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Abstract 

This study aims to (1) investigate methodology for harmonization of radiomics 

features between planning CT and on-board cone-beam CT (CBCT) and establish a 

workflow to harmonize images taken from different scanning protocols and over the 

course of radiotherapy treatments using normalization, and (2) examine feature 

variability of longitudinal CBCT radiomics for 3 different fractionation schemes and a 

time-point during treatment indicative of early treatment response.  

All CBCT images acquired over the course of lung SBRT for each patient were 

registered with corresponding planning CT. A volume-of-interest (VOI) in a 

homogeneous soft-tissue region that would not change over the course of radiotherapy 

was selected on the planning CT. The VOI was applied to all CBCT images of the same 

patient taken at different days. The first CBCT was normalized to the planning CT using 

the ratio of their respective mean VOI pixel values. Subsequent CBCT images were 

normalized using the ratio of that CBCT’s mean VOI pixel value to the first CBCT’s 

mean VOI pixel value. Forty-three features characterizing image intensity and 

morphology in fine and coarse textures were extracted from the planning CT, all original 

CBCT images, and all normalized CBCT images. T-test on extracted features from CBCT 

images with and without normalization indicates the effect of normalization on the 

distribution of various features. Mutual information between the planning CT and the 



 

 

v 

first CBCT with and without normalization was calculated to assess the effectiveness of 

normalization on harmonizing radiomics features. 

Of 72 NSCLC patients treated with lung SBRT, 18 received 15-18 Gy / fraction for 

3 fractions; 36 received 12-12.5 Gy / fraction for 4 fractions; 18 received 8-10 Gy / fraction 

for 5 fractions. We studied 7 sets of CBCT images from the same treatment fraction as a 

‘test-retest’ baseline to study the additional daily CBCT images. Fifty-five gray level 

intensity and textural features were extracted from the CBCT images. Test-retest images 

were used to determine the smallest detectable change (C=1.96*SD) indicating significant 

variation with a 95% confidence level. Here, the significance of feature variation 

depended on the choice of a minimum number of patients for which a feature changed 

more than ’C’. Analysis of which features change at which moment during treatment 

with different fractionation schemes was used to investigate a time-point indicative of 

early tumor response. 

T-test on planning CT and CBCT images of the 72 patients indicated that 

normalization with a soft tissue VOI reduced the number of features with significant 

variation (p<0.05) by 55%. Following lung SBRT, 30 features changed significantly for at 

least 10% of all patients. For patients treated with 3 fractions, 49 features changed at 

Fraction 2, and 49 at Fraction 3; there was 100% overlap between features at both 

fractions. For patients treated with 4 fractions, 45, 45, and 48 features changed at 

Fraction 2-4 respectively; there was 92% overlap between features at Fraction 2 and the 
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remaining fractions. For patients treated with 5 fractions, 12, 18, 14, and 25 features 

changed at Fraction 2-5; there was 36%, 48%, and 48% overlap between features at 

Fraction 2-4 and the remaining fractions respectively.  

Normalization can potentially harmonize radiomics features on both planning 

CT and on-board CBCT. Feature variability depends on the selection of normalization 

VOI and extraction VOI. Significant changes in gray level radiomic features were 

observed over the course of lung SBRT. Different fractionation schemes corresponded to 

different patterns of feature variation. Higher fractional dose corresponded to a larger 

number of variable features and high overlap of variable features at an earlier time-

point.
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1. Introduction  

Lung cancer is the most common type of cancer in males and females worldwide, 

accounting for the highest number of cancer deaths1 2 3. In 2016, it was estimated that 

526,510 men and women in the United States were living with a history of lung cancer, 

and an additional 224,390 cases would be diagnosed in the same year4 5. The majority of 

lung cancer cases are Non-Small-Cell-Lung-Carcinoma (NSCLC). Radiation therapy has 

been proved an effective method to manage lung cancers, especially for early stage lung 

cancers. Radiation therapy requires high geometric accuracy to ensure the effectiveness, 

and cone-beam CT (CBCT) images, taken daily prior to each high-dose fraction for 

patient setup, are essential for that purpose6. 

1.1 Lung stereotactic body radiation therapy (SBRT) 

Approximately 21% of the patients with stage I and II NSCLC receive 

radiotherapy and/or chemotherapy, and approximately 33% of the patients with stage III 

and IV NSCLC receive radiation along the course of treatment. Stereotactic body 

radiation therapy (SBRT), with high-dose hypofractionation, is increasingly used for 

inoperable early stage lung cancer with potentially comparable efficacy as surgery.  

                                                      

1 Jemal et al. 
2 Siegal et al. 
3 Torre et al (2015). 
4 Miller et al. 
5 Torre et al (2016). 
6 van Timmerman et al (2017). 



 

2 

The process of implementing SBRT involves simulation, planning, localization, 

treatment, and assessment. Image guidance is needed during each component of the 

process to achieve high precision in dose delivery. The workflow for implementing 

image-guided SBRT is shown in Figure 1. First, physicians select cases suitable for SBRT. 

Then patients are immobilized for 3D/4D simulation, upon which planning of beam 

configurations is done. Then, patients are set up for treatment using onboard imagers. 

The images taken by onboard images are compared with reference images to obtain 

couch corrections. After applying couch corrections, another set of onboard images are 

taken. Once the onboard images align well with the reference images, the patients are 

treated. After treatment sessions, another onboard images may be taken for treatment 

assessment afterwards, by comparing them to the 3D/4D simulations. 

Various imaging acquisition modes are used throughout lung SBRT. In 3D/4D 

simulation, 3D breath hold CT, 3D free breathing CT, and/or 4D phase CT are acquired. 

Average intensity projection (AIP) images are used for dose calculation in the planning 

process. The combination of internal target volume (ITV), which contains internal organ 

motion, from maximum intensity projection (MIP) images, gross tumor volume (GTV) 

from 3D CT, and ITV from 4D phase images are used for target delineation. Onboard 

imaging includes orthogonal kV/kV, kV/MV images, and 3D cone-beam CT images. 

Since cone-beam CT images are taken daily for each fraction, they could potentially be 

used to monitor tumor response to radiation over time. Moreover, imaging biomarkers 
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for tumor phenotyping, assessing recurrence, and induced complications need to be 

developed for SBRT. Radiomics, providing powerful quantitative analysis, may allow us 

to achieve that goal. 

Figure 1. Workflow for image-guided SBRT. 

 

1.2 What is radiomics? 

Quantitative analysis of tumor characteristics based on medical imaging is an 

emerging field of research, called radiomics7 8. Radiomics begins with acquisition of 

high-quality images, followed by segmentation of volume of interest (VOI) (e.g. tumor 

or other regions in the body), extraction of quantitative features from the VOI, which are 

then analyzed along with clinical and genomic data to develop diagnostic, predictive, or 

prognostic models for decision support. Radiomic analysis exploits sophisticated image 

                                                      

7 Larue et al. 
8 Yip et al. 
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analysis tools and the rapid development and validation of medical imaging data that 

uses image-based signatures for precision diagnosis and treatment9. Recent studies have 

shown that quantitative imaging features derived from CT, positron emission 

tomography (PET) and MRI scans could add value in the prediction of outcome 

parameters in oncology10 11 12. For example, Nie et al evaluated multiparametric MR 

imaging features in predicting pathologic response after preoperative chemoradiation 

therapy for locally advanced rectal cancer and were able to build models with improved 

predictive value over conventional volume-based imaging metrics. 

1.3 Radiomic features 

A set of 55 quantitative imaging features is used for radiomics study here. The 

set of features can be divided into gray level histogram and textural features. The 

textural features include gray level co-occurrence (COM), run length (RLM), size zone 

(SZM), and neighboring gray tone difference (NDM). Features are calculated on the base 

image, as well as its filter reconstructions. They require an image segmentation map that 

identifies the voxels corresponding to the region of interest (ROI) and prior 

discretization of gray levels into gray level bins.  

                                                      

9 Lambin et al (2017). 
10 Nie et al. 
11 Huang et al. 
12 Parmar et al. 
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To calculate gray level histogram features, a histogram with frequency count 𝑛𝑖 

of each discretized gray level i is obtained. The number of gray level bins of the 

histogram can be adapted for the balance of contrast and speed, e.g. 64 bins are used for 

our study. The occurrence probability 𝑝𝑖 for each gray level bin is approximated as 𝑝𝑖 =

𝑛𝑖

𝑁𝑣
 , where 𝑁𝑣 is the number of voxels in the ROI. 

Gray level co-occurrence matrix (GLCOM) is a matrix that expresses how 

combinations of discretized gray levels of neighboring pixels, or voxels in a 3D volume, 

are distributed along one of the image directions. In texture analysis in 3D, the direct 

neighborhood of a voxel consists of the 26 directly neighboring voxels. There are 13 

unique direction vectors within a neighborhood volume for distance 1, i.e. (0; 0; 1), (0; 1; 

0), (1; 0; 0), (0; 1; 1), (0; 1; -1), (1; 0; 1), (1; 0; -1), (1; 1; 0), (1; -1; 0), (1; 1; 1), (1; 1; -1), (1; -1; 1) 

and (1; -1; -1)13. Five methods can be used to arrive at a single feature value for each 

volume, as shown in Figure 2. Three methods involve merging of matrices. By merging 

the occurrence count for each combination of discretized gray levels (i; j) in 13 directions, 

the GLCMs are summed. Probability distributions are subsequently calculated using the 

merged matrix, and features calculated. In our study, the features are calculated as 

volume, as shown in (e) in Figure 2. 

                                                      

13 Zwanenburg et al. 



 

6 

Like the gray level co-occurrence matrix, gray level run length matrix (GLRLM) 

also assesses the distribution of discretized gray levels in an image or in a stack of 

images. However, instead of assessing the combination of levels between neighboring 

pixels or voxels, GLRLM assesses gray level run lengths. Run length counts the 

frequency of consecutive voxels with discretized gray level i along direction Δ. Feature 

values are calculated after obtaining the gray level run length matrices. In our study, the 

features are calculated as volume, as shown in (e) in Figure 2. 

Figure 2. Approaches to calculating gray level co-occurrence matrix-based and run 

length matrix-based features. 𝑴𝜟𝒌 are texture matrices calculated for direction Δ in 

slice k, and 𝒇𝜟𝒌 is the corresponding feature value. In (b), (c), and (e) the matrices are 

merged prior to feature calculation. 
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The gray level size zone matrix (GLSZM) counts the number of groups of 

connected voxels with a specific discretized gray level value and size. Voxels are 

connected if the neighboring voxel has the same discretized gray level value. Whether a 

voxel classifies as a neighbor depends on its connectedness. In texture analysis in 3D, we 

consider 26-connectedness, which indicates that a connection exists if any of the 26 

neighboring voxels shares the gray level of the central voxel.  Three methods can be 

used to arrive at a single feature value for each volume, as shown in Figure 3. One 

method involves merging of matrices. By merging the number of zones for each 

individual combination of discretized gray levels and sizes (i; j), the GLSZMs are 

summed. Features are subsequently calculated from the merged matrix. In our study, 

the features are calculated as volume, as shown in (c) in Figure 3.  

The neighborhood gray tone difference matrix (NGTDM) contains the sum of 

gray level differences of pixels/voxels with discretized gray level i and the average 

discretized gray level of neighboring pixels/voxels within a distance d. In our study, the 

features are calculated as volume, as shown in (c) in Figure 3. 
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Figure 3. Approaches to calculating gray level size zone matrix-based and 

neighborhood gray tone difference matrix-based features. 𝑴𝒌 are texture matrices 

calculated for slice k, and 𝒇𝒌 is the corresponding feature value. In (b) the matrices 

from the different slices are merged prior to feature calculation. 

 

1.4 Radiomic feature robustness and variability 

To build reliable predictive models based on radiomics features, we need to 

understand the robustness and variability of radiomic features. Studies have been done 

on the feature variability from CT images by varying slice thickness14, reconstruction 

algorithm, pixel size15, filtration method16 17, scanning protocols, and scanners18. Image 

harmonization methods have been proposed to improve feature stability and 

robustness. For MRI features, the limiting image dynamic range to mean value plus 

minus 3 times standard deviation (μ±3σ) of the ROI is a good normalization method to 

                                                      

14 Lu et al. 
15 Mackin et al (2017). 
16 Yasaka et al. 
17 Fave et al (2016). 
18 Mackin et al (2015). 
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provide features that enhance the separation between binary classes in their model19. 

Studies on PET harmonization for radiomics analysis have been primarily focused on 

elimination of inter-scanner variations20 21 which involves harmonizing standardized 

uptake values (SUV), voxel size22, and image reconstruction23. But there has been no 

investigation into harmonizing on-board Linac-based CBCT images. 

Previously, radiomics has been shown to be able to predict outcome for NSCLC 

patients using CT imaging24 25 26 27. Moreover, a recent study showed that similar 

prognostic information can be derived using CBCT imaging28. CBCT is a feasible image 

modality to detect early changes during treatment. A recent study investigated tumor 

regression acquired from CBCT images and related this to locoregional control and 

overall survival29. This study showed that CBCT imaging is feasible for detecting early 

changes and the authors were able to show that tumor regression was paradoxically 

related to a worse prognosis. Moreover, another study used the early density changes of 

                                                      

19 Collewet et al (2004). 
20 Quak et al. 
21 Lee et al (2014). 
22 Lee et al (2015). 
23 Lasnon et al. 
24 Tang et al. 
25 Aerts et al (2014). 
26 Fried et al. 
27 Ahn et al. 
28 Same as footnote 9. 
29 Brink et al. 
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healthy lung tissue seen on CBCT images to predict the risk of developing normal tissue 

toxicity30 31. 

1.5 Aims of this thesis 

This study aims to establish a batch harmonization method for radiomics 

analysis in planning CT (pCT) and on-board CBCT and to evaluate the effects of 

normalization on feature variation over time. Feature variation over time was 

characterized by correlating feature values to accumulative therapeutic dose that the 

patient had received by the time of taking the CBCT scan. This is the first study to 

correct the correlation of feature values over therapeutic dose. 

                                                      

30 Bertelsen et al. 
31 Bernchou et al. 
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2. Harmonization between pCT and cone-beam CT for 
radiomics analysis 

Compared with fan-beam CT, cone-beam CT has lower soft-tissue contrast and 

signal-to-noise ratio. The gray levels of CBCT images vary with over time due to the 

internal fluctuation of the detectors. In order to account for that variation, we 

harmonized CBCT images with the pCT to bring the gray levels to the same level.  

2.1 Materials and methods 

This section describes the patient cohorts and workflow used to establish a 

workflow to harmonize pCT and CBCT images for radiomics analysis. 

2.1.1 Patient cohorts 

72 patients with Stage I-III NSCLC treated with lung SBRT between 2011 and 

2012 at Duke University were retrospectively selected for an IRB-approved clinical trial. 

5 Breath-hold, 64 free breathing CT images were used from feature extraction when they 

were available for the patient; otherwise, average CT images (for 3 patients) were used. 

2.1.1 Workflow for harmonization 

One pCT and 3 CBCT images were studied for each of the 72 lung SBRT patients 

(3-5 fractions) treated between 2011 and 2012. The average elapsed time between pCT 

and the first CBCT scans was 9.54 days. CBCT_mid was taken prior to the middle 

fraction of treatment course. CBCT_last was taken before the last fraction, when the 

tumor had received a cumulative dose of 40-60 Gy. All CBCT images were registered to 
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pCT using rigid body registration. Registration was done in an automated platform in 

Matlab by transforming the CBCT images with matrices derived from manual 

registration done by clinicians on treatment days. The resultant registered CBCT images 

were overlaid on top of pCT and examined by a researcher to ensure good registration. 

The HUs of all images were divided into 64 bins, as a balance between speed of running 

the code and number of gray levels.  

We selected normalization VOIs to normalize CBCT images with the ratio of 

their means in normalization VOIs in the 64-binned images as shown in Figure 4. The 

linear normalization relation used in our study is represented in the following equation,  

𝐼𝐶𝐵𝐶𝑇𝑛𝑜𝑟𝑚
=

𝑁𝑉𝑂𝐼𝑝𝐶𝑇

𝑁𝑉𝑂𝐼𝐶𝐵𝐶𝑇

 𝐼𝐶𝐵𝐶𝑇, 

where 𝐼𝐶𝐵𝐶𝑇 is the array of voxel intensities of the original CBCT in 64 bins, 𝐼𝐶𝐵𝐶𝑇𝑛𝑜𝑟𝑚
 is 

the array of voxel intensities of the normalized CBCT in 64 bins, 𝑁𝑉𝑂𝐼𝑝𝐶𝑇
 is the mean gray 

level within the normalization VOI on the planning CT in 64 bins, and 𝑁𝑉𝑂𝐼𝐶𝐵𝐶𝑇
 is the 

mean gray level within the normalization VOI on the original CBCT in 64 bins. 
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Figure 4. Screenshot of VOI selection on planning CT using code developed 

in-house. Arrow indicates tumor. VOI selected on one slice is the white rectangle in a 

uniform soft-tissue region. User chooses the center and dimension of VOI. VOI 

location and dimension influences normalization and feature extraction. 

 

 Extraction VOIs were Internal Target Volume (ITV) and volume in lungs 

receiving ≥ 12Gy (V12Gy) on CBCT and pCT. The normalization and extraction VOIs are 

shown in Figure 5. A and B consist of 16x20x12 voxels, in a uniform soft tissue and lung 

tissue respectively, outside of 5Gy isodose line. C is internal target volume (ITV). D is 
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the volume in lungs receiving ≥ 12Gy (V12Gy). A researcher visually confirmed that the 

normalization VOIs for each patient were selected in the correct areas. 

 

Figure 5. Volumes of interest (VOI) for normalization. A and B consist of 

16x20x12 voxels, in a uniform soft tissue and lung tissue respectively, outside of 5Gy 

isodose line. C is internal target volume (ITV). D is the volume in lungs receiving ≥ 

12Gy (V12Gy). 

We extracted features from Gray Level Histogram (GLH) and 4 texture classes: 

Co-occurrence (GLCOM), Run length (GLRLM), Size Zone (GLSZM), and Neighboring 

Gray Tone Difference (NGTDM). A list of the names of the 55 features extracted is 

shown in Figure 6. The location of normalization VOI affected feature variability. Then 

we compared their feature values with sign rank tests with Bonferroni correction. All 

code was developed in house. The workflow is summarized in Figure 7.  
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2.2 Results 

We found 20 and 4 (out of 55) features that are significantly variable between the 

planning CT and CBCT1, on ITV and V12Gy respectively. Feature variability depends 

on the selection of normalization VOI and extraction VOI. Using VOI A in soft tissue 

reduced the number of variable features the most.  

Harmonization reduced the variation of features in COM, RLM, and SZM texture 

classes. The results are shown in Figure 8. The names of variable features on ITV and on 

V12Gy with different normalization VOIs are listed in Table 1 and Table 2, respectively. 

We identified 7 persistently variable features on ITV regardless of normalization VOIs, 

such as energy in GLH, inverse variance and maximum probability in COM, long run 

low gray level emphasis in RLM, gray level non-uniformity, size zone non-uniformity, 

size percentage, variation of intensity and variation of area in SZM.  

GLSZM: gray level non-uniformity is the only feature that is persistently variable 

regardless of normalization VOIs and extraction VOIs. This feature assesses the 

distribution of zone counts over the gray values. The feature value is low when zone 

counts are equally distributed along gray levels. The feature is defined as: 

𝐹 =
1

𝑁𝑠
 ∑ 𝑠𝑖.

2

𝑁𝑔

𝑖=1

 

where 𝑁𝑠 is the total number of zones, 𝑁𝑔 is the number of discretized gray levels in the 

volume, and 𝑠𝑖. is the number of zones with discretized gray level i, regardless of size. 

The physiological meaning of this feature needs to be further investigated. 
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Table 1: List of short names of variable features on ITV with different 

normalization VOIs. 

 Before 

harmonization 

Soft tissue 

(A) 

Lung tissue 

(B) 

Average of 

A & B 

ITV 

GLH H-1 
 

H-1 
 

H-1 
 

H-1 
 

H-1 
H-2 

GLCOM F-6  

F-9 
F-17 
F-18 

F-5 

F-17 
F-18 

 

F-1 

F-2  

F-3  

F-4 

F-6 

F-9 

F-11 

F-12  

F-18 

F-19 

F-20 

F-22 

F-17 
F-18 

F-17 
F-18 

GLRLM C-2 
C-4 
C-5 

C-6 
C-8 

C-9 

C-10 

C-10 C-2 
C-4 
C-5 

C-6 

C-7 
C-8 
C-9 

C-10 

C-2 
C-6 
C-8 

C-10 

C-2 
C-6 
C-8 

C-10 

GLSZM S-3 
S-4 
S-5 
S-6 
S-7 
S-8 

S-12 
S-13 

S-3 
S-4 
S-5 

S-12 
S-13 

S-3 
S-4 
S-5 
S-6 
S-7 
S-8 
S-9 

S-12 
S-13 

S-3 
S-4 
S-5 
S-6 
S-8 

S-12 
S-13 

S-3 
S-4 
S-5 
S-6 

S-12 
S-13 

NGTDM   N-1  N-2 
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Table 2: List of short names of variable features on V12Gy with different 

normalization VOIs. 

 Before 

harmonization 

Soft tissue 

(A) 

Lung tissue 

(B) 

Average of 

A & B 

V12Gy 

GLH H-2  H-1   
GLCOM   F-1 

F-2  

F-3  

F-4 

F-6 

F-7 

F-8 

F-11 

F-12  

F-16 

F-17 

F-20 

F-21 

F-22 

  

GLRLM C-1 

C-3 
C-6 

C-8 

 

C-1 
C-3 
C-7 

C-9 

C-3 C-1 
C-3 

GLSZM S-3 S-3 S-3 
S-7 
S-9 

S-3 
 

S-3 
 

NGTDM   N-4 

N-5  N-4 

N-5 
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Features extracted from ITV display larger degree of variability than those 

extracted from V12Gy before normalization. The variability of features from V12Gy is 

also less sensitive to all the normalization VOIs than that of features from ITV (number 

of variable features are not significantly reduced on V12Gy regardless of normalization 

VOIs). Since both VOIs are segmented prior to any irradiation, the difference in their 

degrees of feature variability is not due to physiological change by radiation. The larger 

size and more uniform distribution of gray levels of V12Gy might have contributed to 

the lower variability of its features. Further study is needed to investigate the causes of 

the lower variability of features from V12Gy. 

For features on ITV, different feature classes display different levels of sensitivity 

to normalization. Gray level histogram features are insensitive to normalization VOIs. 

The variability of gray level co-occurrence, run length, and size zone features are 

reduced the most by normalization VOI in soft tissue (A), and are increased by 

normalization VOI in lung tissue (B). Neighborhood gray tone difference features are 

stable before normalization but become variable after normalization by a VOI in lung 

tissue (B). The inverse effect of normalization VOI in the lung tissue might be explained 

by the larger dynamic range in the VOI selected, while VOI in soft tissue has smaller 

dynamic range. 
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2.3 Discussions 

We established a workflow for harmonization between pCT and CBCT images 

for radiomics analysis using intensity normalization. Feature variability reduction 

depends on the location of normalization VOI. There are several limitations to our 

study. We assumed a linear normalization relationship between planning and cone-

beam CT gray levels. Non-linear normalization methods can be investigated in the 

future. We also exported contours from planning CT while the actual tumors changed 

shape and texture on cone-beam CT images. Moreover, further study on the effect of our 

harmonization method on radiomics feature modeling is needed. 

One limitation of our effort to harmonize fan-beam CT and cone-beam CT stems 

from the lower accuracy and uniformity of HUs on CBCT images. A study by Yoo et al. 

has found that the magnitude of scatter and artifacts in CBCT images are affected by 

imaging geometry, object size, and inhomogeneous tissues. Scatter and artifacts 

deteriorate image uniformity and mislead HU values in 3D reconstruction. Large objects 

with large inhomogeneous tissues provide more scatter and artifacts. The location of an 

object and neighboring tissue types/sizes also affects HU values32. Further research is 

needed to examine the effects of calibration curves and inhomogeneous tissues on 

harmonization the fan-beam and cone-beam CT images. 

 

                                                      

32 Yoo et al. 
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3. Feature variability of longitudinal CBCT radiomics 

Due to systemic and thermal fluctuations, feature variability may be random and 

not reflect the physiological change of the tumor. We used ‘test-retest’ scans to set up the 

baseline of feature variability and determined which features changed significantly for 

how many patients. ‘Test-retest’ scans, aka ‘coffee-break’ scans, were acquired one 

image after another under the exactly same conditions to establish a baseline of 

variability. We searched through our image sets for multiple CBCT images taken during 

patient setup prior to any same treatment session as our ‘test-retest’ scans.  

3.1 Materials and methods 

For the 72 patients, we examined 7 sets of CBCT scans of the same fraction of 

treatment (considered as ‘test-retest’ scans) and daily CBCT images for each patient. All 

CBCT images were acquired from modern linear accelerators equipped with on-board 

CBCT system according to the lung protocol at 125 kVp. 5 Breath-hold and 64 free 

breathing CT images were used for feature extraction when they were available for the 

patients; otherwise, average CT images (for 3 patients) were used. 

3.1.1 Patient cohorts 

72 NSCLC patients treated between 2011 and 2012 were selected retrospectively 

in an IRB-approved clinical trial. Of all the patients, 18 received 15-18 Gy / fraction for 3 

fractions; 36 received 12-12.5 Gy / fraction for 4 fractions; 18 received 8-10 Gy / fraction 
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for 5 fractions. The distribution of fractionation schemes and total prescription dose is 

shown in Figure 9. 

Figure 9: Distribution of number of patients receiving different numbers of 

fractions and total prescription dose. 

3.1.2 Workflow for feature variability study 

We selected features with significant longitudinal variation when they had a 

detectable change during treatment for at least a minimum amount of patients. We 

calculated the values of the baseline of feature variations from the test-retest scans and 

determined the 95% confidence interval of the ‘smallest detectable change’. We 
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determined a threshold for the smallest detectable change (C), as proposed by Bland and 

Altman:  

𝐶 = ±1.96 × 𝑆𝐷, 

where SD is the standard deviation of the absolute differences between feature values 

calculated on the test and retest CBCT scans. For 95% of repeated measurements, the 

difference is expected to be less than C. For each feature, absolute differences between 

test and retest scans were first plotted against their absolute average. When the 

boundaries were calculated, for each feature we determined for how many patients 

there was a detectable change after a certain period of treatment. This could be used as a 

criterion to select features that exhibit a change for at least some percentage of patients. 

The procedure for selecting features with significant change is summarized in Figure 10.  



 

26 

F
ig

u
re 10:  W

o
rk

flo
w

 fo
r featu

re v
ariab

ility
 stu

d
y

. 



 

27 

3.2 Results 

Examples of scatterplots of differences versus averages for all patients for 

‘GLRLM: Gray Level Non-Uniformity’ (a) and ‘GLRLM: Long Run Emphasis’ (b) are 

shown in Figure 11. The 95% boundaries of smallest detectable change are indicated 

with blue dashed lines. For ‘GLRLM: Gray Level Non-Uniformity,’ 27 patients lie 

beyond the 95% boundaries, while for ‘GLRLM: Long Run Emphasis,’ only 4 patients lie 

beyond the 95% boundaries. Thus, for a choice of 7 patients, ‘GLRLM: Gray Level Non-

Uniformity’ would be considered variable, while ‘GLRLM: Long Run Emphasis’ would 

not. 

Euler graphs showing the overlaps between features that changed significantly 

with fractions (abbreviated as Fx) for 3-fx (a), 4-fx (b), and 5-fx (c) fractionation schemes 

are displayed in Figure 12. At the end of lung SBRT, 30 features changed significantly for 

at least 10% of all the patients. For patients treated with 3 fractions, 49 features changed 

at the 2nd session, and 49 at the last session; there was 100% overlap between features at 

the 2nd session and the last session. For patients treated with 4 fractions, 45 features 

changed at the 2nd session, 45 at the 3rd session, and 48 at the last session; there was 

92% overlap between features at the 2nd session and the other sessions. For patients 

treated with 5 fractions, 12 features changed at the 2nd session, 18 at the 3rd session, 14 
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at the 4th session, and 25 at the last session; there was 36%, 48%, and 48% overlap 

between features at the 2nd, 3rd, 4th session and last session respectively. 

Number of variable features versus the choice of minimum number of patients 

for whom feature change should be more than ‘C’ for 3-fx (a), 4-fx (b), and 5-fx (c) 

fractionation schemes is plotted in Figure 13. 

The results are summarized in Table 3. 

Table 3: Summary of results for feature variability study. 

 All patients 3 fractions 4 fractions 5 fractions 

Number of patients 72 18 36 18 

Dose per fraction Varies from 8-

18 Gy 

15 or 18 Gy 12 or 12.5 

Gy 

8 or 10 Gy 

Number of variable 

features at the end of 

treatment 

30 49 48 25 

Choice of minimum 

number of patients 

10 3 6 3 

Overlap between 

variable features at 

earlier fractions and at 

last fraction 

NA 100% 92%, 92% 36%, 48%, 

48% 
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   3.3 Discussions 

This is the first study to describe and quantify the changes of radiomic features 

specifically for lung stereotactic radiation therapy (SBRT) procedures. We utilized ‘test-

retest’ CBCT scanned within minutes apart as baseline, instead of assuming constant 

feature values across first few fractions as done in other studies. Limitations to our study 

include the small number of test-retest scans available and the small number of radiomic 

features extracted, limited in the gray level space. Further study can be done with 

wavelet and filtered features.  Future work involves correlating radiomic features to 

clinical outcomes. 

Overlapping features at earlier fractions can potentially point to early detection 

of tumor response. A recent study showed that CBCT imaging is feasible for detecting 

early changes and the authors showed that tumor regression was related to a worse 

prognosis33. Another study used the early density changes of healthy lung tissue seen on 

CBCT images to predict the risk of developing normal tissue toxicity3435.  These studies 

show that CBCT is a feasible imaging modality to detect early changes during treatment.  

Besides common metrics like tumor volume, more information can be extracted from 

medical images using radiomics, potentially leading to closer monitoring of tumor 

response over the course of high-precision SBRT.

                                                      

33 Brink et al. 
34 Bertelsen et al. 
35 Bernchou et al. 
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4. Conclusions 

We established a workflow to harmonize planning CT and cone-beam CT images 

to reduce the feature variability between the two acquisition modes. Different 

normalization VOIs can result in different patterns of feature variability for different 

families of features. We advise future researchers to be more careful in normalizing 

CBCT images.  

We also investigated the feature variation across fractions for lung SBRT patients. 

Significant changes in gray level radiomic features were observed over the course of 

lung SBRT. Higher fractional dose corresponded to a larger number of variable features 

and high overlap of variable features at an earlier time-point. 

Future work can be done to explore more normalization techniques accounting 

for HU stability for inhomogeneous tissues and to correlate the feature changes with 

clinical outcomes.
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