must be understood is that caused by image noise 

which is always present in CT imaging. Noise in CT images never presents in the same 

way from scan to scan and can significantly impact the robustness of certain 

quantifications. The variability due to image noise can be assessed by re-scanning the 

exact same object or patient under the exact same conditions consecutively in what is 

known as a test-retest or a “coffee-break” study design. The consecutive images can be 

analyzed by extracting the same quantitative feature, such as volume, texture, or 
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contrast. The two extracted measurements from the two consecutive images will never 

be the same due to the inherent noise in the image. If the same object were scanned 100s 

of times in a row and the feature was measured every time, it would be possible to 

measure a standard deviation for the quantification which is due strictly to the noise 

alone. This is the fundamental first level of variability which underlies the process of 

image quantification and is specific to each acquisition setting and noise level in the 

image.  

 The next level of variability is caused by the different settings which 

could be used to acquire CT scans. The variability due to different scanning conditions 

can be assessed by scanning the same object multiple times using multiple different 

scanning settings. The quantitative measurement can then be extracted from the images. 

A standard deviation of the quantitative features can be calculated to describe the 

variability due to scanning conditions. This variability can potentially be considered a 

systematic effect that can be mitigated by calibrations or corrections, but when many 

clinical applications use imaging generically without respect to this effect, it is important 

to understand it as a source of random variability in the quantitative feature 

measurement. If this variability is large, then it may be necessary to define specific 

scanning protocols, such as specific slice thickness, image noise, and reconstruction 

method, which limit the variability in the final quantification measurement. For 

example, texture measurements of lesions may be significantly affected by the image 

noise, slice thickness, and reconstruction settings [15]. To limit the variability in this 
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space, it may be necessary to define specific protocols which render extracted features 

with a controlled level of variability.  

 Another level of variability which is important clinically is the variability 

in a feature due to different readers and segmentation algorithms [38, 39]. To illustrate 

the importance of this variability, consider a patient with a lung lesion being treated and 

monitored over time to assess the effectiveness of the therapy. If the patient is scanned 

and the volume of a lesion is measured by one radiologist, and 6 months later, the 

patient returns to the clinic and is scanned again and the lesion volume is measured by a 

different radiologist, we want to be sure that the variability between different 

radiologists is low so that we can trust that the measurements are precise descriptions of 

the patient disease status. This inter-observer variability can be assessed by giving 

different observers the same sets of images for analysis [39]. Each observer is asked to 

process the relevant anatomy and measure the quantitative feature. A standard 

deviation can then be calculated to quantify the variability due to different observers. 

The same methods can also be applied to different segmentation algorithms which can 

be manual, automatic, or semi-automatic. It is likely that some segmentation algorithms 

will be less variable than others and therefore, the segmentation algorithms which are 

less variable should be used for quantitative purposes to ensure precision in 

quantification. However, it is always important to note that segmentation algorithms 

which are more precise might also be biased – and if so, the bias should be mitigated.  
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While sources of variability are naturally present in the process of quantification 

in CT, there are ways to determine the quantification of an attribute which is most 

robust across different sources of variability. For example, the feature compactness is a 

metric that takes the ratio of volume to surface area to describe how similar or different 

an object is from a sphere. There are several equations used to measure compactness, 

and some measures are less variable than others when applied to CT images which 

contain voxelized depictions of objects. Voxelized objects have inherent variability at the 

edges due to partial volume averaging which leads to a variable determination at the 

edges of an object, i.e., whether a pixel should be included or excluded from the 

segmentation mask. The variability at the edges might be different if the object were 

scanned differently or if the boundary of the object was assessed by different people. 

This variability can either be magnified or suppressed depending on how compactness 

is calculated.  

One method, which magnifies the variability in compactness, uses calculations of 

volume and surface area which are made directly from the voxelized segmentation 

mask.  The voxelized surface area is very misleading because the surface area of a 

voxelized object is the sum of all the external faces of the cubes that make up the object. 

Since anatomy is not made up of cubic faces, the cubic calculation of surface area tends 

to lead to an over-estimation of the surface area and also to a more variable measure of 

surface area depending on which specific boundary voxels do or do not get included in 

the segmentation mask. Another method of calculating compactness uses the volume 
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and surface area of meshes which are fit to the voxelized object. This method is less 

variable that the previous method because the mesh fit takes out the systematic over-

estimation of surface area and reduces some of the variability of included and excluded 

voxels at the edges of the object. Yet, another way to measure compactness is using the 

equation for discrete compactness [40] which calculates compactness on a voxelized 

object using a formula based on the number of voxels included in the segmentation 

mask. This discrete compactness method was shown to be less variable than other 

metrics in the case of voxelized objects [40]. This example illustrates that the method of 

quantification of an attribute can affect the robustness of the measurement, and that 

quantification methods should be chosen carefully to minimize sources of variability.  

  Variability in quantification can also be due to variations in the biology 

of a patient. For example, in the quantification of coronary stenosis, patient heart rate 

can affect the stenosis quantification such that patients with higher heart rates have less 

precise quantification of stenosis than patients with lower heart rates [30]. Another 

example of biologic variability is the variability in lesion measures due to confluence of 

the features of the lesion and the segmentation process. For instance, if the lung lesions 

have well-defined margins, they may be able to be segmented with less variability than 

lesions which are more spiculated and have unclear boundaries between cancerous 

tissue and healthy tissue. In this case, spiculated lesions may result in volume 

measurements which are less robust and less precise than well circumscribed lesions. A 

third example of biologic variability is the degree of motion-induced blurring affecting 
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the quantification of radiomics features [41]. A final example of biologic variability is the 

case of metal in the patient. Patients with metal implants which are located near relevant 

anatomy may have more variable quantification of features because of variations in how 

the metal artifact presents itself in the image. The metal artifact induced variability also 

may be impacted by any metal artifact reduction algorithms used.  

 Study designs for ascertaining measurement robustness can be performed 

in patients, physical phantoms, computational, and hybrid datasets, each with their 

relative strengths and weaknesses. Test-retest studies in patients [42, 43] are useful for 

providing realistic anatomic geometry and material properties; however, these studies 

lack ground truth, are expensive, and subject patients to ionizing radiation. Studies of 

robustness in phantoms [44, 45] are useful for knowing the ground truth and 

overcoming radiation exposure limitations; however, they have the added challenge of 

utilizing phantom geometry and materials which may not be realistic and complex 

compared with patients. In addition, physical phantom studies only allow for a finite 

number of different objects and scan repeats [46] due to resource constraints in creating 

different combinations of physical phantom characteristics and scans. Hybrid datasets 

[47], which are created by inserting computational models of lesions into patient data, 

can be created to ascertain robustness. Hybrid datasets have been shown to yield similar 

conclusions to real CT datasets [17], with added benefit of knowing the ground truth of 

the inserted lesion. The downside of hybrid datasets, however, is that they are often 

limited to study imaging acquisition protocols which have been previously used to 
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image patients. Finally, simulation studies of CT imaging systems through virtual 

clinical trials [16, 28, 46] can be useful for quantifying variability across a larger range of 

possible scenarios with known ground truth. While simulation studies are fast and cost-

effective, they have the caveat that they need to be validated to ensure realism. Each 

study design has its relative strengths and weaknesses, ranging on a spectrum from 

controlled experimentation to clinical realism (Figure 6). In the process of ascertaining 

the robustness of a quantitative feature, it may be necessary to use a combination of 

patient, phantom, hybrid, or simulation studies to fully understand and validate the 

expected degree of variability.  

 

Figure 6: The range of possible studies to ascertain variability ranges from 

controlled experimentation to clinical realism.  

Each type of study has its relative merits and drawbacks. 

It is important to understand the degree of variability of a feature because it is 

important to be able to differentiate between real biological change in a quantitative 
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feature over time and an artifactual change due to the quantification process itself. For 

example, consider a case where a patient with a liver lesion is being monitored over 

time. At each time point, the liver lesion volume is measured. It is important to know the 

expected variability in liver lesion volume due to different acquisition settings, image 

noise, segmentations, etc. so that we can say with confidence either that the patient’s 

liver lesion is truly getting larger or that the change is likely due to inherent variability 

in the imaging and quantification process. By knowing the variability, a minimum 

detectable change in liver lesion volume can be calculated with, for example, 95% 

confidence. The concept of minimum detectable difference, which has been previously 

applied to iodine concentration [48] and lung nodule volume estimation [49], can be a 

powerful tool to aid decision-making about when the differences in a quantification are 

real and when they are due to other imaging factors.  

  In summary, ideal CT-based quantification should be robust across 

different sources of variability present in CT. The fundamental underlying variability in 

CT imaging is due to different instances of image noise. Other sources of variability 

come from differences in CT acquisition protocols and scanners, in observes and 

segmentation algorithms, in methods of quantifying a given biological phenomena, and 

in the patient anatomy and biology. Variability can be assessed by imaging the same 

object across the different sources of variability. After variability has been assessed, it is 

necessary to ensure that the quantification process is done in the most robust way to 

limit the impact of variability. This may involve choosing specific CT imaging protocols 
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and segmentation algorithms which minimize variability of a specific quantitative 

feature. It may also involve choosing the quantification method which is most precise 

and robust in the context of voxelized images of human anatomy. It will never be 

possible to eliminate variability entirely; however, if variability is known, then it can be 

used to give a lower limit on the ability to detect a change in quantitative features, i.e., a 

lower minimum detectable change.  

2.5 Implementation 

 While it is essential that the extraction of quantitative measures from CT images 

be relevant to biology, objective, and robust, it is also essential that the process be 

implementable in a clinical workflow. Quantification will not ultimately improve patient 

care if it is too difficult to implement or if the process of calculating quantitative features 

takes too long compared with the clinical demands. For example, if the time needed to 

compute a quantitative metric is too long, it may be impractical. If the quantification 

requires an in-depth interaction between a clinician and a quantification user interface, 

this may also be impractical. It is therefore necessary to integrate quantification into the 

clinical software and to make the process of quantification as automated and as intuitive 

as possible.  

Integration and automation of quantification into clinical software has several 

potential benefits for patient care. One benefit of automation is that it makes the process 

less dependent on specific members of the clinical care team to take time out of their 

schedules to initiate a quantification workflow. Automation also has the benefit of being 
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less prone to inter- and intra-observer differences and would therefore be more likely to 

be robust.  For example, if the clinical implementation of a volume measurement requires 

a radiologist to manually segment multiple slices of a lesion, this may become too time 

consuming for the clinical workflow and may also lead to a high degree of variability 

between different radiologists. However, if the process of segmentation can be semi-

automatic so that the radiologist just needs to do minimal manual segmentation in a single 

slice, this will save time.  

There will of course be more timesaving by implementing automatic algorithms 

which segment the desired anatomy independent of human input.  Automatic 

segmentation can further send the results to the electronic record; this would allow the 

radiologist to see quantitative results while reading the images. The challenge with 

automatic segmentation, however, is that it will be necessary to ensure that the 

segmentation worked in all cases the way it was intended. Some patients have conditions 

which make the automatic detection of their anatomy challenging. Examples include lung 

and spine segmentation in patients with collapsed lungs and severe scoliosis. In these 

cases, when the anatomy is significantly different from what is expected, the algorithm 

may fail to work as intended. Therefore, it may be necessary to have a user interface which 

can display the segmentation to a clinician to ensure proper quantification. It will also be 

ideal to design the interface such that it gives the clinicians the variability surrounding 

the extracted quantification so that they know the imprecision of any quantity that they 

may use to make clinical decisions. The advances in machine-learning and AI methods in 
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image segmentation and quantification can address some of the current limitations, but 

that will take time. 

Some other key considerations for implementation include designing a 

quantification tool which is efficient without compromising patient care and designed to 

allow for the most efficient and intuitive interactions between caregivers and the 

technology. For example, if the quantification tool calculates quantitative features but 

displays them in a confusing way or makes the clinicians work to find the desired results, 

then the technology is likely to be under-utilized clinically. A well-designed user interface 

would be intuitive for clinicians to use, making it easy for them to find and interpret the 

quantitative results they need to make clinical decisions.  

In summary, CT-based quantification should be implementable clinically. 

Clinically implementable quantification tools should operate with high speed and be 

integrated into the clinical workflow. Automation of segmentation in clinical software will 

make quantification less prone to inter- and intra-observer differences and will save time 

that would have been spent by clinicians in segmenting and calculating features. One 

challenge with automation of segmentation and feature calculation is the need to validate 

the segmentation and calculation. If quantitative features are presented to radiologists 

while they are reading, the interface which displays the quantitative results should be 

intuitive to understand and to use. The machine-learning methods can provide significant 

advantages in improving the robustness and implementability of quantitative CT.  
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2.6 Interactions 

While we present the relevance, objectivity, robustness, and implementation as 

four distinct aspects of quantification, these aspects are closely related and inform one 

another. For instance, it is uncertain if a metric is relevant until it is robust enough for 

this to be ascertained. As such, it is difficult to discern if it is better to start by identifying 

relevant metrics and then later test their objectivity and robustness, or if it is better to 

identify robust and objective metrics and then later determine if they are relevant. For 

example, if we consider quantification of texture features, it may be possible that texture 

features derived from Gray Level Co-Occurrence and Gray Level Run Length matrices 

are relevant metrics which correlate with patient outcomes. However, until researchers 

and clinicians can identify a quantification protocol which reduces the variability and 

bias, it may appear that the metrics are not correlated with patient outcomes. It may be 

the case that metrics which are not robust, and objective are also less likely to be 

clinically relevant, and as a result the attributes feed into and inform each other (Figure 

7).  
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Figure 7: The aspects of relevance, objectivity, and robustness are at times 

interrelated and feed into each other.  

Implementation is shown on the outside because it can only be achieved effectively 

once the other three aspects have been established. 

2.7 Conclusions 

While CT-based quantification has not been the historical norm in radiology, its 

continued and expanded use allows for patient care to be more consistent and evidence-

based. For CT-based quantification to be effective, it will be necessary to ensure that 

quantification is clinically and biologically relevant, objective, robust, and finally 

implementable clinically. Biological and clinical relevance is the overall end-goal of 

quantification in CT because the metrics measured from CT scans must be useful 

clinically. Once metrics have been identified which are biologically and clinically 
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relevant, then it is necessary to make sure that those measurements capture the physical 

quantity they are intended to measure and that they do so in a way that is objective and 

robust. Ideal quantifications are done with low variability and with a high degree of 

accuracy. To verify the accuracy and variability, it is necessary to have biologically 

relevant reference ground truth. Finally, quantification must be implementable in a 

clinical workflow and therefore must have sufficiently fast computation time and must 

be presented in a way which is intuitive for clinicians to understand and to use.   

Not addressed in this chapter is the provision of approaching quantitative CT 

without the medium of radiomics biomarkers – taking advantages of machine-learning 

methods operating on large datasets to ascertain the disease condition directly from the 

data. This is an exciting prospect with much potential.  However, this development 

requires large amount of “clean” data, with established ground truth, so the training 

process can be trusted. Further the results should ultimately be understood and related 

to the biological reality of the disease, provisioned through radiomics. And finally, many 

sources of variabilities noted above can limit the reach of radiomics-less methodologies 

as well.   As such, we expect that in the decades to come, quantitative CT will be 

advanced along both the principle-driven/radiomics and data-driven approaches. 

Ultimately, as in all medical developments, the goal is never the tool, but the good that it 

is expected to provide to advance human health. 
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3. Measurability of bias and variability of morphologic 
features of lung lesions  

The purpose of this chapter was to develop a technique to measure the bias and 

variability of morphologic radiomics features using ground true anatomical lesion models 

and a CT simulation technique. The work developed in this chapter was published in SPIE 

Journal of Medical Imaging under the title “Systematic analysis of bias and variability of 

morphologic features for lung lesions in Computed Tomography”[16]. Therefore, the 

contents in this chapter, including texts, figures, and tables were mainly reproduced from 

this publication. 

A total of 15 lung lesions were simulated (five in each of three spiculation classes: 

low, medium, and high). For each lesion, a series of simulated CT images representing 

different imaging conditions were synthesized by applying 3D blur and adding correlated 

noise based on the measured noise and resolution properties of five commercial multi-

slice CT systems, representing three dose levels (CTDIvol of 1.90, 3.75, 7.50 mGy), three 

slice thicknesses (0.625, 1.25, 2.5 mm), and 33 clinical reconstruction kernels from 5 clinical 

scanners. The images were segmented using 3 segmentation algorithms and each 

algorithm was evaluated by computing a Sorensen-Dice coefficient between the ground 

truth and the segmentation. A series of 21 shape-based morphology features were 

extracted from both “ground truth” (i.e., pre-blur without noise) and “image rendered” 

lesions (i.e., post-blur and with noise). For each morphology feature, the bias was 

quantified by comparing the percent relative error in the morphology metric between the 

imaged lesions and ground truth lesions. The variability was characterized by calculating 
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the average coefficient of variation (COV) averaged across repeats and imaging 

conditions. The active contour segmentation had the highest average Dice coefficient of 

0.80 followed by 0.63 for threshold, and 0.39 for fuzzy c-means. The bias of the features 

was segmentation algorithm and feature dependent with sharper kernels being less 

biased and smoother kernels being more biased in general. The feature variability from 

simulated images ranged from 0.30-10% for repeats of the same condition and from 0.74-

25.3% for different lesions in the same spiculation class). In conclusion, the bias of 

morphology features is dependent on the acquisition protocol in combination with the 

segmentation algorithm used and the variability is primarily dependent on the 

segmentation algorithm. 

3.1 Introduction 

Computed Tomography (CT) scanners were initially designed for anatomical 

imaging purposes. However, due to their relatively high ability to render spatial details, 

CT images have increasingly been used to extract quantitative data with the aim of more 

accurately and precisely diagnosing disease and assessing treatment response [20, 50, 

51].  For example, quantitative morphological features describing a lesion’s size, shape, 

radiodensity, and heterogeneity have been proposed as radiomics-based biomarkers that 

could, in theory, be used in conjunction with machine learning tools to help better 

identify a patient’s disease state and predict outcomes [21].  

While many radiomics studies have demonstrated significant utility in oncologic 

quantification, including some in lung cancer [1, 52, 53], the application of data-driven 
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techniques has been limited by a lack of scientific knowledge about repeatability of 

feature measurements within a given imaging condition (i.e., protocol) and by the 

variability of feature measurements across imaging conditions. CT scanners have many 

“knobs” that can be turned to change the imaging acquisition, including reconstruction 

method – iterative vs filtered backprojection (FBP), the reconstruction kernel, the slice 

thickness, and the dose level [54]. These knobs can affect the resolution and noise 

properties of an image in several ways. For example, using sharp reconstruction kernels 

improve edge representation but amplify image noise, and increasing the slice thickness 

lowers image noise for a given dose but degrades z-dimensional resolution, obscuring 

subtle features of lung lesions [54]. Further, due to the scheduling limitations in a clinical 

workflow, patients are rarely imaged on the same scanner and their images are not 

always reconstructed using the same method. In longitudinal imaging studies, this lack 

of consistent protocol makes it difficult to know if a change in a measured radiomics 

feature is truly representative of the physical state of the patient, or if the apparent 

feature change is induced by a change in the imaging condition. If specific radiomics 

features are identified as biomarkers of lung cancer that should be utilized in the clinic, 

then it will be necessary to characterize how they change with different CT imaging 

protocols.  

Several studies have previously brought attention to the need to characterize the 

impact of the imaging system on the measurement of radiomics features. Aerts et al. [1] 

used the publicly available RIDER database to test the repeatability of radiomics feature 
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measurement within a given imaging protocol, and used the feature measurement 

repeatability as a criteria for feature selection in models relating radiomics features to 

patient outcomes. Zhao et al. [10] used the same patient dataset and reconstructed the 

images using three slice thicknesses and two reconstruction kernels to show how the 

radiomics features varied across these imaging settings. These studies highlight the 

importance of assessing the variability of features within a given protocol and across 

several reconstruction parameters. However, patients can change over time and it is not 

possible to image the same patient multiple times on multiple scanners. This can be 

remedied with the use of phantoms.  Mackin et al. [6] highlighted the need to use a 

physical textured model to assess the variability of radiomics features, both within a 

given scanning condition and between different CT scanner manufacturers. They also 

demonstrated the utility of physical phantoms which can be scanned many times 

repeatedly without concern for dose. Shafiq‐ul‐Hassan et al. [7] further characterized 

variability by studying the effect of voxel size and number of grey levels using a similar 

physical textured model that can be imaged many times.  

The studies by Mackin et al. [6] and Shafiq‐ul‐Hassan et al. [7] focused on 

features reflective of internal heterogeneities. Chen et al. [55] used a physical phantom to 

ascertain the influence of 10s of CT protocols of varying reconstruction and slice 

thickness on quantification of lung nodules. But that study also focused primarily on 

volume. There is a need to characterize other morphologic features. To our knowledge, 

no study to date has specifically examined the bias and variability of a large cohort of 
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morphological (size- and shape-related) radiomics features across a wide range of 

protocols and CT scanner manufactures.  The purpose of this study was to explicitly 

address this gap. The study was performed using a simulation of CT resolution and 

noise properties and computational models of lung lesions. Given the extensive number 

of protocols tested (297), the study used a simulation platform. The computational lung 

lesion models were “imaged” across the protocols and then each segmented and 

quantified. Multiple segmentation algorithms were used to assess the effects of the 

imaging system on an array of morphological features in the context of multiple 

segmentation algorithms.  

3.2 Methods  

3.2.1 Computational Lesion Models 

Fifteen ground truth computational lung lesion models were developed for their 

use in creating simulated images [56]. Lung lesion models were simulated in a uniform 

background for three distinct classes of lung lesions, with low, medium, and high 

spiculation, five lesions per class. The low spiculation lesions were created using a prior 

method to simulate realistic lung lesions [36], 10 mm in nominal diameter and 400 in 

HU. This low spiculation class was used the basis to create the two additional classes of 

lesions with increasing spiculation levels following Sisternes et al. [57] (Figure 8).  The 

lesions were voxelized to 0.25 mm isotropic resolution. 
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Figure 8: Example of low, medium, and high spiculation lesions. 

3.2.2 CT Imaging Protocols 

Imaging conditions were simulated for three dose levels (CTDIvol of 1.90 mGy, 

3.75 mGy, and 7.50 mGy), three slice thicknesses (0.625 mm, 1.25 mm, and 2.5 mm), and 

33 reconstruction kernels from a combination of FBP and iterative kernels from five 

clinical CT scanners (Siemens Somatom Flash, Siemens Somatom Force, GE Lightspeed 

VCT, GE Discovery 750 HD, and GE Revolution). The reconstruction kernels (Table 2) 

were chosen to represent the diversity of possible clinical reconstructions, ranging from 

soft to sharp, including common kernels used for chest imaging. The dose level of 7.5 

mGy was chosen to represent a typical standard chest imaging protocol at our 

institution and the dose levels of 1.9 mGy and 3.75 mGy were chosen as 25% and 50% of 

that value, respectively. 

Table 2: The 5 scanners and associated reconstruction method and kernels are 

shown. 

Scanner Reconstruction Kernel 

Discovery 750 HD 
ASiR-50% 

Soft 

Standard 

Lung 

Bone 

FBP Soft 
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Standard 

Bone 

Lightspeed VCT 

ASiR-50% 

Soft 

Standard 

Bone 

FBP 

Soft 

Standard 

Bone 

Revolution 

ASiR-V-50% 

Soft 

Standard 

Bone 

FBP 

Soft 

Standard 

Bone 

Somatom Definition Flash 

SAFIRE-1 

I26f 

I31f 

I50f 

SAFIRE-3 I70f 

FBP 

B20f 

B31f 

B50f 

Somatom Force 

ADMIRE-1 

Br36d 

Br40d 

Br59d 

Br64d 

FBP 

Br36d 

Br40d 

Br59d 

 

3.2.3 CT Image Simulation 

CT images corresponding to a small region of interest around the lesion were 

simulated for this study by degrading the idealized lesion images with correlated noise 

and blur according to the noise and resolution properties of each imaging condition. The 

correlated noise was generated based on an empirically measured noise power spectrum 

(NPS) specific to each imaging condition and the resolution properties were simulated 
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based on empirically measured task transfer functions (TTFs) (non-linear analog to the 

modulation transfer function) [58]. For each imaging condition, the NPS and TTF were 

measured from images of the ACR phantom using a method described by Solomon et al. 

[13]. The TTFs used in this study were measured from the phantom’s bone insert.  

 The empirical TTF curves, which included those from a combination of 

edge enhancing and non-edge enhancing reconstruction kernels, were fit to a theoretical 

mathematical function to reduce effects of measurement uncertainty. The non-edge 

enhancing TTF curves were fit using a theoretical model as described by Ott et al. [59], 

 𝑇𝑇𝐹 = | 
2 𝜋2𝑓𝑚

sinh (2 𝜋2𝑓𝑚)
|, (1) 

where 𝑓 is the spatial frequency and 𝑚 is a parameter that describes the steepness of the 

TTF.  The in-plane edge-enhancing curves (TTFe) were modeled using the same non-

edge enhancing model as Equation 1 except shifted by the location of the edge 

enhancement peak, 𝜆, and normalized by a factor 𝐶 so that TTFe=1 at zero frequency: 

 𝑇𝑇𝐹𝑒 = 𝐶 | 
2 𝜋2(𝑓−𝜆)𝑚

sinh (2 𝜋2(𝑓−λ)𝑚)
|. (2) 

The z-dimension TTF was approximated using a theoretical model as described by 

Boyce et al. [60], 

 𝑇𝑇𝐹𝑧 = 𝑒
(

−𝜋(𝑀−1)𝑎𝑓
𝑀 )

2

𝑠𝑖𝑛𝑐(𝑓𝑇), (3) 

where 𝑀 is the magnification, 𝑎 is the full width half maximum (FWHM) of the focal 

spot, 𝑓 is the spatial frequency, and 𝑇 is the slice thickness. The magnification for the 
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study was assumed to be 1.82, the FWHM of the focal spot was assumed to be 0.5 mm, 

and the slice thickness was changed depending on the specific imaging protocol.  

The measured NPS curves were likewise fit to a theoretical function to reduce 

effects of measurement uncertainty. The functional form used was 

 𝑁𝑃𝑆 = 𝑎𝑓𝑏𝑒−𝑐𝑓, (4) 

where 𝑎 describes the maximum height of the NPS, and 𝑏 and 𝑐 describe the ramp up 

and fall of the NPS curve. The simulations were based on an axial imaging acquisition, 

so the z-dimensional noise correlation was assumed negligible. 

After acquiring functional forms of the NPS and TTF, the voxelized lesion images 

were blurred by filtering the images (in the Fourier domain) with the TTF. Correlated 

noise was synthesized by first generating a zero-mean white Gaussian noise image using 

a pseudo-random number generator. This noise image was then filtered by the square 

root of the NPS to achieve the desired correlations and scaled to achieve the targeted 

pixel standard deviation (i.e., noise magnitude) according to each imaging condition. 

The noise image was then added to the blurred lesion images to achieve the final 

degraded image. The noise magnitude for each dose level was determined using  

 𝜎 =
√5

√𝑇
 𝛼 × (𝐷𝑜𝑠𝑒 (𝐶𝑇𝐷𝐼𝑣𝑜𝑙)) 𝛽, (5) 

where 𝜎 is the standard deviation of the noise, 𝑇 is the slice thickness (mm), 𝛼  and 𝛽 are 

parameters calculated for a given scanning condition, and Dose (CTDIvol) is the dose in 

terms of CTDI in mGy. The 𝛼  and 𝛽 parameters had been previously characterized for 
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each of the 33 reconstruction kernels at a slice thickness of 5 mm, which is why the 
√5

√𝑇
 

factor was needed in the equation.  

In total, 297 unique protocols were tested and were each repeated 5 times for a 

total of 1,485 images per lesion. The repeated images were generated by repeating the 

random noise generation process. Fig. 9 shows some examples of the process and how 

the same lesion can be altered by the noise and resolution properties of the CT system. 

The realism of our simulation platform was specifically verified in the context of the 

present study – see appendix).  

 

Figure 9: Example slices from simulated FBP images of a medium spiculation 

lesion with a dose of 7.5 mGy CTDIvol and a slice thickness of 1.25 mm.  
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The top row shows different kernels for the GE Lightspeed scanner including 

soft (A), standard (B), and bone (C). The bottom row shows different kernels for the 

Siemens Flash scanner including from B20f (D), B31f (E), and B50f (F).   

3.2.4 Segmentation Algorithms 

After the images were simulated, it was necessary to segment the lesions from the 

background. Since there were a total of 22,275 images that needed to be segmented, it 

was necessary to use an automated segmentation method. However, each segmentation 

algorithm performs differently depending on the nature of the segmentation task (e.g., 

lesion contrast, image noise, and anatomical complexity) and the intrinsic characteristics 

of the segmentation method [61]. Therefore, the effects of the imaging system and the 

effects of the segmentation algorithm cannot be fully decoupled. To account for possible 

segmentation-induced bias, three different segmentation algorithms were used to 

determine the bias and variability of radiomics morphology features as a function of the 

segmentation algorithm.   

 The three segmentations used for this study were active contour (MATLAB 

2017b), fuzzy c-means (MATLAB 2017b), and thresholding. The active contour 

algorithm was a built-in MATLAB function based on Whitaker et al. [62]. The active 

contour algorithm requires a starting seed, which for this study was chosen to be all 

pixels greater than 20% of the maximum contrast of the lesion in the central slice of the 

lesion. The fuzzy c-means algorithm (FastCMeans, Anton Semechko, MATLAB) works 

by using c-means clustering of the data. For this study, the algorithm was performed to 

find two clusters, lesion, and background. The thresholding segmentation was created in 
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MATLAB by first applying a threshold of 20% of the maximum contrast of the lesion to 

exclude all pixels less than the threshold from the lesion. Second, the lesion 

segmentation was processed by removing all pixels not connected to the central core of 

the lesion and filling in any holes in the central core segmentation. Each segmentation 

was evaluated for each imaging condition by calculating a dice coefficient between the 

segmented lesion and the ground truth lesion.  

3.2.5 Morphology Feature Definitions 

The Image Biomarker Standardization Initiative (2017) [63] was used as a 

common morphology feature set based on work by Aerts et al. [1] and Hatt et al. [64]. 

Three additional features (Discrete Compactness, Radius, and Spiculation) were added 

from Huang et al. [25]. A complete list of features with associated definitions is included 

in Table 3.  

Table 3: Feature definitions used in this study. 

Feature Description 

Volume (V) 

V 

Fit an isosurface mesh to the binarized lesion segmentation mask (lesion=1, 

background=0), with 0.5 as the threshold for the isosurface function, and calculate 

the volume from the mesh 

 

Approximate Volume (𝑉𝑎𝑝𝑝𝑟𝑜𝑥 ) 
𝑉𝑎𝑝𝑝𝑟𝑜𝑥 

Added up all the voxels in the segmentation mask multiplied by the voxel volume 

 

Surface Area (A) 

A 

Fit an isosurface mesh to the binarized lesion segmentation mask (lesion=1, 

background=0), with 0.5 as the threshold for the isosurface function, and calculate 

the surface area from the mesh 

 

Surface Area to Volume Ratio (
𝐴

𝑉
)  

𝐴

𝑉
 

 

Compactness1 (𝐹𝑐𝑜𝑚𝑝1) 
𝐹𝑐𝑜𝑚𝑝1 =

𝑉

𝜋
1
2𝐴

3
2

 

 

Compactness2 (𝐹𝑐𝑜𝑚𝑝2) 𝐹𝑐𝑜𝑚𝑝2 = 36𝜋
𝑉2

𝐴3
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Spherical Disproportion (𝐹𝑠𝑝ℎ𝑑𝑖𝑠) 
𝐹𝑠𝑝ℎ𝑑𝑖𝑠 =

𝐴

(36𝜋𝑉2)
1
3

 

 

Sphericity (𝐹𝑠𝑝ℎ𝑒𝑟𝑖𝑐) 𝐹𝑠𝑝ℎ𝑒𝑟𝑖𝑐 =
(36𝜋𝑉2)

1
3

𝐴
 

 

Asphericity (𝐹𝑎𝑠𝑝ℎ) 𝐹𝑎𝑠𝑝ℎ =  
𝐴

(36𝜋𝑉2)
1
3

 − 1 

Radius (R) 

𝑅 =
1

𝑛𝑏

 ∑ √(𝑖 − 𝑥𝑐)2 + (𝑗 − 𝑦𝑐)2 + (𝑘 − 𝑧𝑐)2

𝑛𝑏

𝑖,𝑗,𝑘 

 

Where 𝑛𝑏is the number of boundary voxels and 𝑖, 𝑗, 𝑘 are indices of boundary voxels 

and 𝑥𝑐 ,  𝑦𝑐 ,  𝑎𝑛𝑑 𝑧𝑐 are the center of mass coordinates of the lesion 

 

Spiculation (𝑅𝑠) 

𝑅𝑠 =  √∑
(𝑅𝑏 − 𝑅)2

𝑛𝑏 − 1 
𝑏

 

Where 𝑅𝑏is the radius at each boundary point 

 

Discrete Compactness (𝐶𝑑𝑖𝑠𝑐) 

𝐶𝑑𝑖𝑠𝑐 =  
𝑛 − (

𝐴
6𝑎)

𝑛 −  √𝑛23  

Where 𝑛 is the number of voxels in the tumor, A is the total surface area of external 

facing voxels, and a is the area of a single voxel face 

 

Major (M) 

𝑀 = 4√𝜆𝑚𝑎𝑗𝑜𝑟 

Where 𝜆𝑚𝑎𝑗𝑜𝑟 is the largest eigenvalue of the region-based 3D ellipsoid fitting 

 

Minor (m) 

m = 4√𝜆𝑚𝑖𝑛𝑜𝑟 

Where 𝜆𝑚𝑖𝑛𝑜𝑟 is the second largest eigenvalue of the region-based 3D ellipsoid 

fitting 

 

Least (l) 
l = 4√𝜆𝑙𝑒𝑎𝑠𝑡 

Where 𝜆𝑚𝑖𝑛𝑜𝑟 is the smallest eigenvalue of the region-based 3D ellipsoid fitting 

 

Elongation (E) 
𝐸 = √

𝜆𝑚𝑖𝑛𝑜𝑟

𝜆𝑚𝑎𝑗𝑜𝑟

 

 

Flatness (F) 
𝐹 =  √

𝜆𝑙𝑒𝑎𝑠𝑡

𝜆𝑚𝑎𝑗𝑜𝑟

 

 

Ellipsoid Surface Area (𝐴𝑒𝑙) 
𝐴𝑒𝑙 = 4𝜋 (

𝑎𝑝𝑏𝑝 + 𝑏𝑝𝑐𝑝 + 𝑎𝑝𝑐𝑝

3
)

1
𝑝

 

Where 𝑝 = 1.6075, 𝑎 =
𝑀

2
, b =

𝑚

2
, c =

𝑙

2
 

 

Ellipsoid Volume (𝑉𝑒𝑙) 

𝑉𝑒𝑙 =
4

3
𝜋𝑎𝑏𝑐 

Where 𝑎 =
𝑀

2
, b =

𝑚

2
, c =

𝑙

2
 

 

Surface Area to Ellipsoid Surface Area 

Ratio (𝐹𝑎𝑟𝑒𝑎𝑟
) 

𝐹𝑎𝑟𝑒𝑎𝑟
=

𝐴

𝐴𝑒𝑙

 

 

Volume to Ellipsoid Volume Ratio 

(𝐹𝑣𝑜𝑙𝑢𝑚𝑒𝑟
) 

𝐹𝑣𝑜𝑙𝑢𝑚𝑒𝑟
=

𝑉

𝑉𝑒𝑙
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3.2.6 Bias Analysis 

The morphology features were calculated for both the ground-truth (𝑓0,𝑖,𝑗) and 

the image-simulated lesions (𝑓𝑖,𝑗) for each 𝑖𝑡ℎ lesion model and 𝑗𝑡ℎ spiculation level. The 

image-simulated feature measurements are denoted by 𝑓𝑖,𝑗,𝑘,𝑙,𝑚,𝑛,𝑠 for each 𝑖𝑡ℎ lesion 

model, 𝑗𝑡ℎ spiculation level, 𝑘𝑡ℎ reconstruction algorithm, 𝑙𝑡ℎ dose level, 𝑚𝑡ℎ slice 

thickness, 𝑛𝑡ℎ repeat (number of times the imaging condition was repeated), and 𝑠𝑡ℎ 

segmentation algorithm.  

To characterize the bias, the percent relative bias in each morphology feature was 

calculated between imaged lesions and ground truth lesions as  

 𝐵𝑗,𝑘,𝑙,𝑚,𝑠 = mean𝑗,𝑘,𝑙,𝑚,𝑠 (100 ×
𝑓𝑖,𝑗,𝑘,𝑙,𝑚,𝑛,𝑠 − 𝑓0,𝑖,𝑗

𝑓0,𝑖,𝑗
). (6) 

The bias was averaged within each protocol, by averaging over repeats 𝑛 and lesions 

within a spiculation category 𝑖, to give an average percent relative bias, 𝐵𝑗,𝑘,𝑙,𝑚,𝑠. Given 

that  𝐵𝑗,𝑘,𝑙,𝑚,𝑠 is an average value, an associated variability related to the data points that 

went into the average bias was also reported as  

 𝜎𝑗,𝑘,𝑙,𝑚,𝑠 = stdev𝑗,𝑘,𝑙,𝑚,𝑠 (100 ×
𝑓

𝑖,𝑗,𝑘,𝑙,𝑚,𝑛,𝑠
− 𝑓

0,𝑖,𝑗

𝑓
0,𝑖,𝑗

). (7) 

The 𝐵𝑗,𝑘,𝑙,𝑚,𝑠  and 𝜎𝑗,𝑘,𝑙,𝑚,𝑠 results were then structured into heatmaps for each 

morphology feature (x-axis) and each imaging protocol (y-axis). Each segmentation 

algorithm 𝑠 and each spiculation level 𝑗 was put into a separate heatmap. Within each 

heatmap the data was arranged in order of increasing slice thickness, followed by 

increasing dose, and lastly by increasing kernel sharpness. The overall organization of 
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the protocol data is shown in Fig. 10. The data was analyzed quantitatively by 

comparing the absolute value of the percent relative bias of sharp reconstruction kernels 

compared with medium and smooth reconstruction kernels. 

 

Figure 10: The flow chart describes the organization of the simulated feature 

data into heatmap tables.  
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Each segmentation was separated into a separate set of heatmaps. For the 0.5 

mm in-plane pixel size, the data was organized first by increasing slice thickness, next 

by increasing dose, and finally in order of increasing kernel sharpness. 

3.2.7 Variability Analysis 

The feature variability of the lesions was studied at three different levels: (i) the 

variability of the ground truth features for each spiculation class, (ii) the variability of 

features measured from simulated images and averaged across all protocols for each 

spiculation class, and (iii) the variability of the measured features due to repeats of the 

same imaging condition for a specific lesion averaged across all lesions and protocols for 

each spiculation class. The variability was calculated as a coefficient of variation for each 

level of variability studied. The coefficient of variation for the ground truth features (i) 

was calculated as  

 𝑣(𝑖)𝑗 =  100 ×
stdev𝑗 (𝑓

0,𝑖,𝑗
)

mean𝑗 (𝑓
0,𝑖,𝑗

)
, (8) 

where the mean and standard deviation are calculated across all lesion models (𝑖) within 

a given spiculation level (𝑗).  The average intra-protocol coefficient of variation for the 

image-simulated features (ii) was calculated as  

 𝑣(𝑖𝑖)𝑗,𝑠 = 𝑚𝑒𝑎𝑛𝑗,𝑠 (100 ×  
stdev𝑗,𝑘,𝑙,𝑚,𝑠 (𝑓

𝑖,𝑗,𝑘,𝑙,𝑚,𝑛,𝑠
)

mean𝑗,𝑘,𝑙,𝑚,𝑠 (𝑓
𝑖,𝑗,𝑘,𝑙,𝑚,𝑛,𝑠

)
), (9) 

where the inner mean and standard deviation are calculated across all lesion models (𝑖) 

and repeats (𝑛) and the outer mean is calculated across all reconstruction algorithms (𝑘), 
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dose levels (𝑙), and slice thicknesses (𝑚). The coefficient of variation due to repeats of the 

same imaging condition (iii) was calculated as  

 𝑣(𝑖𝑖𝑖) 𝑗,𝑠 = 𝑚𝑒𝑎𝑛𝑗,𝑠 (100 ×  
stdev𝑖,𝑗,𝑘,𝑙,𝑚,𝑠 (𝑓

𝑖,𝑗,𝑘,𝑙,𝑚,𝑛,𝑠
)

mean𝑖,𝑗,𝑘,𝑙,𝑚,𝑠 (𝑓
𝑖,𝑗,𝑘,𝑙,𝑚,𝑛,𝑠

)
), (10) 

where the inner mean and standard deviation are calculated across all repeats (𝑛) and 

the outer mean is calculated across all lesion models (𝑖), reconstruction algorithms (𝑘), 

dose levels (𝑙), and slice thicknesses (𝑚). The results of the three variability levels are 

presented in bar graphs with a bar for each spiculation level (𝑗) and for each feature.  

3.2.8 Comparison with Commercial Segmentation 

A subset of the bias and variability results generated from the automatic 

segmentation methods were compared with a semi-automatic commercial segmentation 

tool (Siemens Radiomics Prototype) designed for lesion segmentation. The commercial 

segmentation tool requires a user to place a seed point by clicking a point in the lesion 

and then uses the seed point to perform a segmentation of the lesion. The commercial 

segmentation was not studied for every imaging condition previously tested with the 

automatic segmentations due to the time and logistical constraints of having a user 

interact with the software to place the seed point 22,275 times. However, a 

representative subset of the data was compared in a smaller scale study to determine 

how the active contour automatic segmentation used previously compares with the 

commercial software.  
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The subset of the data chosen for the comparison study is highlighted in Table 4. 

The study was structured to focus on a single medium spiculation lesion model and a 

single low spiculation model. The imaging conditions were chosen such that all imaging 

acquisition and reconstruction parameters were held constant at average values while a 

single acquisition or reconstruction parameter was changed. In the case of the medium 

spiculation lesion, all imaging conditions were held constant except for the 

reconstruction kernel which was studied for 3 different kernels ranging from smooth 

(B20f) to sharp (B50f). Similarly, in the case of the low spiculation lesion, all imaging 

conditions were held constant except the slice thickness which was studied for 3 

different values ranging from 0.625 mm to 2.5 mm.  

Table 4: A subset of the lesion and imaging condition combinations  

was chosen for a comparison study between the automatic segmentation 

method and a commercial semi-automatic segmentation tool. 

 Low Spiculation Lesion Medium Spiculation Lesion 

Number of Lesion Models 1 1 

Slice Thicknesses (mm) 0.625, 1.25, 2.5 1.25 

Scanner Models Siemens Flash Siemens Flash 

Reconstruction Method FBP FBP 

Reconstruction Kernels B31f B20f, B31f, B50f 

CTDIvol (mGy) 3.75 3.75 

Number of Noise Repeats 5 5 
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The commercial segmentation tool required that the data be formatted in the 

DICOM file format of commercial CT images, however the simulated image data for the 

study was not formatted as a DICOM. The previously simulated data was converted to 

DICOM format by using the DICOM header from a real CT dataset and modifying the 

relevant DICOM tags to match the desired scan protocol for each simulated imaging 

condition. The simulated images, which were created to contain the lesions and a small 

region of interest around the lesion, were placed in the middle of a CT image dataset 

with each lesion repeat placed consecutively next to each other (Figure 11 shows a slice 

from one example CT). In total, six CT datasets were created with five different lesions 

placed in each dataset leading to a total of 30 semi-automatic segmentations which were 

performed by the commercial software. The segmentations were exported from the 

commercial software as an STL file which was loaded into MATLAB and converted to a 

3D voxelized dataset. The voxelized dataset was used to calculate the 21 morphology 

features.  
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Figure 11: Repeated simulated images of one medium spiculation lesion model  

which was imaged with a Siemens Flash scanner model using FBP 

reconstruction, B31f reconstruction kernel, 1.25mm slice thickness, and 3.75 mGy 

CTDIvol. 

The morphology features were compared with the ground truth by calculating 

an average bias 𝐵𝑗,𝑘,𝑙,𝑚,𝑠. The morphology features were also used to calculate a 

coefficient of variation due to repeats 𝑣(𝑖𝑖𝑖) 𝑗,𝑠. The bias and variability were compared 

between the active contour segmentation method and the commercial segmentation 

method by calculating the median value of the variability and of the median absolute 

value of the bias across all features and imaging conditions tested. The median value 

was chosen as the comparison metric because it is less sensitive to outlying variability 

and bias values for specific features and imaging conditions. The results were further 

analyzed by comparing the magnitude and trends of the average bias and the variability 
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due to repeats for different features for different combinations of lesion spiculation class, 

morphology feature, and imaging condition.  

 

3.3 Results 

3.3.1 Feature Assessment 

Table 5 shows the ground truth (𝑓0,𝑖,𝑗) for 21 morphology features across the 15 

lesions which were used in this simulation study. Of the 21 morphology features 

studies, most showed a trend of increasing feature value with increasing spiculation 

level, while five showed a trend of decreasing feature value with increasing spiculation 

level. Those included discrete compactness, sphericity, compactness1, compactness2, 

and volume to ellipsoid volume ratio. As a reminder, these ground truth feature 

measurements (𝑓0,𝑖,𝑗) were used to calculate percent relative bias of image simulated 

lesions. 

Table 5: Ground truth lesion morphology features  

for a total 15 lesions with three categories for low, medium, and high 

spiculation. The ground truth feature values are displayed for each category as mean ± 

standard deviation. The values in this table are used to calculate percent relative bias. 

 Low Spiculation Medium Spiculation High Spiculation 

Radius 8.39 ± 0.59 11.74±0.73 14.91±0.66 

Spiculation 1.01 ± 0.14 3.06±0.21 3.8±0.3 

Discrete Compactness 0.96 ± 0 0.83±0.04 0.78±0.01 

Volume 298.69 ± 59.81 415.84±66.75 1074.94±177.27 

Approximate Volume 302.33 ± 60.67 458.03±83.53 1165.78±191.87 

Surface Area 282.12 ± 47.39 760.92±217.03 2325.81±383.29 

Surface Area to Volume Ratio 0.95±0.04 1.8±0.25 2.17±0.04 
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Sphericity 0.77±0.03 0.37±0.08 0.22±0.01 

Spherical Disproportion 1.3±0.06 2.79±0.51 4.57±0.28 

Asphericity 0.3±0.06 1.79±0.51 3.57±0.28 

Compactness1 0.04±0 0.01±0 0.01±0 

Compactness2 0.45±0.05 0.06±0.04 0.01±0 

MajorLength 9.04±0.61 10.87±0.62 14.87±0.87 

MinorLength 7.38±0.88 9.69±0.72 14.17±0.58 

LeastLength 6.44±0.44 9.07±1.07 12.87±0.6 

Elongation 0.82±0.08 0.89±0.04 0.95±0.03 

Flatness 0.71±0.06 0.83±0.06 0.87±0.03 

Ellipsoid Surface Area 151.69±22.83 248.95±36.46 494±41.81 

Ellipsoid Volume 226.64±47.46 507.15±120.32 1426.21±183.9 

Surface Area to Ellipsoid Surface Area Ratio 1.86±0.08 3.01±0.42 4.68±0.45 

Volume to Ellipsoid Volume Ratio 1.32±0.02 0.83±0.09 0.75±0.04 

 

3.3.2 Sorensen-Dice Coefficient Assessment 

The dice coefficient results exhibit the combined effects of both segmentation 

algorithm performance and imaging system degradation.  Fig. 12 (a) shows a box and 

whisker plot for the dice coefficients of each segmentation algorithm across all 22,275 

data points for each segmentation algorithm and Fig. 12 (b) shows how the same dice 
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coefficients change as a function of increasing image noise. Out of a maximum 

possibility of unity, the average dice coefficient across all imaging conditions was 0.80 

for active contour, 0.63 for thresholding, and 0.39 for fuzzy c-means. Of the three 

algorithms, the active contour performed best in discerning between the lesion and its 

background and it was the least susceptible to image noise. The thresholding 

segmentation algorithm performed well when image noise was less than 60 HU; 

however, consistently, it did not perform well with noise greater than 60 HU. The fuzzy 

c-means algorithm had the lowest average dice coefficient and had low performance on 

images with high noise and was unable to perform well on some images with noise less 

than 25 HU. 

 

Figure 12: Segmentation Results 

(a) The mean and interquartile range of the dice coefficient for n=22,275 

simulated images and 3 segmentation algorithms (active contour, threshold, and fuzzy 

c-means). (b) The dice coefficient for n=22,275 simulated images changes as a function 

of image noise (HU) depending on which segmentation algorithm was used. 
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3.3.3 Bias Assessment 

The results demonstrated varied bias across features and protocols, with image 

noise, affected by the dose level and slice thickness, exhibiting segmentation 

dependence. Among all results from all segmentation algorithms tested, the morphology 

features discrete compactness, elongation, and flatness were consistently the least biased 

features. This could mean that these features are robust, or it could mean that they are 

not sensitive to changes in morphology. To ascertain the bias in detail, the best 

performing segmentation algorithm, active contour, was studied in more detail to 

understand the percent relative bias relationship with imaging protocol. Fig. 13 shows 

the average percent relative bias (𝐵𝑗,𝑘,𝑙,𝑚,𝑠) for 𝑠 = active contour. Fig. 13(a) shows 

spiculation 𝑗 = low, Fig. 13(b) shows spiculation 𝑗 = medium, Fig. 13(c) shows 

spiculation 𝑗 = high. The imaging protocols are arranged on the y-axis of Fig. 13 first by 

increasing slice thickness, then by increasing dose, and lastly by increasing kernel 

sharpness. The morphology features are arranged on the y-axis based on how the 

feature is calculated.  

The low spiculation active contour results (Fig. 13(a)) showed that sharper 

kernels at 7.5 mGy and 0.625 mm slice thickness had the lowest bias which was  

𝐵𝑗,𝑘,𝑙,𝑚 = 2.8 % when the absolute value of the relative bias was averaged across all 

features. The low spiculation results (Fig. 13(a)) also showed a general trend that the bias 

increased with increasing slice thickness. It could be that the increasing slice thickness 

led to partial volume effects that caused the features to become more biased with 
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increasing slice thickness. However, it could also be the case that the larger slice 

thickness, and therefore lower image noise, yielded the bias that would result mainly 

from the image blur. Alternatively, the smaller slice thicknesses yielded less biased 

because the segmentation included more image noise, artificially exhibiting less biased. 

The low spiculation results (Fig. 13(a)) also showed that the bias of most features was 

positive (magenta) which means that the imaging system led to an over-estimation of 

the feature values.  
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Figure 13: The average percent relative bias (B_(j,k,l,m,s))  results 

for s=active contour and for j=low spiculation (a), j=medium spiculation (b), 

and j=high spiculation (c), for 297 common CT imaging protocols including 33 

reconstruction kernels from 5 clinical CT scanners including both iterative and FBP 

kernels ranging from smooth to sharp, 3 slice thicknesses (0.625 mm, 1.25 mm, and 2.5 

mm) , and 3 dose values (1.9 mGy, 3.75 mGy, and 7.5 mGy CTDIvol). The low 

spiculation results (a) showed that sharper kernels at 7.5 mGy CTDIvol and 0.625 mm 

slice thickness had the lowest bias with an average absolute value of bias with a value 

of B_(j=low,k=sharp,l=7.5 mGy ,m=0.625 mm)=2.8 %. The medium (b) and high (c) 

spiculation results showed the main trend that sharper reconstruction kernels were 

less biased with an average absolute value of B_(j=medium,k=sharp)=17.0% compared 

with  B_(j=medium,k=soft,medium)=45.9% and an average absolute value of  

B_(j=high,k=sharp)=16.8% compared with  B_(j=high,k=soft,medium)=51.5%. 

The medium and high spiculation results (Fig. 13(b)(c)) for the active contour 

segmentation showed the main trend that sharper reconstruction kernels were less 

biased with an average absolute value of 𝐵𝑗=𝑚𝑒𝑑𝑖𝑢𝑚,𝑘=𝑠ℎ𝑎𝑟𝑝 = 17.0% compared with  

𝐵𝑗=𝑚𝑒𝑑𝑖𝑢𝑚,𝑘=𝑠𝑜𝑓𝑡,𝑚𝑒𝑑𝑖𝑢𝑚 = 45.9 % and an average absolute value of  𝐵𝑗=ℎ𝑖𝑔ℎ,𝑘=𝑠ℎ𝑎𝑟𝑝 =

16.8% compared with  𝐵𝑗=ℎ𝑖𝑔ℎ,𝑘=𝑠𝑜𝑓𝑡,𝑚𝑒𝑑𝑖𝑢𝑚 = 51.1%. Interestingly, some features that 

tended to be positively biased (pink) for low spiculation (Fig. 13(a)) tended to be 

negatively biased for both medium and high spiculation (Fig. 13(b)(c)) and vice versa for 

features that tended to be negatively biased (blue) for low spiculation.  

 The variability associated with the bias (𝜎𝑗,𝑘,𝑙,𝑚,𝑠)  is shown in Fig. 14. The 

low spiculation results (Fig. 14(a)) showed that asphericity had the highest variability 

with an average value of 35.4%. The medium (Fig. 14(b)) and high (Fig. 14(c)) spiculation 

results showed features in the middle, which are features derived from ratios of volume 

and surface area, had the highest variability, with Compactness2 being the most variable 
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with an average value of 108.4% for medium spiculation and an average value of 70.6% 

for high spiculation. 
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Figure 14: The variability of bias (σ_(j,k,l,m,s))  results 

for s=active contour and for j=low spiculation (a), j=medium spiculation (b), 

and j=high spiculation (c), for 297 common CT imaging protocols including 33 

reconstruction kernels from 5 clinical CT scanners including both iterative and FBP 

kernels ranging from smooth to sharp, 3 slice thicknesses (0.625 mm, 1.25 mm, and 2.5 

mm) , and 3 dose values (1.9 mGy, 3.75 mGy, and 7.5 mGy CTDIvol). The low 

spiculation results (a) showed that asphericity had the highest variability with an 

average value of 35.4%. The medium (b) and high (c) spiculation results showed 

features in the middle had the highest variability, with Compactness2 being the most 

variable with an average value of 108.4% for medium spiculation and an average 

value of 70.6% for high spiculation. 

3.3.4 Variability Assessment 

The three levels of variability showed that, in general, the ground-truth 

variability was either similar or higher than the intra-protocol variability (Fig. 15). The 

ground-truth variability was found to be higher than the intraprotocol variability for 

features where the ground-truth variability was relatively high compared to other 

features. The repeat variability was the smallest variability in most cases with a 

minimum value of 0.30% and a maximum value of 10% (Fig. 15). The intra-protocol 

variability had a minimum value of 0.74% and a maximum value of 25.3% (Fig. 15). The 

magnitude of the variability was relatively consistent across spiculation levels except for 

the ground-truth variability of compactness 2 for the medium spiculation lesions, which 

was the highest variability with a value of 64%. 
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Figure 15: The coefficient of variation (%) results 

for repeat variability 𝒗(𝒊𝒊𝒊) 𝒋,𝒔 (gray), intra-protocol variability 𝒗(𝒊𝒊) 𝒋,𝒔 (blue 

striped), and ground truth variability 𝒗(𝒊)𝒋 (black) for 𝒔 =active contour and for 

𝒋 =low spiculation (a), 𝒋 =medium spiculation (b), and 𝒋 =high spiculation (c). In all 

cases, the repeat variability 𝒗(𝒊𝒊𝒊) 𝒋,𝒔 (gray) was, in most cases, the smallest value of the 

three variabilities with a maximum value of 10% and a minimum value of 0.30%. The 

intra-protocol variability and ground truth variability were usually comparable, 

although in the cases where the ground truth variability 𝒗(𝒊)𝒋 was comparatively 

large, the intra-protocol variability 𝒗(𝒊𝒊) 𝒋,𝒔 was smaller than 𝒗(𝒊)𝒋, particularly for the 

case of the medium spiculation Compactness2 feature. 

3.3.5 Commercial Segmentation Assessment 

The median bias and variability results are summarized in Table 6. Results of the 

medium spiculation lesion show that the commercial segmentation tool is less variable 

and is more biased as compared with the active contour segmentation. Results of the 

low spiculation tool also show the same trend that the commercial segmentation is less 

variable and more biased; however, the trend is not as pronounced with the bias and 

variability median being more similar in magnitude.  

The coefficient of variation was studied in more detail across the different 

imaging conditions for specific lesion models and morphology features. For the low 

spiculation lesion model [Figs. 16(a) and 16(b)], the coefficient of variation had similar 

magnitude between active contour and the commercial tool; however, the specific 

magnitudes varied depending on the combination of slice thickness and segmentation. 

For example, the 0.625-mm slice thickness images led to a higher coefficient of variation 

for active contour and a lower coefficient of variation for the commercial tool. The low 

spiculation lesions also showed differences in variability magnitude, depending on the 
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combination of specific feature and segmentation. For example, the active contour led to 

a more variable estimation of asphericity, compactness 1, and compactness 2; however, 

the commercial segmentation led to a more variable estimation of volume, approximate 

volume, and ellipsoid volume. For medium spiculation lesion model [Figs. 16(c) and 

16(d)], the magnitude of the variability was different between the active contour and the 

commercial tool, with the active contour having a higher variability overall as compared 

with the commercial tool. However, it was interesting to see that if the magnitude was 

disregarded, the rank ordering of the features from most to least variable was similar for 

both segmentation algorithms. In addition, the trends in variability as a function of 

kernel sharpness were also similar in terms of rank ordering of variability from most to 

least variable for specific features.  

The average bias was also studied in more detail across the different imaging 

conditions for the two specific lesion models. For both the low and the medium 

spiculation models, the active contour segmentation tended to lead to an overestimation 

of the morphology features (positive bias), whereas the commercial segmentation 

tended to lead to an underestimation of the morphology features (negative bias). For the 

low spiculation lesion model [Figs. 17(a) and 17(b)], the bias was similar to the 

variability in that it also strongly depended on the combination of segmentation 

algorithm and slice thickness used. For the 0.625-mm slice thickness, the active contour 

segmentation had a smaller bias compared with the commercial segmentation. 

However, for the 2.5-mm slice thickness, the active contour had a greater bias compared 
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with the commercial segmentation. The medium spiculation lesion bias analysis [Figs. 

17(c) and 17(d)] showed an interesting relationship between segmentation algorithm 

and kernel sharpness. For example, the commercial segmentation tool did not show 

much difference between different kernel sharpness; however, the active contour 

segmentation tool showed that for most features the sharpest kernel was more biased. 

The medium spiculation lesion also showed the overall trend that the commercial 

segmentation bias was greater than the active contour bias. 

Table 6: The median absolute value of bias (%) and median repeat variability 

(%)  

are shown for both the medium and low spiculation lesion classes for two 

different segmentation algorithms (Active Contour and Commercial). 

Spiculation Segmentation 
Median Absolute Value of Bias 

(%) 

Median Repeat Variability 

(%) 

Medium 

Active 

Contour 
24.9 1.4 

Commercial 42.0 0.6 

Low 

Active 

Contour 
5.7 2.2 

Commercial 9.4 1.6 
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Figure 16: The coefficient of variation (%) due to repeated scans  

is shown for (a) the low spiculation lesion model and the active contour 

segmentation, (b) the low spiculation lesion model with commercial segmentation, (c) 

the medium spiculation lesion model and the active contour segmentation, and (d) the 

medium spiculation lesion model and the commercial segmentation. Note that the 

scales of (a) and (b) are the same allowing for comparison between the two graphs, 

while the scale of (c) and (d) are intentionally different to highlight the similar trends 

in rank ordering of features from most to least variable. 
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Figure 17: The average bias (%) across repeat scans is shown  

for (a) the low spiculation lesion model and the active contour segmentation, 

(b) the low spiculation lesion model with commercial segmentation, (c) the medium 

spiculation lesion model and the active contour segmentation, and (d) the medium 

spiculation lesion model and the commercial segmentation. Note that in (a) the 

asphericity feature for the B50f kernel has an average bias of 266%; however, the 

result shown here is truncated to better see the bias trends for the remaining 20 

features. Also note that in (d) the compactness 2 feature had an average bias of 1038% 

across all three kernels; however, the result shown here is truncated to better see the 

bias trends for the remaining 20 features. 

3.4 Discussion 

This study quantified the intra-protocol percent relative bias 𝐵𝑗,𝑘,𝑙,𝑚,𝑠 and 

coefficient of variation 𝑣𝑗,𝑘,𝑙,𝑚,𝑠 for 297 imaging protocols and 21 morphology features 

using computational models of lung lesions and a simulation of CT image resolution 

and noise properties. This study included 3 dose levels, 3 slice thicknesses, and 33 
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kernels from 5 clinical CT scanners. In analyzing the results, 4 segmentation algorithms 

were used to quantify the interplay between imaging protocol properties and 

segmentation algorithm performance. The results showed that the percent relative bias 

has a complex relationship with imaging protocols that is influenced by the underlying 

morphology used for the quantification and the segmentation algorithm used for 

analysis.  

The results of this study highlight that there is a differential in morphology 

feature measurements between different CT imaging protocols, which should be 

factored in when comparing morphology feature measurements extracted from 

inconsistently acquired retrospective data. The results of this study can be used 

prospectively to determine which protocols and segmentation algorithms would be 

most effective for quantitative feature extraction and radiomics studies. The results of 

this study could potentially also be used retrospectively to inform a model that 

translates radiomics feature values between imaging protocols so that images acquired 

with different protocols can be compared with each other on the same scale.  

The active contour volume bias results for the low spiculation lesions compare 

well with previous work [44, 55] which showed for physical phantoms scanned with a 

clinical CT scanner that lesion volume was significantly more biased for slice thickness 

of 2.5 mm compared with 1.25 mm and 0.625 mm slice thickness. While the results 

compared well for low spiculation lesions, the trend did not hold for the medium and 

high spiculation lesions; they showed no noticeable changes in bias with increased slice 
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thickness, but rather showed increased bias for less sharp kernels. These low and 

medium spiculation results highlight the need to account for morphological complexity 

in feature measurements. The similarity of trends in bias for low spiculation lesions 

between two different segmentation algorithms and between a clinical CT system and a 

CT image simulation platform validates the methods used in this study. Further, the 

absolute value of the low spiculation volume bias had a magnitude similar to that of a 

previous physical phantom study [55], with an average absolute value of volume bias of 

𝐵𝑗,𝑘,𝑙,𝑚 = 4.4 % for the low spiculation lesions in this study and bias ranging from 3.5% 

to 10% for one segmentation algorithm with similar sized lesions in the previous work 

[44, 55]. This comparison suggests limited generalizability of our results for low 

spiculation lesions. The active contour bias results showed an interesting trend where 

for low spiculated lesions, the CT system introduced positive bias that led to an 

overestimation of most size-based morphology features. However, the medium and 

high spiculation lesions showed the opposite results where size-based morphology 

features tended to be underestimated. This phenomenon could possibly be a result of 

the interplay between the system blur of the object and the segmentation performance 

on the complicated morphology at the boundary of the lesion. For example, the low 

spiculation lesions are likely to be mainly affected by the system blur and the 

morphology is likely to not be difficult to segment. Because the blur leads to a spreading 

out of the ground truth lesion, these lesions are likely to be overestimated in size. 

However, the medium and high spiculation lesions have complicated edge morphology, 
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which when combined with image blur and noise, might be much more challenging for 

the segmentation algorithm to segment correctly. The segmentation algorithm might 

assume that the complicated spiculation distorted by blur and noise is more likely to be 

part of the background noise, and therefore the segmentation algorithm might not 

include complicated spiculations leading to an underestimate the lesion size.  

This study purposefully chose to highlight the effects of different segmentation 

algorithms to underscore the importance of characterizing the bias and variability for 

each specific segmentation algorithm. It is important to note that to make the large 

number of protocols studied possible, the segmentation algorithms used were automatic 

segmentations which are not developed exclusively for clinical use. While these 

segmentation tools are not optimized specifically for lesion segmentation, the 

segmentations rely on segmentation techniques which are commonly incorporated in 

aspects of clinical lesion segmentation software. The comparison between the active 

contour and a commercial segmentation tool (specifically designed for lesion 

segmentation) revealed that, in general, the commercial system was less variable and 

more biased. However, the specific trends of bias and variability continued to depend 

upon the specific features of interest, imaging conditions, and underlying lesion 

spiculation category. Therefore, given the complicated interplay of imaging conditions, 

lesion spiculation and segmentation algorithm, it is not possible to say which of the two 

segmentation algorithms would be better for segmenting lesions overall. The most 

important aspect of using multiple algorithms was to demonstrate the influence of the 
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different algorithm on the results. The results of the study indeed highlight that 

segmentation methods can greatly influence the bias and variability of these features 

and therefore it would be important to characterize bias and variability for any 

segmentation algorithm used to extract radiomics morphology features. 

The results of this study are limited in a few ways. While the lesions used in this 

study had reasonable anatomical complexity as validated by observer studies in hybrid 

datasets [36], the morphological spiculation model can be further improved. In addition, 

it is possible in future studies to test a vastly larger number of different lesions with 

varying morphology, size, contrast, and other features. Second, the pre-blurred, pre-

noised lesion models were given distinct borders for clearly identifying ground truth, 

but in real patients, the lesion truth may be more ambiguous. This is an issue that 

requires input from the science of tumor progression and microbiology. Third, the 

simulations were done with a single constant background rather than an anatomically 

complex background like lungs. Future studies should include a textured anatomical 

lung background to ensure that the segmentation results are relevant to textured 

backgrounds. Fourth, results of this study were generated using a CT image simulation 

platform which is somewhat oversimplified compared to an actual clinical CT system. 

Despite these limitations, we believe the results are informative as they describe the 

lower limit on the bias and variability across a wide range of CT protocols, not 

practically approachable experimentally, and serve as a strong basis for further study.  
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3.5 Conclusion 

This study quantified bias and variability for a subset of morphological 

radiomics features under a wide range of possible clinical CT imaging protocols. The 

results demonstrate that the feature bias has a nuanced relationship between imaging 

protocol factors and segmentation algorithm. The methods of this study can be applied 

to prospectively to inform best practices for deciding imaging protocols for quantitative 

imaging and can be used retrospectively to develop a model that corrects morphology 

feature measurements while accounting for the imaging protocol used to image the 

patient. 

 

 

 

 

 

 

 

 

 

 

 

 



81 

 

4. An assessment of the role and performance of 
segmentation in radiomic characterization 

The purpose of this chapter was to develop a technique to assess the role of 

segmentation in radiomics characterization relative to an ideal estimation of radiomics. 

The work developed in this chapter was presented at the SPIE Medical Imaging 

Conference in 2020 under the title “A method to assess the performance and the relevance 

of segmentation in radiomic characterization”[65]. Therefore, the contents in this chapter, 

including texts, figures, and tables were mainly reproduced from this publication. 

 Segmentation, an initial crucial step in the quantification of radiomics features, is 

influenced by image quality. To understand and optimize radiomics quantification, it is 

highly beneficial to isolate this effect. The purpose of this study was to develop a 

segmentation performance index (s') to quantify the segmentation performance relative 

to an ideal estimation, and further evaluate the index across several image quality 

conditions and segmentation algorithms for the purpose of characterizing lesion 

morphology. An estimator was developed to represent the best that an ideal 

segmentation operator would be expected to yield given the information content 

available from the image by utilizing prior information about the lesion and the imaging 

resolution properties. Three anthropomorphic lesion models with a mean radius of 5 

mm and mean contrast of 600 HU were generated. Images of lesions in a uniform 

background were simulated for a commercial scanner (Siemens Flash, B31f 

reconstruction) with noise magnitude ranging from 10 HU to 230 HU. To assess test-

retest variability, images were simulated 50 times at each noise magnitude. The images 
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were segmented with three different segmentation algorithms which were used to 

derive morphology features. The root mean square error (RMSE) of the morphology 

features was calculated across test-retest images as a function of noise for each 

segmentation algorithm. The ideal estimation RMSE was calculated for each feature and 

was divided by the segmentation RMSE resulting in the segmentation performance 

index (s'). The s' values were evaluated as a function of radiomics feature and noise 

magnitude. As a comparison to s', traditional segmentation quality metrics including 

dice coefficient, volume similarity, and Hausdorff distance were also calculated.  

The magnitude of the RMSE was highly feature dependent, with the RMSE for 

asphericity approaching a maximum value of 1000% compared with elongation 

approaching a maximum value of 4%. The s' analysis showed that some segmentation 

algorithms had values close to 1 (high performing) while other segmentation values 

were close to 0 (low performing). The dice coefficient analysis showed that segmentation 

algorithms had values in the range of 0.9 for low noise (≤100 HU). However, high noise 

(200 HU) caused the dice coefficient to drop as low as 0.5 for one segmentation 

algorithm. Traditional segmentation quality metrics do not reflect the performance of 

segmentation in terms of its relevance to radiomics performance. In contrast, the s' 

values were found to be both feature-specific and noise-specific, useful in radiomic-

relevant characterization of segmentation algorithms. This allows for evaluating, 

choosing, and optimizing segmentation algorithms to yield target radiomic performance 

for a given imaging condition and or protocol.   
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4.1 Introduction 

Radiomics is the process of extracting quantitative metrics reflecting the 

intensity, texture, size, or shape of a region of interest with the intent of relating them to 

patient outcomes[18]. While the field of radiomics has great potential to improve patient 

care, radiomics features have been shown to exhibit significant variability. It is thus 

necessary to ensure the ability to robustly measure radiomics features from medical 

images, and to understand quantitatively the degree of expected variability in the 

measured radiomics features. Previous studies have highlighted the variability of 

radiomics features due to imaging quality and protocols[14, 15] as well as the choice of 

the segmentation operator[16, 17]. However, segmentation is a pre-requisite of the 

radiomic quantification by itself and subject to the influence of image quality.  This 

creates a compounding effect: A poor radiomic quantification can be the results of either 

a poor segmentation or a poor image quality, and one cannot judge which one is the 

culprit and in need of revision or improvement. Isolating this compounding effects of 

image quality and segmentation would make it possible to decide on and optimize each 

independently, thus, to better understand and optimize radiomics calculations and 

study designs.  

To isolate the effects of segmentation quality from image quality, it is possible to 

utilize techniques from statistical decision theory. Statistical decision theory has been 

applied to medical imaging detection tasks by developing and implementing observer 

models to characterize task-based image quality[66]. One such observer model, the ideal 
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observer, sets an upper limit on the detection performance for a specific task and can be 

used as a benchmark against which to compare performance of other observers[67]. 

Similarly, one can define an ideal estimator for radiomics features against which other 

estimators of radiomics can be compared. In the case of radiomics estimation, the entire 

process of estimating radiomics features typically hinges upon a segmentation 

delineating the boundary within which the radiomics features will be calculated. As 

such, each combination of segmentation algorithm and feature extraction method can be 

considered an estimator of radiomics features. Based on the quality of the available data, 

the ideal estimator can be used as an ideal characterizer against which alternative 

radiomics estimators can be compared.  

Model-based estimators have previously used image data to estimate numerical 

parameters of a specific object[66] including lung lesions[68, 69] and coronary 

stenoses[70]. These estimators have the advantage over typical segmentation algorithms 

that they can incorporate information about the imaging system, information about the 

lesion characteristics, and do not rely on segmentation of boundaries to derive 

estimates[68]. These techniques also make use of simulations and known ground truth 

lesion models which are not available in the case of imaging real patients. Given that 

these model-based techniques utilize information about the ground truth lesion models 

and about the imaging systems, they theoretically provide a lower limit for the 

performance of radiomic feature estimation as compared with segmentation techniques 

that lack this additional information. While model-based estimators have superior 
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performance, typical segmentation techniques are inherently necessary for radiomic 

characterization in images of real patients when the ground truth of the patient lesion in 

unknown. As such, patient radiomic studies will continue to require traditional 

segmentation algorithms and therefore it is important to characterize these algorithms 

relative to an ideal estimation of radiomics.  

The goal of this study was to characterize the influence of the segmentation 

quality on radiomic assessment of lung lesions in such a way that isolates the impact of 

the information content of the image on segmentation quality, and to clarify how image 

quality and segmentation quality together inform the radiomic quality.  Towards these 

objectives, the study aimed to (1) develop a segmentation performance index (𝑠′) to 

describe the segmentation performance relative to an ideal estimation based on the 

available quality in the images, and to (2) assess the utility of the index to compare 

various segmentation algorithms across image quality conditions in the task of 

characterizing lesion morphology.  

4.2 Methods 

4.2.1 Development of Segmentation Performance Index (𝒔′) 

An ideal estimator was developed to incorporate prior knowledge of the lesion 

and the imaging resolution properties to represent the best that an ideal segmentation 

operator would be expected to yield given the information content available from an 

image. Then, for a given image and segmentation method, a segmentation performance 

index (𝑠′) was computed as the ratio between the result of the segmentation method and 
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that of the ideal estimator.  We detail these steps below which were originally presented 

by Hoye et al[65].  

4.2.1.1 Ideal Estimator (MLE) 

The ideal estimator was developed using a matched-filter maximum likelihood 

estimation (MLE) approach that estimates morphology features derived from a template 

lesion.[46, 68, 70] The technique, adapted from Richards et al,[70] involves generating a 

bank of template lesions. The lesions in the bank are generated by utilizing the true pre-

imaged lesion matching the desired lesion for morphological estimation. Templates are 

generated by first scaling the lesion size in increments of 2% from 90% to 110% Each 

scaled size is included in the template bank. Then, additional templates are also created 

by modifying each scaled template to have edge pixels added or removed pseudo-

randomly. The size scaling is designed to represent how an operator perceives the 

overall low frequency size and shape of an object, while the random boundary 

fluctuations is designed to represent that an operator may decide to include or exclude 

high frequency details at the boundary. Once the template bank is completed, each 

noise-free template is degraded according to the resolution properties (i.e., TTF[71]) of 

the imaging system before comparing to the simulated noisy image by computing the 

squared pixel-wise difference.  

The template that minimizes the squared pixel-wise difference for each specific 

instance of noise is used to derive estimates of the radiomics features (21 morphology 

and size features). The process is then repeated across all test-retest instances of image 
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noise and the repeated estimates are used to calculate the mean square error (MSE) for 

the estimator at a given noise magnitude. The MSE was selected as the figure of merit 

for estimator evaluation since it combines both bias and precision as 𝑀𝑆𝐸 = 𝜎2(𝜃) +

𝐵2(𝜃), where 𝜎2(𝜃) is the variance of estimator 𝜃 and 𝐵2(𝜃) is the squared bias of the 

estimator 𝜃.[72] As the MSE is in square units not relative to the magnitude of the 

quantity, we can use the scaled RMSE, 

 𝑅𝑀𝑆𝐸 =
1

𝐹0
√

1

𝑛
∑ (𝐹𝑗 − 𝐹0)

2𝑛
𝑗=1 , (11) 

where 𝐹0 is the ground truth for each feature and 𝐹𝑗 is each repeated feature 

measurement across the total repeats (n). The RMSE was calculated across all repeated 

measurements for a single lesion as a function of noise magnitude.  

The reliability of the RMSE for quantifying the estimability of object parameters 

relies on the assumption of lack of a null functions between the ground truth object and 

the final image of the object, which does not hold for discrete voxel images[66]. In other 

words, there are many possible ground truth representations of an object that can result 

in the same resulting image of the object due to the discrete nature of voxelized images. 

To overcome the problem of null functions, we implemented the suggestion in Barrett et 

al.[66] and report the average RMSE values across a specific class of lesion objects.  

4.2.1.2 Segmentation Performance Index (𝒔′) 

The segmentation performance index 𝑠′ was computed by dividing the test-retest 

RMSE of the ideal estimator by the test-retest RMSE from a given segmentation 

algorithm.  The division of the RMSE was chosen so that the performance index 𝑠′ 
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would act as an analogous measurement to the Detective Quantum Efficiency (DQE) for 

imaging systems. As such, the index would describe the performance of each 

segmentation algorithm relative to the ideal performance that could be expected based 

on the quality of the information provided by the image data. In another word, as the 

data is noisy, an ideal segmentation cannot be expected to provide a perfect 

performance, rather the best performance given the noisiness of the data.  

The RMSE for each morphology feature was calculated for each noise magnitude 

and segmentation algorithm. The RMSE for the ideal estimator was then divided by each 

segmentation algorithm RMSE, resulting in a segmentation performance index (𝑠′) 

representing a ratio of RMSE. The 𝑠′ was thus defined as 

 𝑠′ =  
𝑅𝑀𝑆𝐸𝑒,�̅�,𝑛

𝑅𝑀𝑆𝐸𝑆,�̅�,𝑛
, (2) 

where 𝑅𝑀𝑆𝐸𝑒,�̅�,𝑛 is the RMSE for the ideal estimator averaged across all lesion 

models 𝐿 for each noise magnitude 𝑛, and 𝑅𝑀𝑆𝐸𝑆,�̅�,𝑛 is the RMSE for each segmentation 

operator/algorithm averaged across all lesion models 𝐿 for each noise magnitude 𝑛.  

4.2.2 Application of Segmentation Performance Index (𝒔′) 

Images of clinically informed, randomly generated lesions were simulated using 

the noise texture and resolution properties of a typical commercial CT system as a 

function of increasing noise magnitudes. Three segmentation algorithms were applied to 

the simulated lesion images and the resulting segmentation masks were used to derive 

estimates of morphology and size features. The estimates of morphology and size 

features were used to calculate test-rest RMSEs. A segmentation performance index (𝑠′) 
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was then calculated by dividing the ideal estimator RMSE by each segmentation 

algorithm RMSE for each unique combination of noise magnitude and morphology 

feature.  

4.2.2.1 Lesions 

Three lesion models were each pseudo-randomly generated to have different 

anatomically relevant shape and contrast. The model for generating lesions with realistic 

anatomical shape was developed previously by Solomon et al.15. The ground truth 

contrast of the lesions was an average value of 600 HU with standard deviation 50 HU 

and maximum and minimum possible values of 800 HU and 400 HU, respectively. The 

three lesion models had contrasts of 564 HU, 605 HU, and 625 HU. The lesions were 

developed to have a mean radius within the range of 3-7 mm with an average value of 5 

mm and a standard deviation of 0.5 mm. The lesion parameters were chosen to 

represent low-contrast lobulated and spiculated lung lesions. Renderings of the three 

lesions are shown in Figure 18. 

 

Figure 18: Three lesion models  
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with characteristics of low contrast spiculated and lobulated lung lesions were 

generated statistically using a pseudo-random process. 

4.2.2.2 Simulated Images 

Images of the lesions were simulated by applying imaging system resolution 

properties, according to the Task Transfer Function (TTF), to voxelized renderings of the 

lesions to represent the resolution properties of the imaging system. Correlated noise 

texture was added to the voxelized images according to the noise power spectrum (NPS) 

for a specific scanner model and reconstruction method.[14, 16] For this study, the 

simulated imaging protocol represented a typical CT system (Siemens Definition Flash) 

and reconstruction (filtered back projection, B31f kernel). Images of each lesion were 

simulated at different noise magnitudes ranging from 10 - 230 HU in increments of 20 

HU. For each noise magnitude, test-retest scenarios were simulated by generating 50 

repeat images (Fig. 19). In total, 600 images were simulated for each of the three lesions 

for a total of 1800 simulated lesion images.  
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Figure 19: Figure 2. Figure 2. Test-retest simulated noisy images for noise 

magnitudes of 10 HU (a), 110 HU (b), and 210 HU (c)  

are shown for a single lesion model. The images demonstrate that unique 

repeated instances of image noise will result in the noise fluctuations to present 

differently and that the noise fluctuations become more variable with increasing 

image noise magnitude. 

4.2.2.3 Segmentation Algorithms 

 The segmentation algorithms studied included three unique segmentation 

algorithms. The first was an Active Contour algorithm (MATLAB)[62] created using a 

seed point including pixels in the central lesion slice with magnitudes greater than the 

20th percentile value of image intensity in the lesion. The algorithm using the seed-point 

as initial information to complete the segmentation. The second segmentation algorithm 

was another MATLAB-based segmentation that was threshold-based. The threshold was 

set to include pixels with greater than the 20th percentile value of image intensity in the 

lesion. The two MATLAB segmentations were executed automatically using a script. A 
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third segmentation was a commercial semi-automatic segmentation that segments 

lesions with a single click (Radiomics prototype, Siemens Healthineers).[73] The 

commercial segmentation algorithm was executed semi-automatically by an imaging 

scientist who placed seed points for segmentation in the repeated images. Example 

segmentation masks are shown in Figure 20. The segmentation masks from all three 

algorithms were used to derive estimates of morphology and size features.  
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Figure 20: The 3D renderings of repeated simulated lesion segmentation 

masks  

show the variability in segmentation boundaries across repeated instances of 

image noise for the same noise magnitude and lesion model. The different shades of 

pink of the segmentation masks indicate different segmentations. 
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4.2.2.3 Analysis and Segmentation Metric Quality Comparison 

Morphology-specific RMSEs describing the test-retest variability for each image 

noise level were calculated from the estimates of morphology and size features derived 

from each segmentation algorithm. THE RMSEs were used to calculate the segmentation 

performance index (s') by dividing the ideal estimator RMSE by the segmentation 

algorithm RMSE for each noise magnitude and morphology feature. The data was 

presented by plotting the RMSEs and s' values as a function of increasing noise for each 

morphology feature.   

Traditional metrics of segmentation quality including dice coefficient, volume 

similarity, mean regional Hausdorff distance, and standard deviation Hausdorff 

distance[47] were calculated from the segmentation masks. These metrics were 

specifically chosen to represent overlap-based metrics, volume-based metrics, and 

distance-based metrics.[74] The traditional segmentation quality metrics were also 

plotted as a function of increasing image noise to allow for analysis of trends as a 

function of noise and comparison with other metrics.  

4.3 Results 

The RMSE values (Fig. 21) showed a pattern of increasing RMSE with increasing 

noise magnitude for almost all segmentation operators. The ideal estimator consistently 

showed the lowest RMSE value across all features, except for the discrete compactness 

feature where there was closer overlap between the ideal estimator RMSE and both the 

threshold RMSE and commercial RMSE for a few select noise magnitudes. The threshold 
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algorithm consistently showed the highest maximum RMSE values, while the active 

contour and commercial algorithms had similar lower RMSE values. The active contour 

and commercial algorithms varied in performance based on the specific feature of 

interest.  

 

Figure 21: The RMSE (%) results for threshold (red), active contour (blue), 

commercial (black), and Ideal Estimator (green) operators  

as a function of increasing image noise (HU) for 21 morphology features. For 

some features, such as compactness1 and compactness2, the best performing 

segmentation algorithm (commercial) was similar to the ideal estimation. However, 

for other features, such as elongation and flatness, the best performing algorithm 

(active contour) was noticeably separate from the ideal estimation. The magnitude of 

the RMSE was also feature dependent, with the RMSE for asphericity approaching a 

maximum value of 1000% compared with elongation approaching a maximum value 

of 4%. 

The segmentation performance index (𝑠′) was analyzed for the segmentation 

algorithms across the range of noise magnitudes. The optimal segmentation algorithm 

for a given noise magnitude was the algorithm with the largest magnitude of 𝑠′ (closest 
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to 1). The results (Fig. 22) showed that optimal segmentation algorithm was feature 

specific. For example, in the case of certain features, the active contour was the most 

optimal algorithm for most noise magnitudes (e.g. for volume, approximate volume, 

radius, major length, minor length, least length, ellipsoid surface area, and ellipsoid 

volume); however, in other cases the commercial algorithm was the most optimal 

algorithm for most noise magnitudes (e.g. for surface area, sphericity, spherical 

disproportion, asphericity, compactness, compactness2, and surface area ratio).  

 

Figure 22: The segmentation performance index (s') results for threshold (red), 

active contour (blue), and commercial (black) segmentation operators  

as a function of increasing image noise (HU) for 21 morphology features. 

Larger values of s' (near 1) indicate that the segmentation algorithm performance was 

better (close to the ideal estimator performance). Some features, such as discrete 

compactness, sphericity, spherical disproportion, asphericity, compactness, and 

compactness2 showed high s' values for certain noise magnitude and segmentation 

algorithms. However, other feature such as elongation and flatness showed 

consistently low s' values across all three segmentation algorithms. 
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Traditional metrics of segmentation quality, including dice coefficient, volume 

similarity, and Hausdorff distance metrics, were calculated for comparison against 

RMSE and 𝑠′. For all 4 traditional metrics studied, the threshold algorithm was the worst 

performing across most noise levels with low values for dice coefficient (23(a)), low 

values for volume similarity (23(b)), and high values for the Hausdorff distance metrics 

(6(c-d)) (Fig. 23). The volume similarity metric showed the active contour algorithm 

performing the best across all noise magnitudes, while the other three metrics showed 

the commercial algorithm outperforming the active contour at the highest noise 

magnitudes. All four segmentation quality metrics showed the active contour algorithm 

performing the best for low to medium noise magnitudes.  



98 

 

 

Figure 23: Traditional segmentation results 

for the average dice coefficient (a), volume similarity (b), standard deviation 

(STD) regional Hausdorff distance (c), and mean regional Hausdorff distance (d), 

across all three lesion models as a function of increasing image noise show that the 

segmentation quality degrades with increasing noise as a function of segmentation 

algorithm. 

4.4 Discussion 

Traditional metrics of segmentation quality do not directly relate to the ability to 

measure specific radiomics features accurately and precisely as they are generally based 

on the overlap, volume, and shape similarity and are not designed to be feature-specific. 

Such metrics are also calculated by comparing the post-image boundary mask to the 
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pre-image true lesion without separating the effects of image quality from segmentation 

quality.  

In this study we developed a segmentation performance index (𝑠′) (a 

“segmentation DQE” figure) to describe the segmentation performance relative to an 

ideal estimation and evaluated the index across several segmentation algorithms and 

image quality conditions in the task of characterizing lesion morphology. The results 

showed that the optimal segmentation is feature specific with some segmentation 

algorithms resulting in better 𝑠′ for some features and other segmentation algorithms 

resulting in better 𝑠′ for other features. The results also showed that the optimal 

segmentation algorithm might change depending on the specific noise magnitude, with 

some algorithms performing better at low noise and others performing better at high 

noise. The comparison with traditional segmentation quality metrics highlights that 

these metrics also do not separate segmentation quality from underlying image quality, 

and therefore may penalize a segmentation algorithm for poor image quality. The 

formalism developed in this study can be used as criteria to select best segmentation 

algorithms and noise level for a targeted radiomic feature, accounting for the 

interdependence of segmentation quality and image quality.  

We have identified and developed a methodology to quantitatively isolate the 

radiomic accuracy and imprecision effects attributable to segmentation and effects 

attributable to image quality. The methodology allows the ability to understand the true 

impacts of image quality on radiomic feature estimation with the segmentation method 
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counted separately. This methodology allows one to quantitatively assess the 

performance of a segmentation algorithm relative to an ideal segmentation, a formalism 

to evaluate various segmentation algorithms. This separation between image quality and 

segmentation algorithms provides for separate characterization of  image quality and 

segmentation performance. Rather than having to test every possible segmentation to 

understand the combined impact of segmentation and image quality on radiomic 

estimation, we can now assess image quality alone, independent of segmentation 

algorithm, and then for any new segmentation algorithm that would be developed, we 

can study how its performance compares to the ideal case for a few test cases.  

When compared with other segmentation quality metrics[74], the segmentation 

quality metric developed in this study is most similar to the volume similarity. Both 

metrics make use of quantitative features derived from the segmentation masks as an 

index of performance compared to the true quantitative features. As such, these metrics 

are well-suited for when the main goal of segmentation is the derived quantitative 

features. Different segmentation quantification metrics are optimal for different 

segmentation tasks. The s’ metric implemented in this study is ideally suited to the task 

of using segmentation to estimate morphology features. The s’ metric is not overlap or 

distance focused – it is exclusively focused on the final feature estimates derived from 

the segmentation boundary. As a result, the s’ metric does not care if the segmentation 

lines up spatially or if the point clouds of the objects agree – it only cares about the final 

derived estimates. This is because it is specifically designed to apply to segmentation 
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algorithm decision for calculating radiomics features. In the case of other applications of 

segmentation, such as for biological models and phantom developments, the final 

derived estimates of these features may be less important than getting the exact location 

correct – particularly if it is important to locate an object with respect to other anatomical 

locations. For these cases, estimation theory developed in this study is not relevant 

because there is no final quantity being estimated from the mask. 

Previous model-based estimators utilized templates that varied with a single 

parameter estimation (radius of lesion[68] and radius of cardiac plaque[70]). In those 

studies, the template that minimized the cost function was used to estimate the radius, 

and then the volume and other features were derived from the estimate of radius. In our 

study, we also increase and decrease the radius, resulting in a method with radius 

parameter estimation present, but we also must add in edge fluctuations to result in 

more options for ratios between surface area and volume. Because we added the noise 

fluctuations at the boundary, it is possible that the ideal estimator is not the true lowest 

bound on performance. However, this proved effective to allow different estimates of 

certain morphology features. For example, keeping the object exactly the same and 

scaling the size up and down would not result in any changes to the features that are 

ratios of volume and surface area, so there would never be any variability for these 

features and the results would be “too ideal”. We therefore needed to slightly modify 

the templates to allow for the possibility of variability across all radiomics features. We 

believe that the edge addition is justified given that segmentation algorithms are likely 
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to be confused mainly at the boundaries, and that the addition of edge fluctuations 

simulates that boundary confusion. We believe that our estimator is still a lower bound 

on segmentation performance given that the estimator has access to the blur information 

and the true lesion.  

Some radiomics features showed the interesting trend of improved (smaller) 

RMSE and improved (larger) s’ for low-medium noise magnitudes in the images (Fig 4-

5). It is possible that the increase is a result of the segmentation algorithms being 

optimized to handle moderate amounts of noise that is typical for medical imaging. It is 

also possible that the segmentation algorithms perform better with small amounts of 

noise because the small amounts of noise counteract the blurring effects that make the 

lesion larger in size, resulting in more accurate representations of the lesion size 

compared with the ground truth. Additionally, the Siemens segmentation shows 

increased s’ index for several ratio features (Asphericity, Spherical Disproportion, 

Compactness1, Compatness2, etc.). This phenomenon was present only for the ratio 

features. As ratios, these features represent more than one factor and thus the confluence 

of two factors render the observed trends. The overall magnitude of the s’ index for 

these features is reflective of the performance of the Siemens algorithm.  

This study was limited by the number of lesions, the number of repeats, and the 

number of the imaging protocols that it evaluated. Future analysis should investigate 

the relationships between RMSE for more lesions, repeated images, and imaging 

protocols. Future analysis should also investigate more segmentation algorithms to 
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determine which algorithms are most similar to the ideal estimator. This study also used 

a CT simulation rather than using real CT images. Nevertheless, the images and the 

templates used in this study were both developed using the same simulation process, 

which was an advantage to the method over real CT data because the estimator had 

access to the exact blur applied to the lesions. As a result, the templates had the exact 

resolution information to match the images against which they were being compared.  

4.5 Conclusion 

 In conclusion, this study developed a segmentation performance index (s') to 

describe the segmentation performance relative to an ideal estimation and applied the 

index across several segmentation algorithms and image quality conditions in the task of 

characterizing lesion morphology. The results show that the performance of segmentation 

algorithms is feature and image-quality specific. The s’ metrology provides a means to 

assess the segmentation quality independent from the image quality.  
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5. Correction for systematic bias in radiomics 
measurements due to variation in imaging protocols 

The accuracy of measured radiomics features is affected by CT imaging 

protocols. Assessing the associated potential systemic bias to morphologic features using 

simulations, this study aims to ascertain if applying bias corrections can improve the 

classification performance of the radiomics features. 

A cohort of 144 Non-Small Cell Lung Cancer patient CT images was used to 

calculate radiomics features for use in predictive models of patient pathological stage. 

Simulation models of the tumors, matched to patient lesion qualities of size, contrast, 

and degree of spiculation, were used to both create and assess protocol-specific 

correction factors. The usefulness of correction was first assessed by applying the 

corrections to simulated lesion phantoms with known properties using a paired 

Wilcoxon Rank Sum Test. The sensitivity of radiomics features to correction factors was 

assessed by applying a library of possible theoretical correction factors to the 

uncorrected radiomics from the patient data. The data were then used to assess the effect 

of the correction on prediction performance (AUC) from a logistic regression radiomics 

model across the patient cases.  

The correction factors were shown to reduce the bias of radiomics features, 

caused by protocols, provided that the correction factors were derived from lesion 

models with similar properties. The sensitivity of the radiomics features to changes due 

to protocol effects was found to range from 1-5% to 10-50%. The corrections applied to 
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patient data resulted in a statistically significant but small increase of 0.01 in AUC 

(P=0.007).  

Protocol-specific correction factors can be applied to radiomics studies to control 

for biases introduced by different imaging protocols. To be successful, however, the 

correction factors should also be lesion-specific, derived using lesion models that echo 

patient lesion characteristics in terms of size, contrast, and degree of speculation. 

5.1 Introduction 

Radiomics is the process of measuring quantitative features from medical images 

for the purpose of predicting patient outcomes[20]. Examples of radiomics features 

include quantitative measures to describe size, shape, intensity, and heterogeneity of a 

region of interest. For these measured radiomics features to be most relevant for 

predicting patient outcomes, they need to be measured accurately and robustly[18]. 

Previous studies have shown that radiomics feature measurements from medical images 

are variable and biased depending on the imaging protocol used, as well as the 

anatomical factors of the patient[6, 9, 14, 16, 75, 76]. While these studies have 

demonstrated the influence of imaging protocols, it is uncertain how this influence 

impacts the prediction of patient outcomes, or how to best mitigate this influence.   

One method to mitigate the influence of protocols is harmonization – ensuring 

that the data used in a study are acquired with a consistent imaging protocol. For 

example, Ger et al.[15] found that using controlled protocols reduced the variability of 

texture features in chest images by 57%. Another strategy has been to transform the 
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images from different protocols and vendors by applying image filters and voxel re-

sampling strategies[77].   Yet another strategy has been to apply a Combat feature 

transformation to the measured radiomics features from different protocols[78]. The 

Combat technique ensures that the distribution of features measured from one protocol 

matches the distribution from another protocol. While these techniques have proved to 

be useful for accounting for protocol effects, they do not incorporate information about 

the underlying patient anatomy which also influence the results; previous studies have 

shown that there is a complicated interplay between the imaging protocol and the 

properties of the underlying ground truth used to assess the protocol[14, 16].  

The purpose of this study was to develop, apply, and assess a new CT protocol 

harmonization technique for morphological radiomics features which accounts for both 

protocol effects and patient attributes.  The study aimed to undertake this task by 

assessing (1) the usefulness of correcting radiomics features for protocol effects using 

morphologically-representative lesion phantoms, (2) the radiomics feature-specific 

sensitivity of patient outcome classification algorithms to differences in protocol and 

anatomical effects, and (3) the applicability of correcting for protocol and anatomical 

effects. In summary, the goal of the study was to determine if correcting for protocol 

effects is possible, useful, and relevant to improve the prediction of patient outcomes.   
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5.2 Materials 

5.2.1 Patient Data 

The study used CT image data from a cohort of 144 patients with non-small cell 

lung cancer from the TCIA database. Each case consisted of a single CT series[79]. Each 

case contained a single primary tumor at known location. The cohort of patient cases 

was collected from Stanford University School of Medicine (57) and Palo Alto Veterans 

Affairs Healthcare System (87) from 2008 – 2012[79]. The patient age at histological 

diagnosis ranged from 43 – 87 years old and patient weight ranged from 36 – 144 kg. 

There were 36 female and 108 male patients. The ethnicity of the patients was a mix of 

African American (6), Asian (22), Caucasian (108), Hispanic/Latinx (5), and Native 

Hawaiian/Pacific Islander (3). The smoking status of the patients was a mix of current 

smokers (30), former smokers (92), and nonsmokers (22). The patient CT images were 

acquired with a variety of different protocols and scanner models from four different 

manufacturers as shown in Table 7. The imaging conditions across the population 

resulted in images with a mean noise magnitude of 52.6 HU, standard deviation of 26.8 

HU, maximum value of 137 HU, and minimum value of 8.5 HU. Example axial slices of 

two different patients with similarly sized nodules (Figure 24) show that the variable 

imaging conditions can result in notable difference in image quality. 
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Table 7: The CT manufacturers, scanner models, reconstruction kernels, slice 

thicknesses, and in-plane pixel sizes used to image the patients.  

The number of patients scanned with each manufacturer, scanner model, and 

reconstruction kernel is shown in parenthesis. 

Slice 

Thicknesse

s (mm) 

In-Plane 

Pixel 

Sizes 

(mm) 

Manufacturers Scanner Models 
Reconstruction 

Kernels 

0.625 - 3 0.59 - 0.98 

GE Healthcare 

(121) 

Discovery 750 

HD (84) 

BONEPLUS (8) 

LUNG (61) 

STANDARD (15) 

Lightspeed 

VCT/16 (37) 

BONE (6) 

BONEPLUS (14) 

LUNG (3) 

STANDARD (14) 

Siemens (19) 

Sensation (12) 

B40f (1) 

B45f (8) 

B50f (2) 

B70f (1) 

Flash (7) 

B31f (1) 

B45f (4) 

B50f (1) 

I70f/2 (1) 

Phillips (3) Unknown (3) 
C (1) 

YB (2) 

Toshiba (1) Unknown (1) FC52 (1) 
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Figure 24: Example ROIs from axial slices containing lung nodules for two 

different patients. 

Patient 1 (a) was imaged with a GE Discovery 750 HD scanner, 2.5 mm slice 

thickness, in-plane pixel size of 0.621 mm, and a STANDARD reconstruction kernel. 

Patient 2 (b) was imaged with a GE Discovery 750 HD scanner, 1.25 mm slice 

thickness, in-plane pixel size of 0.703 mm, and a LUNG reconstruction kernel. The 

noise in soft tissue was 18 HU for Patient 1 and 90 HU for Patient 2. For both (a-b) 

images, the displayed window width was 1500 and window level was -400. 

The patient images were used to develop predictive models for outcome in terms 

of the pathological Tumor (T) staging based on size and extent of the tumor. While there 

were several outcome data available for analysis, we chose this outcome because it did 

not contain missing data, which allowed us to make the best use of the full data 

available. The patient dataset contained a mix of T stages represented including T1a (38), 

T1b (30), T2a (20), T2b (9), T3 (16), T4 (5), Tis (6). The outcome was binarized for the 

purpose of radiomics analysis into two broad outcome categories representing low stage 

and high stage. The low stage category contained Tis, T1a, and T1b patients, while the 
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high stage category contained the remaining cases. The binarized outcome resulted in 74 

cases in low stage and 70 cases in high stage.     

5.2.2 Simulated Data 

Simulated images of computational lesion models were created for various types 

of lesion models and CT imaging conditions, matching the properties of the patient 

images one-to-one between the 144 patients and the simulated scenarios. The 

computational lesion models were designed to have a variety of underlying ground 

truth properties including variable size, contrast, and two broad categories of shape (low 

and high spiculations). The low spiculation category was developed using an 

anthropomorphic model of lesions[36]. The high speculation category was modeled by 

adding lesion spiculations[57] to these low-spiculated lesions. Both categories of lesion 

shape were then adjusted to match their contrast with corresponding Hounsfield units 

(HU) of the patient lesions and background tissue.  

Images of the lesion models were simulated to match the imaging conditions 

used for the patients. The imaging conditions were defined as the noise texture, noise 

magnitude, and resolution properties for each image. The simulated images were 

generated using a previously developed technique described by Hoye et al.[16] and 

Robins et al.[14] which applies image system blur and correlated noise properties using 

protocol-specific measured task transfer function (TTF) and noise power spectrum 

(NPS)[13]. The TTF and NPS data were obtained from an in-house database of TTF and 

NPS, empirically measured from an American College of Radiology (ACR) CT phantom 
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[80]. For a subset of imaging conditions (16/144), the TTF and NPS were derived from 

published data[81-83].  

After matching the NPS shape between patient and simulated lesions, the noise 

magnitude for the simulated images was matched with the noise magnitude of the 

corresponding patient cases. The noise magnitude was measured in the soft tissue 

regions of the patient images using the global noise measurement technique,[84] which 

measures the mode value of the standard deviation (using a 9x9 pixel, square region-of-

interest) in the regions with intensity values between -300 HU and 100 HU. The image 

noise magnitude for each imaging condition was applied by scaling the NPS curve so 

that the area under the curve would equal the square of the noise magnitude. Example 

simulated images are shown in Figure 25. The simulated images of the lesions were used 

to measure the radiomics features for specific imaging conditions. The measured 

features were then used to assess the bias of radiomics features in CT imaging. The 

details of the radiomics and bias calculation are described in methods section 5.3.1.  
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Figure 25: Example axial slices for images of low (top row) and high (bottom 

row) spiculations after applying blur and noise properties 

for a specific CT imaging condition. Images are all shown with a window 

width of 1500, window level of -700 HU, and pixel size of 0.69 mm. The field of view 

for each image ranges from 90 mm to 125 mm depending on the lesion. 

5.3 Methods 

5.3.1 Segmentation, Radiomics, and Bias Calculation 

The lesions were segmented in both the patient and simulated images using a 

MATLAB implementation of an active contour approach[62]. For the patient images, a 

rectangle region of interest around each lesion was identified using the bounding box 

location defined by the segmentation masks that were provided on TCIA for these 

patients. The active contour semi-automatic segmentation algorithm used a seed point 

defined by the center of the bounding box to segment the lesions. Then, an imaging 
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scientist reviewed the segmentations and manually removed anatomical structures that 

erroneously included as part of the segmentation of the lesions. For the simulated 

lesions, the background was uniform, so no manual corrections were necessary.  

The segmentation masks were used to calculate 3-dimensional morphology 

radiomics features that describe the size and shape of the lesions. The 21 radiomics 

features used in the study are shown in Table 8. 

Table 8: The 21 radiomics features used. 

Feature Description 

Volume (V) 

V 

Fit an isosurface mesh to the binarized lesion segmentation mask 

(lesion=1, background=0), with 0.5 as the threshold for the 

isosurface function, and calculate the volume from the mesh 

 

Approximate Volume (𝑉𝑎𝑝𝑝𝑟𝑜𝑥 ) 

𝑉𝑎𝑝𝑝𝑟𝑜𝑥 

Added up all the voxels in the segmentation mask multiplied by the 

voxel volume 

 

Surface Area (A) 

A 

Fit an isosurface mesh to the binarized lesion segmentation mask 

(lesion=1, background=0), with 0.5 as the threshold for the 

isosurface function, and calculate the surface area from the mesh 

 

Surface Area to Volume Ratio (
𝐴

𝑉
)  

𝐴

𝑉
 

 

Compactness1 (𝐹𝑐𝑜𝑚𝑝1) 
𝐹𝑐𝑜𝑚𝑝1 =

𝑉

𝜋
1
2𝐴

3
2

 

 

Compactness2 (𝐹𝑐𝑜𝑚𝑝2) 𝐹𝑐𝑜𝑚𝑝2 = 36𝜋
𝑉2

𝐴3
 

 

Spherical Disproportion (𝐹𝑠𝑝ℎ𝑑𝑖𝑠) 
𝐹𝑠𝑝ℎ𝑑𝑖𝑠 =

𝐴

(36𝜋𝑉2)
1
3

 

 

Sphericity (𝐹𝑠𝑝ℎ𝑒𝑟𝑖𝑐) 𝐹𝑠𝑝ℎ𝑒𝑟𝑖𝑐 =
(36𝜋𝑉2)

1
3

𝐴
 

 

Asphericity (𝐹𝑎𝑠𝑝ℎ) 𝐹𝑎𝑠𝑝ℎ =  
𝐴

(36𝜋𝑉2)
1
3

 − 1 

Radius (R) 

𝑅 =
1

𝑛𝑏

 ∑ √(𝑖 − 𝑥𝑐)2 + (𝑗 − 𝑦𝑐)2 + (𝑘 − 𝑧𝑐)2

𝑛𝑏

𝑖,𝑗,𝑘 

 

Where 𝑛𝑏is the number of boundary voxels and 𝑖, 𝑗, 𝑘 are indices of 

boundary voxels and 𝑥𝑐 ,  𝑦𝑐 ,  𝑎𝑛𝑑 𝑧𝑐 are the center of mass 

coordinates of the lesion 
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Spiculation (𝑅𝑠) 

𝑅𝑠 =  √∑
(𝑅𝑏 − 𝑅)2

𝑛𝑏 − 1 
𝑏

 

Where 𝑅𝑏is the radius at each boundary point 

 

Discrete Compactness (𝐶𝑑𝑖𝑠𝑐) 

𝐶𝑑𝑖𝑠𝑐 =  
𝑛 − (

𝐴
6𝑎)

𝑛 −  √𝑛23  

Where 𝑛 is the number of voxels in the tumor, A is the total surface 

area of external facing voxels, and a is the area of a single voxel 

face 

 

Major (M) 

𝑀 = 4√𝜆𝑚𝑎𝑗𝑜𝑟 

Where 𝜆𝑚𝑎𝑗𝑜𝑟 is the largest eigenvalue of the region-based 3D 

ellipsoid fitting 

 

Minor (m) 

m = 4√𝜆𝑚𝑖𝑛𝑜𝑟 

Where 𝜆𝑚𝑖𝑛𝑜𝑟 is the second largest eigenvalue of the region-based 

3D ellipsoid fitting 

 

Least (l) 

l = 4√𝜆𝑙𝑒𝑎𝑠𝑡 

Where 𝜆𝑚𝑖𝑛𝑜𝑟 is the smallest eigenvalue of the region-based 3D 

ellipsoid fitting 

 

Elongation (E) 
𝐸 = √

𝜆𝑚𝑖𝑛𝑜𝑟

𝜆𝑚𝑎𝑗𝑜𝑟

 

 

Flatness (F) 
𝐹 =  √

𝜆𝑙𝑒𝑎𝑠𝑡

𝜆𝑚𝑎𝑗𝑜𝑟

 

 

Ellipsoid Surface Area (𝐴𝑒𝑙) 
𝐴𝑒𝑙 = 4𝜋 (

𝑎𝑝𝑏𝑝 + 𝑏𝑝𝑐𝑝 + 𝑎𝑝𝑐𝑝

3
)

1
𝑝

 

Where 𝑝 = 1.6075, 𝑎 =
𝑀

2
, b =

𝑚

2
, c =

𝑙

2
 

 

Ellipsoid Volume (𝑉𝑒𝑙) 

𝑉𝑒𝑙 =
4

3
𝜋𝑎𝑏𝑐 

Where 𝑎 =
𝑀

2
, b =

𝑚

2
, c =

𝑙

2
 

 

Surface Area to Ellipsoid Surface Area 

Ratio (𝐹𝑎𝑟𝑒𝑎𝑟
) 

𝐹𝑎𝑟𝑒𝑎𝑟
=

𝐴

𝐴𝑒𝑙

 

 

Volume to Ellipsoid Volume Ratio 

(𝐹𝑣𝑜𝑙𝑢𝑚𝑒𝑟
) 

𝐹𝑣𝑜𝑙𝑢𝑚𝑒𝑟
=

𝑉

𝑉𝑒𝑙

 

 

 

With the precise radiomic of each lesion known prior to imaging, the bias in the 

radiomics features was calculated for each unique simulated lesion model that was 

designed to represent the underlying lesion characteristics and the imaging condition 

characteristics for each patient. For each combination of lesion model and imaging 
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condition, the percent relative bias (𝐵) was estimated in the simulated lesion models by 

calculating the radiomics features from the simulated images (𝐹𝑀) and calculating their 

relative difference from the ground truth of the radiomics feature (𝐹0), i.e., 

 𝐵(%) = 100 ∗ (
𝐹𝑀 − 𝐹0

𝐹0
). (12) 

 

The measured patient radiomics features and the estimated biases for the different 

combinations of imaging conditions and lesion models were then used to perform the 

following three sets of analysis.  

5.3.2 Bias-correction applicability 

Given that the value of bias can change depending on specific underlying 

ground truth of the lesion, an analysis was performed to assess the ability to correct for 

the bias of radiomics features as a function of imaging condition and lesion 

characteristics. As such, this analysis assesses the ability to apply bias correction factors 

from one set of unique lesion models to another set of different lesion models. An 

overview of the method is shown in Figure 26. 
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Figure 26: An overview of the bias applicability methods.  

Four unique lesion model cohorts were developed such that two cohorts each 

contained low spiculation lesion models (Cohorts 1 and 2) and two cohorts each 

contained high spiculation lesion models (Cohorts 3 and 4). Bias correction factors 

were calculated from one set of lesions and applied to another set of lesions in three 

applications (Applications A-C). In application A, bias correction factors were both 

generated and applied to low spiculation lesions. In application B, bias correction 

factors were both generated and applied to high spiculation lesions. In application C, 

bias correction factors were generated with low spiculation lesions and applied to 

high spiculation lesions.  

Bias correction factors were generated from one cohort of simulated lesions and 

applied to another set of simulated lesions to assess the effectiveness of correcting for 

bias. The bias correction method for radiomics feature values was based on linear 

scaling bias correction technique adapted from climate literature[85]. The bias correction 

factors in the present study were applied according to 

 𝐹C,X = FM,X − (
𝐵𝑌

100
) × 𝐹M,X (13) 
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where 𝐵𝑌 is the relative bias of cohort Y, FM,X is the measured radiomics feature of 

cohort Y, and 𝐹C,X is the new bias corrected radiomics feature for a given patient.  Bias 

correction was considered successful if the average absolute values of bias for the 

corrected set of radiomics was smaller than the average absolute values of bias for the 

uncorrected set of radiomics, or to represent it mathematically, if |𝐵𝐶,𝑋|̅̅ ̅̅ ̅̅ ̅ <  |𝐵𝑋|̅̅ ̅̅ ̅̅ , where 

𝐵𝑋 is the relative bias of radiomics for cohort X (𝐹𝑀,𝑋) and 𝐵𝐶,𝑋 is the bias of the 

corrected radiomics of cohort X (𝐹𝐶,𝑋).  

Bias correction factors were generated for one set of lesions and applied to 

another set of lesions for different combinations of spiculated and non-spiculated lesions. 

This application of bias factors from one set of lesions to another set of lesions was 

performed three times (Application A, B, and C) as shown in Figure 26. In application A, 

bias correction factors were generated with a cohort of low spiculation lesions (cohort 1) 

and were applied to a second cohort of low spiculation lesions (cohort 2). In application 

B, bias correction factors were generated with a cohort of high spiculation lesions (cohort 

3) and were applied to a second cohort of high spiculation lesions (cohort 4). In 

application C, bias correction factors from the low spiculation cohort 1 were applied to 

the high spiculation cohort 3. To that end, four unique cohorts of lesion models were 

generated, each with 144 sets of lesion models representative of each of the 144 patients. 

Within each set of 144 lesion models, three unique lesions were created to represent 

different morphological variability within a set. Therefore, in total, 4 cohorts x 144 

patients x 3 lesions per patient resulted in 1,728 unique lesion models created for the 

analysis. Simulated images of the lesion models were created to match the 144 unique 
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imaging conditions (resolution and noise properties) used to scan the 144 patients. The 

relative bias was calculated for each unique set of lesions and imaging conditions and 

was used to calculate an average relative bias for each set of lesions.  

The results were analyzed for applications A-C by comparing the average bias 

value of each radiomics feature of pertinent cohorts before and after bias correction. The 

average bias, standard deviation, and coefficient of variation for each feature was also 

calculated to assess the magnitude and consistency of the bias across the 3 different 

lesion models all with similar characteristics.  

5.3.3 Sensitivity to bias-correction 

An analysis was performed to assess the sensitivity of the predictive models’ 

performance to the magnitude of the difference in bias across imaging conditions. The 

goal of the analysis was to determine the threshold of difference in bias magnitude due 

to different imaging conditions which would result in a statistically significant change in 

the performance of a logistic regression model. 

 Before correcting for bias, uncorrected models were generated as a 

comparison. Twenty-one radiomics features were calculated from the active-contour-

generated segmentation masks for the 144 patients. The features were then each used 

individually in twenty-one single-feature models to train and test feature-specific 

logistic regression classifiers using the binarized outcome of patient T stage. The models 

were trained with only a single feature to test the sensitivity of the classification 

performance for each radiomics feature to their bias correction. Feature transformation 
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was performed such that each feature would have zero mean and unit variance. Each 

single-feature model was evaluated using five-fold cross validation bootstrapped five 

times, to allow for 25 samples of the performance of the logistic classifier with a single 

feature. The performance of the classifier was quantified for each fold using the area 

under the receiver operator characteristic (ROC) curve (AUC).  

 The single-feature logistic regression classification process was repeated 

480 times (24 unique bias correction factors each repeated 20 times) for each feature 

using different manipulated input feature data. The manipulated input feature data 

were generated by starting with the original patient feature data, and then manipulating 

it by a bias difference magnitude ranging from -100% to 100%. Twenty-four values were 

sampled in the range of -100% to 100% and each sample was repeated 20 times. Positive 

and negative bias correction factors were randomly applied to specific patient cases 

using a uniform random number generator. Given the random nature of the bias factors 

being either positive of negative, the process was repeated 20 times for each unique bias 

difference magnitude.  

 The AUC of the ROC curves for each bias magnitude value were 

compared against the AUC of the ROC curves from the original patient data (not altered 

by any bias factors). For each of the unique bias values tested, the AUC values for the 

bias altered model were compared with the AUC values for the original unaltered data 

using a paired Wilcoxon Sign-Rank Test. A p-value less than 0.05 was considered to be 

statistically significant.  
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The results were analyzed for each feature by reporting the smallest bias factor 

that resulted in a statistically significant difference in AUC among the 20 repeated 

replications of the bias correction. The data were also analyzed by reporting the bias 

magnitude that led to a statistically significant change in AUC most of the time (at least 

10 out of the 20 repeats). Finally, among the statistically significant differences in AUC, 

the data were analyzed to determine the effect of each bias magnitude on the absolute 

value of the difference in AUC between corrected and uncorrected data.  

5.3.4 Bias-correction efficacy 

An analysis was performed to assess the usefulness of correcting for radiomics 

feature bias for improving the predictive performance of a multi-feature logistic 

classifier. This analysis was carried out to determine the practical use of correcting for 

bias when combining multiple features in a predictive model. An overview of the 

method is shown in Figure 27. 

 

Figure 27: An overview of the bias usefulness methods.  
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Lesions from a cohort of 144 patients were identified and segmented. Then, an 

analysis was conducted in parallel to compare the effect of applying bias correction 

factors to measured radiomics relative to not correcting for bias.  

Twenty-one radiomics features were calculated from the Active Contour 

generated segmentation masks for the 144 patients. The features were used in a logistic 

regression classifier using the binarized outcome of patient T stage. Feature 

transformation was performed such that each feature would have zero mean and unit 

variance to give the features the same order of magnitude.  

The initial step of feature selection was an analysis of correlated features to 

remove features that provide redundant information. A correlation matrix was used to 

identify which features were highly correlated (correlation coefficient greater than 0.8) 

and sub-groups of features were identified to be correlated with each other. A single 

feature from each correlation sub-group was selected to represent that subgroup. The 

choice of specific feature within a subgroup was decided as the best performing feature 

for predicting the outcome according to an ANOVA F-value between the feature 

classification tasks. Once the highly correlated features were removed, the final set of 

selected features was determined using a recursive feature elimination with 5-fold cross-

validation technique. The recursive elimination technique, implemented in Python 

(sklearn package with RFECV function), works by iteratively developing models and 

removing the worst performing feature. The performance of each iteratively developed 

model was quantified by the area under the ROC curve (AUC). The subset and number 

of features with the largest average AUC value was selected.  
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The estimate of performance of the selected classifier was quantified by 

performing 5-fold cross-validation bootstrapped 20 times to obtain 100 unique estimates 

of the performance. For each fold, the performance was determined by the AUC. 

After developing a classifier to predict the performance of the radiomics for 

predicting the outcome, the same feature selection and classifier development process 

was applied to a new input dataset of radiomics features. The new radiomics feature 

input data were generated by applying the patient- and imaging condition-specific bias 

correction factors to the patient measured radiomics data. The bias correction factors 

were calculated by using simulated data designed to match the lesion size, contrast, and 

spiculation properties. The bias correction factors were matched to each patient based on 

degree of spiculation. The matching resulted in either low or high spiculation correction 

factors, applied to a lesion depending on which simulated lesion population more 

closely matched the lesion in terms of radiomics feature magnitude. The bias was 

corrected using Equation 13. These bias corrected patient radiomics feature data were 

then used to perform feature selection and develop a new logistic regression model to 

predict the binarized outcome of patient T stage. The training process for this second 

classifier used the exact same method and partition of the folds as the original classifier.  

The AUC values of the original radiomics logistic regression model and the bias 

corrected logistic regression model were compared by with a paired Wilcoxon Sign-

Rank Test. A p-value less than 0.05 was considered statistically significant. 
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5.4 Results 

5.4.1 Bias-correction applicability 

After bias corrections, the Application A results showed that the average relative 

bias was improved (reduced) for the low spiculation lesions by the application of 

correction factors from low spiculation lesions (Figure 28a). A similar trend was shown 

for Application B, where correction factors from high spiculated lesions were applied to 

another set of high spiculated lesions (Figure 28b). For Application C, when correction 

factors were derived from the low spiculation lesions and applied to the high spiculation 

lesions, the average relative bias for each feature was either not improved or worsened 

(increased bias) (Figure 28c).   

 The low spiculation median bias was typically smaller in magnitude than 

the high spiculation lesions (Table 9). The variability of the bias, as measured by the 

coefficient of variation, was greater in the low spiculation lesions for 90% of the features. 

The radiomics features that had the highest coefficient of variation for either the high 

spiculation or low spiculation lesions tended to be the features that also had a low 

magnitude of bias.  
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Figure 28: The average relative bias was calculated for populations of 

computational lesion models without (blue) and with correcting for bias (red).  

The correction factors were generated from one set of lesions and applied to a 

second set of lesions. For (a) the correction factors were generated with low 

spiculation and applied to low spiculation. For (b) the correction factors were 

generated with high spiculation and applied to high spiculation. For (c) the correction 

factors were generated with low spiculation and applied to high spiculation. 

 

Table 9: The median bias, standard deviation of bias, and coefficient of 

variation were calculated for the low and high spiculation sets of lesions. 

 Low Spiculation High Spiculation 

 
Median 

Relative 

Bias (%) 

Median 

STD of 

Bias (%) 

Median 

CV 

Median 

Relative 

Bias (%) 

Median 

STD of 

Bias (%) 

Median 

CV 

Radius 0.38 0.17 0.50 14.70 0.81 0.06 

Spiculation 6.68 3.33 0.61 36.85 2.82 0.08 

DiscreteCompactness 0.85 0.11 0.13 15.14 1.02 0.07 

Volume 0.32 0.24 1.01 2.54 0.91 0.39 

ApproximateVolume 0.28 0.25 0.90 11.29 0.78 0.08 

SurfaceArea 9.61 1.23 0.11 28.05 1.34 0.05 

SurfaceAreaToVolumeRatio 9.61 1.25 0.11 25.89 1.20 0.05 

Sphericity 8.69 0.97 0.10 36.33 2.34 0.06 

SphericalDisproportion 9.55 1.24 0.11 26.56 1.20 0.05 

Asphericity 62.77 21.67 0.35 34.99 1.51 0.05 

Compactness1 12.73 1.39 0.09 59.39 4.14 0.07 

Compactness2 23.79 2.34 0.08 154.19 13.39 0.09 

MajorLength 0.20 0.24 0.89 11.32 1.01 0.09 

MinorLength 0.25 0.28 1.12 11.24 0.78 0.08 

LeastLength 0.18 0.22 1.06 13.88 2.00 0.14 

Elongation 0.23 0.38 1.64 0.95 1.22 1.44 

Flatness 0.23 0.31 1.52 2.44 2.98 1.14 

EllipsoidSurfaceArea 0.41 0.24 0.53 22.18 0.88 0.04 

EllipsoidVolume 0.62 0.29 0.48 32.52 1.29 0.04 

SurfaceAreaTo 

EllipsoidSurfaceAreaRatio 
8.82 1.15 0.11 8.27 1.33 0.14 

VolumeTo 

EllipsoidVolumeRatio 
0.60 0.14 0.25 43.72 2.62 0.07 
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5.4.2 Bias-correction sensitivity 

The bias sensitivity results showed that the smallest significant difference in 

correction factor for all features ranged from 1-5% for at least one of the 20 repeated 

trials (Table 10).  However, among the 20 trials, the smallest difference in correction 

factor that was significant for most of the trials ranged from 5 – 170%, with 75% of the 

values being within the range of 10 – 50%. The significant differences were also analyzed 

by studying how the magnitude in the correction factor translated into difference in 

AUC magnitude (Figure 29). All features showed the general trend that increases in the 

correction factor magnitude led to increasing in the difference in AUC. 

Table 10: The smallest significant difference and smallest significant 

difference for most trails of bias correction factors for each of the radiomics features.  

The smallest significant difference was determined by the smallest bias 

correction factors among the 480 trials that resulted in a significant difference 

between corrected and uncorrected models. The smallest difference that was 

significant for most trails was the smallest bias correction factor that met the criteria 

that 10 out of the 20 repeats for that correction factor were found to be significant. 

 
Smallest 

Significant 

Difference (%) 

Smallest Difference 

that was Significant 

for Most Trials (%) 

ApproximateVolume 2 50 

Asphericity 1 170 

Compactness1 1 20 

Compactness2 1 50* 

DiscreteCompactness 1 5 

EllipsoidSurfaceArea 1 20 

EllipsoidVolume 2 50 

Elongation 1 20 

Flatness 1 30 

LeastLength 1 10 

MajorLength 1 10 

MinorLength 1 20 
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Radius 1 30 

SphericalDisproportion 1 110 

Sphericity 1 20 

Spiculation 1 50 

SurfaceArea 5 70 

SurfaceAreaToEllipsoidSurfaceAreaRatio 1 20 

SurfaceAreaToVolumeRatio 1 30 

Volume 2 80 

‘Most Trials’ is at least 10/20 trails.  

* = no data for 10/20, data for 9/20 used 

 

 

Figure 29: Increases in the difference between bias correction factors caused 

increases in the absolute value of the mean difference in AUC  

between datasets with and without bias correction factors for all 21 

morphology radiomics features. 

5.4.3 Efficacy of bias-correction 

To test the usefulness of the bias-correction, two parallel logistic regression 

models were used. One was trained on the original, uncorrected, radiomics features 

while the other was trained on the bias-corrected radiomics features. The 5-fold 



128 

 

recursive feature elimination with cross-validation results showed that the maximum 

cross-validation performance for each model identified a unique number and subset of 

radiomics features (Figure 30, Table 11). The Wilcoxon ranked sum test of the 100 unique 

paired samples of the AUC for the two models (Figure 31) showed a statistically 

significant increase in the AUC value by 0.01 (p=0.007) for that model using bias-

corrected radiomics features. 

 

Figure 30: The average cross-validation AUC as a function of the number of 

features for original radiomics model  

calculated from the 5-fold recursive elimination feature selection process for 

corrected (blue, higher) and uncorrected (red, lower) radiomics features. The 5-fold 

cross validations were paired such that the exact same cases ended up in the 

corresponding folds for both the original and corrected radiomics models. 
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Table 11: The features and performance for the original and corrected 

radiomics models.  

The features selected were the ones identified as the best performing 

combination of features by the recursive feature elimination and 5-fold cross-

validation process. 

 Original Radiomics Corrected Radiomics 

Features Selected 

Compactness1, 

LeastLength, 

Elongation, Flatness, 

SurfaceAreaToEllipsoi

dSurfaceAreaRatio 

Sphericity, LeastLength, 

Elongation, Flatness 

Average AUC 0.78 0.79 

STD AUC 0.08 0.08 

 



130 

 

 

Figure 31: The Average ROC curve among 100 unique samples of the ROC for 

both the corrected (blue) and original uncorrected (red) radiomics models.  

The shaded areas for each average ROC curve represent the 95% confidence 

interval for each ROC curve for each unique value of 1-Specificity. The samples of the 

ROC curves were matches between the two models such that the exact same cases 

ended up in the corresponding folds for both the original and corrected radiomics 

models. 
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5.5 Discussion 

This study fulfilled the objectives of assessing the usefulness, sensitivity, and 

applicability of applying correction factors to account for imaging condition- and lesion- 

specific effects on the bias in measuring morphological radiomics features.  The 

usefulness of the correction factors was assessed by applying correcting factors from one 

set of computational lesion phantoms to another set of computational lesion phantoms. 

The results showed that the correction factors led to reduced bias when the lesion 

models had similar properties. The sensitivity of the outcome to the correction factors 

was assessed by altering the radiomics features by different theoretical bias factors and 

assessing the effects of these alterations on the prediction of outcome. The results 

showed that correction factors with a difference as small as 5% can matter across all 

morphologic radiomics features. The applicability of the correction factors in a multi-

feature predictive model was assessed by comparing a classifier development pipeline 

both with and without correction factors. The results showed that correction factors led 

to a statistically significant change in the classifier AUC by 0.01.  

This study has addressed the broader need of developing ways to incorporate 

the effects of different imaging conditions into the process of radiomics studies. The 

ability to correct for imaging conditions and anatomy effects is particularly important 

for large scale radiomics studies which are almost never acquired with consistent 

imaging condition – this also enables the retrospective use of data that were acquired 

earlier under different imaging conditions. The process of correcting radiomics for 



132 

 

imaging and lesion conditions and identifying the feature sensitivity to differences in 

bias correction factors can be applied more broadly to different patient datasets. It is 

likely that different applications of radiomics would result in different sensitivity to the 

effects of bias due to imaging and lesion conditions.  

The results of the bias applicability showed a modest increase in performance 

after applying correction factors with an increase in 0.01 AUC. While an increase of 1% 

may be small, small increases can have substantial effects when applied to large 

populations of patients, notwithstanding possibly a larger influence for a larger cohort 

of cases more variably conditioned.  Other studies that have incorporated imaging 

condition variability effects have found similar increases in performance. For example, a 

breast DCE-MRI study[86] that incorporated the Combat method for feature 

harmonization[78] found an increase in AUC by 0.02. While the increases in AUC were 

modest for these two lung and breast applications, it is possible that the features that 

were selected in these studies happened to be features that were not as sensitive to 

changes in imaging condition. If a similar radiomics analysis was performed for another 

patient outcome or body region, the features selected may be ones that are more effected 

by the imaging condition. In that case, then applying correction factors or harmonization 

techniques might result in even larger changes in model performance. In addition, the 

overall performance of the model is not necessarily the only important analysis metric. 

Another important aspect of radiomics analysis is understanding which features should 

be selected and used for prediction. Applying correction factors may cause different 
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features to be selected than if correction factors were not applied. This is relevant 

considering radiomics features are supposed to be representative of the disease state of 

the patient, rather than the imaging condition.  

The bias usefulness results showed that applying correction factors from one set 

of lesions to another similar set of lesions reduced the bias of most features (with a few 

features as exceptions). However, when the bias factors from one set of lesions were 

applied to a second set of lesions with entirely different morphological properties, the 

bias correction factors either did not improve the bias or caused the bias to be worse on 

average. This finding is noteworthy because it highlights the need to use phantoms that 

are relevant to the patient lesion when assessing the bias and variability of quantitative 

features. The results show that the correction factors cannot simply be a function of 

specific imaging conditions, but rather, need to incorporate a more complicated multi-

variate landscape of imaging condition and underlying anatomical features. Even within 

a specific category of lesion models, the bias was variable between specific lesion 

models, as shown in Table 9. Due to the inherent loss of information between the ground 

truth phantoms and lesion models, it is impossible to know what the bias would be for a 

specific patient because the exact ground truth of a patient is unknown. However, if the 

post-imaging morphological features of the patient lesion are known statistically, it may 

be possible to use a population of similar lesion models to estimate the bias for the type 

of lesion. In the present study, lesion model populations were matched with patients 

based on which populations had more similar radiomics features post-imaging.  
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The bias sensitivity results addressed the need to characterize which magnitude 

of difference in bias between two imaging conditions would significantly change the 

predictive performance of the model. This section of the study was motivated by the 

need to assess how similar two imaging conditions need to be to each other to 

confidently say that the different imaging conditions would not significantly change the 

radiomics predictive results. Due to the randomness in the application of bias correction 

factors to specific cases, we repeated the study design 20 times and reported the overall 

minimum bias difference that led to a significant change and the threshold of bias 

difference that resulted in a significant change for at least half of the 20 trials. The results 

showed that for this specific data, that small changes in the bias magnitude resulted in 

significant differences in their predictiveness. The results also showed that each feature 

had a different sensitivity to the changes. The features were each analyzed individually 

for this analysis so that it could be possible to discern which features were more and less 

sensitive to imaging condition effects.  

This study had a few limitations. The simulation process used to create the bias 

correction factors was based on the spatial resolution, noise magnitude, and noise 

texture properties of CT and not other factors that are modeled in more complete 

simulators[28]. However, the simplicity of the simulations is an advantage as it allows 

for studying effects across the diversity of imaging conditions with those characteristics 

alone. More sophisticated simulators require knowledge of the system geometry, 

technology, and algorithms which are not commonly available. This study was also 
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limited by a relatively small number of cases for radiomics studies, and future studies 

should assess the applicability of correcting factors with more patients and different 

patient outcomes of interest. The study was also limited by focusing on morphology 

features and future studies should consider correction factors for intensity- and texture-

based features as well.  

5.6 Conclusion 

 This study assessed the usefulness, sensitivity, and applicability of bias correction 

factors to account for the effects of imaging condition and anatomy on radiomics feature 

measurements. The study showed that biases that are induced by imaging conditions can 

be reduced when the correction factors are derived from anatomically representative 

lesions. The study showed that different morphology features have different sensitivity 

to variations in feature bias. The study showed that applying correction factors can 

statistically change a classifier model performance by a small amount and result in 

different features being selected. The techniques investigated in this study can be 

extended for other radiomics studies and image quantifications.   
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6. Quantification of Minimum Detectable Difference in 
Radiomics Features 

The three-fold purpose of this chapter was to: (1) develop a method to relate 

measured differences in radiomics features in different CT scans to one another and to 

true feature differences; (2) quantify minimum detectable change in radiomics features 

based on measured radiomics features from pairs of synthesized Computed Tomography 

(CT) images acquired under variable CT scan settings, and (3) ascertain and inform the 

recommendations of the Quantitative Imaging Biomarkers Alliance (QIBA) for nodule 

volumetry. The work presented in this chapter was submitted to Academic Radiology in 

2020 and has been accepted for publication. Therefore, the contents in this chapter, 

including texts, figures, and tables were mainly reproduced from this publication 

submission. 

In this work, images of anthropomorphic lung nodule models were simulated 

using resolution and noise properties for 297 unique imaging conditions. Nineteen 

morphology features were calculated from both the segmentation masks derived from the 

imaged nodules and from ground truth nodules. Analysis was performed to calculate 

minimum detectable difference of radiomics features as a function of imaging protocols 

in comparison to QIBA guidelines. 

The minimum detectable differences ranged from 1%-175% depending on the 

specific feature and set of imaging protocols. The results showed that QIBA protocol 

recommendations result in improved minimum detectable difference as compared to the 

range of possible protocols. The results showed that the minimum detectable differences 
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may be improved from QIBA’s current recommendation by further restricting the slice 

thickness requirement to be between 0.5 mm and 1 mm.  

Minimum detectable differences of radiomics features were quantified for lung 

nodules across a wide range of possible protocols. The results can be used prospectively 

to inform decision-making about imaging protocols to provide superior quantification of 

radiomics features.  

6.1 Introduction 

Radiomics is the process of extracting quantitative information from medical 

images, including size, shape, intensity, and texture information, for use as predictors of 

medical outcomes[21]. Many researchers are currently in the process of identifying 

specific radiomics features measured from patient computed tomography (CT) scans as 

imaging biomarkers of patient outcomes for various malignancies. One promising use of 

radiomics is to relate changes in radiomics features in patients over the course of 

therapy (so-called “delta radiomics”) to medical outcomes[5]. However, this process 

requires the knowledge that as patients are followed up after a therapy, any changes in 

measured biomarkers are reflective of true changes in the patient[18], rather than just 

changes due to differences in scanner acquisition, reconstruction, or appearance of a 

specific instance of quantum noise.  

Previous studies have highlighted that radiomics biomarkers extracted from CT 

images can be susceptible to scanning acquisition, reconstruction, and specific instances 

of image noise[6, 8, 10, 16, 42, 44]. While these studies have shown that radiomics 
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biomarkers are difficult to measure accurately and precisely depending on how the 

images were acquired, they have not identified a threshold above which a change in 

radiomics features can be reliably trusted as a true change. Gavrielides et al.[49] 

performed a study to quantify the minimum detectable difference in lung nodule 

volume measured from CT scans that were acquired and reconstructed with variable 

settings. They quantified minimum detectable changes in a single feature (volume) over 

time. The quantification of minimum detectable difference for other possible radiomics 

features has remained un-investigated.  

If thresholds for detecting true changes in radiomics features could be identified, 

then any changes below those thresholds could be considered non-significant, providing 

objective means to assess the progression of the disease. Further, once a change in a 

feature has been identified as reflective of a true change, it is immensely beneficial to 

relate the measured difference in radiomics feature to a true difference. This 

determination would naturally be based on the applied imaging protocol. Ger et al.[15] 

found that using controlled protocols reduced the variability of radiomics features by 

50% and that further controlling for specific protocol effects would reduce the variability 

by an additional 7-8%. The Quantitative Imaging Biomarkers Alliance (QIBA) has aimed 

to define specific imaging methods to manage such variability in the context of nodule 

volumetry[87]. Several researchers have previously developed methods to correct for 

differences in feature measurements as a function of scanner properties. Orlhac et al.[78] 

offered a method to transform feature values at one institution to match an expected 
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distribution of feature values at another institution. Such definitions and translation 

would ideally be based on the ground truth status of the patient, which is generally 

unknown, necessitating phantom-based evaluations. 

The purpose of this study was to use a virtual imaging technique based on 

phantoms with known ground truth to (1) develop a method to relate differences in 

radiomics features measured in different CT scans to one another and to true feature 

differences, (2) quantify minimum detectable change in radiomics features based on 

measured radiomics features from pairs of sequentially synthesized Computed 

Tomography (CT) images acquired under variable CT scan settings, and (3) ascertain 

and inform the recommendations of QIBA for nodule volumetry. For a list of technical 

terms used throughout this paper, please refer to Table 12.  

Table 12: An index of technical terms used in the chapter. 

Term Definition 

Radiomics 

Quantitative measurements derived from regions of 

interest in medical images for use in predicting 

patient outcomes 

Morphology Features 
Radiomics features that describe the size and shape 

of a region of interest 

Delta Radiomics Change in radiomics features in a patient over time 

Ground Truth 
The underlying anatomic features of a phantom or 

patient that exists independent of imaging 

Minimum Detectable 

Difference 

The smallest change in a radiomics feature that can 

confidently be trusted as a real change 
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6.2 Methods 

6.2.1 Nodule Models 

The primary analysis of the study was performed with model lung nodules 10 mm 

in diameter, represented in fifteen anthropomorphic morphologies[16] of different 

magnitude of spiculation of  low, medium, and high (Figure 32). The nodules were created 

by adding spiculations, following Sisternes et al,[57] to morphologically realistic nodule 

models developed by Solomon et al.[36]. The nodules, inserted into a uniform region of 

interest (ROI) with 0.25 mm voxel size, were designed to have a ground truth contrast of 

400 Hounsfield Units (HU) and the average nodule volume was 600 mm3. An additional 

60 spiculated nodules were generated with 3, 6, 15, and 17 mm diameters to study the 

effect of nodule size on minimum detectable difference. The nodule sizes were chosen to 

represent different lung-RADS categories[88].  
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Figure 32: Renderings of the fifteen nodules used in the study  

with the low spiculation nodules in the top row, the medium spiculation 

nodules in the middle row, and the high spiculation nodules in the bottom row. 

6.2.2 Image Simulation 

Simulated images of the nodule models were created using a technique 

previously described by Hoye et al.[16] to simulate CT system-specific blur and noise 

properties using the task transfer function (TTF) and the noise power spectrum (NPS). 

The method works by starting with ground truth voxelized nodule models. Different 

tissues in the model are assigned contrast values according to expected CT intensity 

properties. Then, the image resolution is degraded by filtering voxelized images with 

the TTF of the imaging system in the Fourier domain. Then, the image is resampled to 
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have voxel size according to typical CT resolution, 0.5 mm in-plane size and slice 

thickness according to the specific protocol. Correlated noise is added by using a 

pseudo-random process to generate white noise and then filtering the noise with the 

NPS. The magnitude of the added noise is determined using a relationship that relates 

noise for specific imaging protocols to dose using 𝜎 =  𝛼 × 𝐷𝛽, where 𝛼, 𝛽 are 

parameters determined experimentally with the American College of Radiology (ACR) 

phantom for the given CT imaging system, and 𝐷 is the volume CT dose index (CTDIvol) 

of the imaging condition measured in mGy, and 𝜎 is the noise standard deviation.  

The protocols simulated in this study represented a diverse set of imaging 

protocols from five different scanner models representing both iterative and filtered-

back-projection reconstruction methods and a range of reconstruction kernel properties 

(Table 13). Within each protocol, images were simulated for three different slice 

thicknesses (0.625 mm, 1.25 mm, and 2.5 mm) and three different CTDIvol dose levels (7.5 

mGy, 3.75 mGy, and 1.9 mGy) chosen to represent a standard chest scan at our 

institution at 100% dose, 50% dose, and 25% dose, respectively[55]. Each protocol was 

simulated 5 times to incorporate uncertainty effects due to repeated images of the same 

protocol. Example reconstructed axial images of a single nodule with different 

acquisition and reconstruction factors are shown in Figure 33.  
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Table 13: The list of scanner models, reconstruction methods, and 

reconstruction kernels simulated in this study. 

Manufacturer Scanner Reconstruction Kernel 

GE 

Discovery 750 HD 
ASiR-50% 

Soft, Standard, 

Lung, Bone 

FBP Soft, Standard, Bone 

Lightspeed VCT 
ASiR-50% Soft, Standard, Bone 

FBP Soft, Standard, Bone 

Revolution 
ASiR-V-50% Soft, Standard, Bone 

FBP Soft, Standard, Bone 

Siemens 

Somatom Definition 

Flash 

SAFIRE-1 I26f, I31f, I50f 

SAFIRE-3 I70f 

FBP B20f, B31f, B50f 

Somatom Force 

ADMIRE-1 
Br36d, Br40d, 

Br59d, Br64d 

FBP 
Br36d, Br40d, 

Br59d 

 

 

Figure 33: Example axial reconstructed slice-views of a single nodule  

are shown for 0.625 mm slice thickness (left) and 2.5 mm slice thickness (right) 

for acquisitions across three dose levels and three kernel sharpness levels for Siemens 

scanners. 
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6.2.3 Segmentation and Radiomics Calculation 

The simulated images of the nodules were segmented using a common active 

contour segmentation function based on Whitaker et al[62] (MATLAB). The MATLAB 

active contour tool requires an input seed point, which in this case was defined by a 

threshold including all pixels greater than 20% of the maximum contrast of the nodule in 

the central slice of the nodule. All segmentation masks were saved and exported for 

radiomics feature calculation. The ground truth nodule models were also used to 

calculate nineteen ground truth radiomics features for each nodule model prior to 

imaging. The radiomics features calculated were morphology features based on 

generated library of radiomics feature calculation functions described previously[16].  

6.2.4 Minimum Detectable Difference Calculation 

The radiomics features measured from the simulated images of the nodule 

models and their corresponding radiomics features measured from the ground truth 

nodule models were used to calculate the minimum detectable difference in each 

radiomics feature as described by Euler et al[48] for quantifying the minimum detectable 

change in iodine concentration measured from pairs of CT images and previously 

applied to radiomics[89]. The method calculates the minimum detectable difference for a 

given quantitative feature between pairs of CT images, either acquired with two 

different imaging protocols or within the same protocol. 

The radiomics features measured from the simulated images of the nodule 

models and their corresponding radiomics features measured from the ground truth 
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nodule models were used to calculate the minimum detectable difference in each 

radiomics feature. Consider the case where two feature measurements (𝑀1 and 𝑀2) are 

extracted from images acquired with two different protocols (protocols 1 and 2) and the 

corresponding ground truth feature values are known (𝑇1 and 𝑇2). For each pair of 

imaging protocols, the difference in ground truth feature values (Δ𝑇 = 𝑇2 − 𝑇1) and the 

corresponding difference in feature values derived from simulated images (Δ𝑀 = 𝑀2 −

𝑀1) are calculated. The Δ𝑇 and Δ𝑀 values are then used to perform an analysis of 

minimum detectable difference based on three assumptions consistent with the nature of 

our data: a linear relationship between Δ𝑇 and Δ𝑀, normal distribution of feature values 

from images for a given imaging protocol, and constant standard deviation of ground 

truth feature difference (Δ𝑇) across all possible values of Δ𝑇. 

After calculating Δ𝑇 and Δ𝑀, the method works by calculating the average 

measured value (𝜇Δ𝑀) for a give value of Δ𝑇. A linear relationship is then calculated 

between Δ𝑇 and 𝜇Δ𝑀 as 

 Δ𝑇 = 𝑎 × 𝜇Δ𝑀  + 𝑏, (14) 

where 𝑎, 𝑏 are fitting coefficients specific to a given pair of imaging protocols studied. 

The Δ𝑇 and Δ𝑀 data is also used to calculate the average standard deviation across 

measured differences for each given true difference (𝜎𝑓). After calculating 𝑎, 𝑏 and 𝜎𝑓, it 

is possible to use these parameters to parameterize a normal probability distribution 

function (PDF) that describes the probability of a measured difference given that the true 

difference is greater than zero. The PDF can then be transformed to a cumulative 
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distribution function (CDF) to describe the probability a measured difference 

corresponds with a true difference greater than zero, 

 𝑃(Δ𝑇 > 0|ΔM) = 1 − Φ (0; 𝑎Δ𝑀 + 𝑏, (𝑎𝜎𝑓)
2

), (15) 

where Φ(x; μ, 𝜎2) is the normal CDF. A confidence level of 95% can be chosen as a value 

for the CDF and can be used to calculate a measured difference that corresponds with 

95% probability leading to a final measured difference that corresponds to a true 

difference (𝑀𝑚𝑖𝑛). An example linear relationship and associated CDF for two protocols 

and one radiomics feature are shown in Figure 34.  

 

Figure 34: (a) An example linear relationship 𝚫𝑻 = 𝒂 × 𝝁𝚫𝑴  + 𝒃  for a single 

radiomics feature (volume) and two protocols.  

The measured differences (𝚫𝑴) are shown in blue with the mean measured difference 

(𝝁𝚫𝑴) shown in orange. (b) An example cumulative distribution function (CDF), 

describing the probability of a true feature difference being greater than zero as a 

function of measured difference, is shown for a single radiomics feature. The CDF is 

parameterized by the coefficients 𝒂, 𝒃 and the average standard deviation across all 

possible true differences. The lower left text describing the measured difference and 

true difference shows an example absolute minimum detectable difference for two 

protocols and the volume feature (mm3). 
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After calculating 𝑀𝑚𝑖𝑛 it is also possible to calculate the minimum detectable 

difference (𝐷𝑚𝑖𝑛) with 95% confidence by using the linear relationship for each pair of 

imaging protocols, 

 𝐷𝑚𝑖𝑛 = 𝑎𝑀𝑚𝑖𝑛 + 𝑏. (16) 

The quantities 𝑀𝑚𝑖𝑛 and 𝐷𝑚𝑖𝑛 can each be used in different scenarios to understand the 

effects of different CT protocols and reconstructions. 𝑀𝑚𝑖𝑛, which describes the 

measured difference that corresponds with a true difference, can be used retrospectively 

in the case where two images have already been acquired and the measurements have 

been made. If the difference in measured feature values is greater than 𝑀𝑚𝑖𝑛, then we 

can say with 95% confidence that the true difference is greater than zero. 𝐷𝑚𝑖𝑛, which is 

the minimum detectable true difference, can be used prospectively to describe the 

minimum change in a radiomics feature that is detectable with any two given protocols. 

The pair of protocols that results in the smallest 𝐷𝑚𝑖𝑛 is the pair with the best sensitivity 

for detecting changes in a radiomics features. After calculating 𝑀𝑚𝑖𝑛 and 𝐷𝑚𝑖𝑛, for each 

pair of protocols and each feature, the values for 𝐷𝑚𝑖𝑛 were each normalized by the 

average ground truth feature values, to allow for comparison between features with 

inherently different magnitudes, resulting in normalized values, 𝐷𝑚𝑖𝑛,𝑛. 

6.2.5 Minimum Detectable Difference Analysis 

The minimum detectable difference ( 𝐷𝑚𝑖𝑛,𝑛(%)) values were analyzed in three 

different ways. The first analysis was a controlled protocol analysis to determine the 

effect of controlling for protocol factors on the minimum detectable difference. The 
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controlled protocols included three categories of protocol control restrictions. The first 

category was the current recommendations made by the Quantitative Imaging 

Biomarkers Alliance (QIBA) for lung nodule volumetry[87]. QIBA recommends 

protocols with noise less than 60 HU, in-plane TTF f50 between 0.3 and 0.5 mm-1, and 

slice thickness between 0.5 mm and 1.5 mm.  

The second two categories of protocol control restrictions were developed by 

independently analyzing the low and high minimum detectable differences for volume 

and studying the common properties of the TTF f50 and noise magnitude shared by the 

low minimum detectable difference protocols. Possible new criteria for controlled 

protocols were developed by individually analyzing the volume minimum detectable 

difference for each unique combination of slice thickness and dose to determine the 

characteristics of noise (HU) and kernel sharpness (in-plane TTF f50) shared by the 

protocols with smaller minimum detectable difference. For each dose and slice 

thickness, the average minimum detectable difference was used as a cutoff point to 

group the protocols into low and high groups. Then, the 75th percentile for noise and f50 

in the low group and the 25th percentile value for noise and f50 in the high group were 

averaged together to calculate a cutoff point for noise magnitude and TTF f50. Finally, the 

cutoff values among all slice thickness and CTDIvol (Table 14) were used to inform 

possible overall cutoff points for noise magnitude, slice thickness, and TTF f50 that could 

be applied across all protocols to result in improved minimum detectable difference.  
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Table 14: The cutoff values of TTF f50 (mm-1) and noise (HU)[16]  

calculated to be used for controlled protocols for each unique combination of 

Slice Thickness and CTDIvol. 

Slice Thickness CTDIvol 

Minimum Detectable  

Volume Threshold 

f50 Cut Noise Cut 

0.625 1.9 1.9 0.44 42.19 

0.625 3.75 1.5 0.51 42.04 

0.625 7.5 1.25 0.44 22.75 

1.25 1.9 2.1 0.42 28.6 

1.25 3.75 1.85 0.44 20.56 

1.25 7.5 1.85 0.44 17.49 

2.5 1.9 3.2 0.44 20.83 

2.5 3.75 3 0.44 15.32 

2.5 7.5 2.85 0.44 11.38 

 

With a goal of restricting most of the volume minimum detectable differences to 

less than 2% (50% of the maximum volume minimum detectable difference), two 

different controlled protocol groupings were created for further analysis. One group of 

controlled protocols called Protocols A restricted slice thickness between 0.5 mm and 1.5 

mm, noise magnitude less than 40 HU, and TTF f50 between 0.3 and 0.45 mm-1. A second 

group of controlled protocols called Protocols B was the same as the current QIBA 

recommendations, except that it further restricted the slice thickness to be between 0.5 
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mm and 1 mm. A summary of the three controlled protocol groupings is shown in Table 

15. The results of the controlled protocol analysis were displayed in violin plots which 

allow for comparison between the histograms of all protocols compared with the 

controlled restricted protocols. 

Table 15: The features of the three protocol groupings used for the controlled 

protocol analysis. 

Controlled 

Protocol Name 

f50 

Restrictions 

Noise 

Restrictions 

Slice Thickness 

Restrictions 

QIBA 0.3-0.5 mm-1 < 60 HU 0.5-1.5 mm 

Protocols A 0.3-0.45 mm-1 < 40 HU 0.5-1.5 mm 

Protocols B 0.3-0.5 mm-1 < 60 HU 0.5-1.0 mm 

 

While the violin plots show the distribution of 𝐷𝑚𝑖𝑛,𝑛 values across all protocols, 

they do not show the specific trends as a function of protocol. Therefore, the second 

analysis displayed and interpreted 2-dimensional heatmaps of minimum detectable 

difference across all possible protocols which act as look-up tables to compare the values 

for every possible pair of protocols studied. Example heatmaps were analyzed for key 

features of interest representing a sampling of types of morphological features.  

The third and final analysis explored both the effect of nodule size and the effect 

of the QIBA protocol guidelines on the minimum detectable difference.  
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6.3 Results 

6.3.1 Minimum Detectable Difference Variation among Controlled 
Protocols 

The minimum detectable differences ranged from 1%-175% depending on the 

specific feature and set of imaging protocols. The controlled protocol analysis (Fig. 35-37, 

Table 16) shows that the minimal detectable difference can vary greatly among the set of 

all protocols studied; however, when the protocols are restricted to a specific subset, the 

results are improved: the minimum detectable difference range became more narrow 

and the median value shifted lower. The median values of relative minimum detectable 

difference for each combination of feature and controlled protocol scheme revealed that 

all controlled protocols schemes resulted in lower minimum detectable difference (Table 

16), with the lowest median minimum detectable differences for Protocols B. 

Distribution plots of the controlled protocol grouping analysis are shown in Figs. 35-37 

for each protocol grouping of QIBA, Protocols A, and Protocols B, respectively. 

Table 16: Median relative minimum detectable difference of each radiomics 

feature among all protocols and among controlled protocol groupings  

including current QIBA recommendations and new possible protocol 

groupings called Protocols A and Protocols B. All controlled protocol groupings 

resulted in smaller median minimum detectable difference for all radiomics features. 

 
All Protocols 

(%) 
QIBA (%) 

Protocols 

A (%) 

Protocols 

B (%) 

ApproximateVolume 2.37 1.64 1.62 1.44 

Asphericity 12.07 8.36 8.32 5.23 

Compactness1 15.30 10.46 10.39 6.80 

Compactness2 26.33 18.88 18.77 13.42 
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EllipsoidSurfaceArea 2.49 1.59 1.56 1.44 

EllipsoidVolume 3.41 2.22 2.19 2.10 

Elongation 2.82 2.13 2.11 1.76 

Flatness 2.64 1.96 1.94 1.76 

LeastLength 2.04 1.45 1.43 1.35 

MajorLength 2.50 1.33 1.31 1.10 

MinorLength 2.22 1.54 1.52 1.29 

Radius 1.75 1.02 1.01 0.89 

Spherical Disproportion 50.47 34.93 34.77 21.85 

Sphericity 1.62 1.09 1.09 0.69 

Spiculation 8.19 5.11 4.97 4.47 

SurfaceAreaTo 

EllipsoidSurfaceAreaRatio 
7.18 4.95 4.95 2.95 

SurfaceArea 6.36 4.08 4.03 3.15 

VolumeTo 

EllipsoidVolumeRatio 
3.92 2.41 2.35 1.87 

Volume 2.28 1.62 1.60 1.41 
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Figure 35: The relative minimum detectable difference between pairs of 

sequential scans on either the same scanner or different scanners.  

The data is shown as a series of violin plots for diverse CT imaging protocols 

(orange), and for select controlled CT imaging protocols specified by QIBA (blue). 

Select protocols were those with slice thickness between 0.5 mm and 1.5 mm, noise 

less than 60 HU, and TTF f50 between 0.3 and 0.5 mm-1. Fig. 3(a) shows the features 

with values less than 14% while Fig. 3(b) shows the features with at least one value 

greater than 14%. 

 

Figure 36: The relative minimum detectable difference between pairs of 

sequential scans on either the same scanner or different scanners. 

The data is shown as a series of violin plots for diverse CT imaging protocols 

(orange), and for select controlled CT imaging protocols specified by Protocols A 
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(black). Select protocols were those with slice thickness between 0.5 mm and 1.5 mm, 

noise less than 40 HU, and TTF f50 between 0.3 and 0.45 mm-1. Fig. 4(a) shows the 

features with values less than 14% while Fig. 4(b) shows the features with at least one 

value greater than 14%. 

 

Figure 37: The relative minimum detectable difference between pairs of 

sequential scans on either the same scanner or different scanners.  

The data is shown as a series of violin plots for diverse CT imaging protocols 

(orange), and for select controlled CT imaging protocols specified by Protocols B 

(green). Select protocols were those with slice thickness between 0.5 mm and 1.0 mm, 

noise less than 60 HU, and TTF f50 between 0.3 and 0.5 mm-1. Fig. 5(a) shows the 

features with values less than 14% while Fig. 5(b) shows the features with at least one 

value greater than 14%. 

6.3.2 Minimum Detectable Difference Variation due to Protocol 
Parameters 

The analysis of Dmin,n for all possible protocol combinations for volume (Figure 

38) shows that the lowest minimum detectable difference for volume occurs when the 

slice thickness is 0.625 mm and the CTDIvol is 7.5 mGy. The largest minimum detectable 

difference for volume occurs when the slice thickness is 2.5 mm and the CTDIvol is 1.9 

mGy. The trends in minimum difference for volume were similar to all radiomics 
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features (Fig. 39) where the minimum detectable difference was strongly dependent on 

the slice thickness for the imaging condition.  
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Figure 38: The relative minimum detectable difference (Dmin,n (%)) is shown for 

the Volume feature for every pair of imaging condition studied (a). 

The x-axis and y-axis describe the protocol information, with the 297 protocols 

ordered by increasing slice thickness, followed by decreasing dose (CTDIvol), and 
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finally by increasing kernel sharpness (TTF f50). The diagonal line from top left to 

bottom right shows the results for intra-condition Dmin and all other parts of the figure 

show results for inter-condition Dmin. The zoomed-in section of the heatmap (b) shows 

the individual protocol names and corresponding Dmin values in a small subsection of 

the figure. 

 

Figure 39: The relative minimum detectable difference (Dmin,n (%)) is shown for 

twelve of the radiomics features  

across the range of possible imaging conditions studied (n=297). All features 

showed a similar trend of increased minimum detectable difference with increased 

slice thickness, particularly when both protocols had large slice thickness (greater 

than 2 mm). The protocols were arranged along the x- and y- axis of each subplot in 

the same arrangement as Figure 6 (above). 

6.3.3 Effect of Nodule Size on Minimum Detectable Difference 

The analysis of the minimum detectable difference of volume (Dmin,n ) across five 

unique nodule sizes showed that the minimum detectable difference in volume 

decreased with increasing volume (Fig. 40). The comparison of the QIBA compliant 

protocols compared with all protocols showed that for nodule sizes of 6 mm and larger, 
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the QIBA protocol guidelines result in a lower average minimum detectable difference. 

Across all nodule sizes, following the QIBA protocol guidelines narrows the range of 

possible minimum detectable differences.  

 

Figure 40: The relative minimum detectable difference (Dmin,n (%)) is shown for 

the volume feature for lesions of increasing diameter size (3, 6, 10, 15, and 17 mm)  

across the range of possible imaging conditions studied (n=297). The QIBA 

compliant protocols (purple, right) are compared with the range of all possible 

protocols (orange, left). 

6.4 Discussion 

The study completed its aim of quantifying the minimum detectable difference of 

morphologic radiomics features between pairs of imaging conditions. It resulted in a 

series of linear model coefficients that can be used to translate measured differences to 
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true differences. These linear model coefficients can be used to correct for protocol 

effects by transforming the measured radiomics features from images to the 

corresponding ground truth differences between radiomics features. The minimum 

detectable difference results can be used to determine threshold for detecting changes 

that are likely to be indicative of real changes.  

The results of this study are relevant to the clinical detection and follow-up of 

nodules. The results highlight which aspects of protocols can lower the minimum 

detectable differences, and as a result, which protocols are most useful for detecting 

subtle changes in lung nodules. The results also show that the QIBA guidelines are 

effective at improving the ability to ascertain subtle changes in lung nodules across all 

nodule sizes.  They also show the quantitative differences across the nodule sizes.  The 

results of this study are also relevant to research focused on the changes in radiomics 

biomarkers over time; the thresholds presented in this paper may inform the judgement 

of disease progression over time. By providing a lower limit on what changes are 

detectable, we have provided key quantification of statistically significant changes in 

image-derived radiomic biomarkers. By providing the lower limit on a protocol basis, 

we have also highlighted that the ability to detect small changes in radiomic biomarkers 

is also dependent on the specific protocols used to image the patient. The results indicate 

that it is possible to measure the lowest achievable minimum detectable difference by 

imaging patients with the protocols which are most sensitive to detecting changes in the 

radiomic biomarkers.  
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Previous studies of minimum detectable difference for volume have quantified 

values in the range of 9% (Reeves et al[90]) for nodules ranging in size from 2 mm – 15 

mm for test-retest of a single protocol. Gavrielides et al[49] quantified minimum 

detectable difference for 5 - 9 mm nodules scanned using thin-slice protocols in the 

range of 15% by using pooled estimates across protocols reconstructed across a range of 

possible reconstructed slice thicknesses. Our minimum detectable results for volume 

agree well with the previous studies for similar nodule sizes. Given the fact that certain 

confounding factors (such as tissue attachment) were not included in our study, our 

minimum detectable difference values should be a lower bound on the minimum 

detectable difference[49]. Lastly, all radiomics studies are influenced by the specific 

sensitivity of segmentation tools for detecting changes. Nevertheless, the trends in the 

present study are largely consistent with those of prior studies with respect to dose, 

noise, and slice thickness.[15, 91] 

The controlled protocol analysis and violin plots showed that the current QIBA 

recommendations result in improved minimum detectable difference for all 

morphology-based radiomics features compared with the minimum detectable 

differences from any possible protocols. The additional controlled protocol analysis in 

this paper showed that further restricting the criteria for TTF f50 and noise magnitude 

(Protocols A) does not lead to noticeable improvement in the minimum detectable 

difference. However, the results showed that further restricting the slice thickness 

(Protocols B) leads to noticeable improvement in the minimum detectable difference for 
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all morphological features studied. The results of this study may indicate a way to 

improve future QIBA recommendations by continuing to restrict the slice thickness 

recommendations for quantitative protocols. It should be noted, however, that a 

reduction in slice thickness while maintaining a target level of noise implies a 

corresponding increase in applied dose. 

The heatmap minimum detectable difference analysis of variation by protocol 

showed the consistent trend across radiomics features that the lowest minimum 

detectable differences can be achieved using thin slice thickness and the largest 

minimum detectable differences occur when both protocols have large slice thickness 

greater than 2 mm. While the pattern was similar among all features, the magnitude of 

the effect was stronger for the ratio features (Asphericity, Spherical Disproportion, 

Compactness1, Compactness2, Surface Area Ratio, and Volume Ratio). The ratio features 

showed bigger relative differences in minimum detectable difference as a function of 

slice thickness and we believe this observation is due to the fact that because these 

features involve ratios of other features, any errors in measurement that result in higher 

minimum detectable differences are propagated resulting in even stronger effects in the 

ratio features. For example, the Volume and Surface area features showed modest 

changes with increasing slice thickness; however, the feature Asphericity which is 

derived from both Volume and Surface Area, showed a strong change with increasing 

slice thickness.  
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The heatmap analysis results also show that the inter-protocol effects are larger 

than the intra-protocol effects. The results showed that using a consistent protocol does 

not always result in the best minimum detectable difference if the original protocol is 

not optimal. For example, if an image of a nodule was acquired with a large slice 

thickness and the feature of interest was volume.  If the follow up image is also acquired 

with a large slice thickness, the minimum detectable difference would be in the range of 

3.5-4%. However, if the follow-up image were acquired with a smaller slice thickness of 

0.625 mm, then the minimum detectable difference would be in the range of 2.5-3.5%. 

This example shows that even though it is typically recommended to maintain 

consistent protocols, it is in some cases better to switch to a more quantitative protocol if 

the goal is to detect small changes in nodule size and morphology.  

This study was purposefully carried out using simulation methods because 

simulation studies offer ground truth while making it possible to study a wide array of 

imaging protocols and repeated measurements. Simulation studies are efficient, cost-

effective, and are easily reproducible. Simulation studies have another advantage in that 

they make it possible to easily study a wide array of nodule models which would be 

difficult to obtain otherwise with 3D printing and machining methods. One potential 

downside of simulation studies is that the methods need to be compared against 

experimental measurements to validate the results. While the simulation method in the 

present study was not explicitly validated for radiomics features, it was previously 

validated for volume and morphological agreement[47], which are similar quantitative 
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metrics to the radiomics featured studied. Therefore, even though the simulation was 

somewhat over-simplified, we believe that the results are informative and useful.  

This study had a few limitations. First, the nodules in the study were segmented 

with a single semi-automatic segmentation algorithm. As such, the minimum detectable 

differences presented are likely to be lower limits on the minimum detectable difference. 

If multiple different segmentations (either automatic or manual) were used to segment 

the nodules, the minimum detectable differences would likely be greater in magnitude. 

Second, the nodules were simulated in a uniform background that did not contain 

anatomical texture. The inclusion of anatomical texture would also likely result in 

greater magnitude of minimum detectable difference. Lastly, if the results of this study 

were to be applied to nodules with noticeably different morphology, size, and contrast, 

it would be important to repeat the analysis for nodule models which are representative 

of the population of interest. For this study, we specifically chose nodule models with 

both morphological realism and biological modeling to ensure that the results calculated 

were valid for lung nodule morphology.  

6.5 Conclusion 

In conclusion, this study quantified minimum detectable difference in 

morphologic radiomics features of lung nodules across a wide range of possible pairs of 

imaging protocols. The results showed that the minimum detectable difference is 

dependent on the specific pair of protocols used for imaging. The results also showed 
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that the median minimum detectable difference can be decreased by applying controlled 

protocols that result in better ability to detect changes in radiomics features. 
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7. Conclusion 

The purpose of this dissertation was to improve CT-based radiomics 

characterization by assessing and accounting for its systematic and stochastic variability 

due to variations in the imaging method. This project was conducted in three parts of 1) 

assessing of the bias and variability of morphologic radiomics features across a wide range 

of CT imaging protocols and segmentation algorithms, 2) assessing the applicability, 

sensitivity, and usefulness of applying bias correction factors retrospectively to patient 

data acquired with heterogenous CT imaging protocols, and 3) developing analytical 

techniques to reduce the variability of radiomics features by prospectively optimizing the 

CT imaging protocols. 

In chapter 2, a theoretical framework outlined the process of analyzing and 

utilizing quantitative features, including radiomics, derived from CT images. The 

qualities necessary for successful quantification including biological and clinical 

relevance, objectivity, robustness, and implementability. The main utility of radiomics 

features is their biological and clinical utility for predicting patient outcomes. As such, 

radiomics features must be developed to capture qualities that are biologically relevant 

for predicting the patient disease state. However, these metrics can only be useful if they 

can be measured objectively and robustly. Finally, the radiomics calculation workflow 

must be implementable in a clinical workflow.   

In chapters 3-4 the bias and variability of morphologic radiomics features was 

assessed for unique combinations of anatomical, imaging protocol, and segmentation 
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factors. In chapter 3, a method was developed to use anatomically informed lung lesion 

models representing three different classes of spiculation to assess the bias and variability 

of morphology radiomics features as a function of CT imaging protocols. The results 

showed that bias and variability of radiomics features are dependent on a complicated 

interplay of imaging protocol, anatomical, and segmentation effects. In chapter 4, the bias 

and variability of radiomics due to segmentation algorithms was explored in-depth by 

quantitatively isolating the effects of image quality from segmentation quality for each 

unique morphology radiomics feature. The results showed that the optimal segmentation 

algorithm is a function of the specific morphologic feature of interest for a given 

application.  

In chapter 5, an analysis was carried out to assess the ability to retrospectively 

correct for protocol effects after patients were already imaged with heterogenous 

protocols and scanner models. A publicly available Non-Small Cell Lung Cancer patient 

dataset was used to assess the applicability, sensitivity, and usefulness of correcting 

radiomics features for imaging protocol effects. The applicability was assessed by 

applying bias correction factors from one set of anatomically informed lesion models to 

another set of anatomically informed lesion models. The sensitivity of model prediction 

to the magnitude of bias correction factors was assessed by applying idealized increasing 

bias correction magnitudes to radiomics datasets and studying their effect. Finally, the 

usefulness was assessed by applying the anatomically informed protocol-specific bias 

correction factors to the patient dataset and quantifying the change in predictive model 
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performance. The results showed that the bias correction factors were useful when they 

were derived from and applied to lesions with similar anatomical characteristics. The 

results showed that the sensitivity of feature-specific model performance was as low as 1-

5% and was typically around 20-50%. The bias correction factors were found to result in 

a small statistically significant improvement in overall model performance.  

In chapter 6, the minimum detectable difference of morphologic radiomics 

features was analyzed as a function of protocol and lesion model size. The analysis of the 

data was carried out to allow for evaluating and informing the recommendations of the 

Quantitative Imaging Biomarkers Alliance (QIBA) for quantification of lung nodule 

volume. The results showed that minimum detectable difference was improved by the 

current QIBA recommendations and can be further improved by being more restrictive 

on the allowable slice thickness. The minimum detectable difference was found to 

decrease as a function of increasing lesion model size. The techniques developed in this 

analysis can be used to prospectively optimize CT imaging protocols in terms of improved 

quantitative reliability of radiomics features.  

In the context of radiomics of lung nodules, future work should involve applying 

imaging protocol correction factors for more patient cases and for a wider array of possible 

patient outcomes. The bias correction work performed in this dissertation was limited by 

publicly available lung cases due to data accessibility constraints. Future work should 

seek to apply this methodology to a patient dataset with more cases. Additionally, future 

work should seek to incorporate additional radiomics features beyond morphology, 
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including texture features. When expanding the methods to other radiomics features, 

additional validations should be performed to compare the simulations to physical 

studies to ensure that the methods are valid for these radiomics features. 

While the applications in this dissertation were specific to lung nodules, many of 

the techniques and methodologies are generalizable to radiomics features from other 

body regions, including liver, cardiac, and brain lesions. To apply these methods to other 

types of lesions and nodules, it would be necessary to have anatomically relevant models 

of patient anatomy and information about CT scanner resolution and noise properties. CT 

scanner resolution and noise should be characterized by the Task Transfer Function (TTF) 

and Noise Power Spectrum (NPS) for the specific imaging protocols and reconstruction 

kernels used to image the patients. If the reconstruction method for a patient image is 

iterative, then it would be necessary to measure the TTF using a phantom with similar 

image contrast to the patient lesion.  

In conclusion, this dissertation developed and applied methods to assess and 

account for the variability of radiomics features across CT imaging protocols and 

segmentation algorithms using anatomically informed lesion models. We showed that it 

is possible to use anatomically informed lesion models and simulation methods of 

resolution and noise properties to assess the variability and bias of radiomics features due 

to imaging protocols and segmentation algorithms. We showed that segmentation 

algorithms themselves can be selected to provide the best possible estimation of radiomics 

features given the information content available in the image. We showed that it is 
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possible to apply anatomically informed protocol correction factors retrospectively to 

patient radiomics features derived from heterogenous protocols. However, due to the 

inherent lack of knowledge of the ground truth lesion model for each specific patient, it is 

not possible to completely remove all effects of imaging protocols retrospectively. 

Therefore, we developed a technique to assess the quantitative capability of protocols 

prospectively. Our prospective analysis can be used to assess and inform the quantitative 

imaging biomarkers association (QIBA) recommendations for lung nodule quantification.  
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