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Abstract
Background: Neoadjuvant chemoradiotherapy (nCRT) before surgical resection is the standard treatment
for patients with locally advanced rectal cancer (LARC). Radiomics can be used as noninvasive
biomarker for response prediction. The purpose of our study was to evaluate the potential of PET/CT
texture features to predict the responses of LARC subjects treated with nCRT.

Methods: One week prior to nCRT, patients underwent Positron Emission Tomography/Computed
Tomography (PET/CT) scan and then received concurrent nCRT. For each patient, intensity, shape and
texture-based features were derived from PET/CT images using the IBEX software. The logistic regression
classi�er was used to identify the responders from non-responders.

Results: In this study, 23 patients with LARC were included. The patients’ responses included 5 patients
with Grade 0, 7 with Grade 1, 6 with Grade 2, and 5 with Grade 3 according to American Joint Committee
on Cancer/College of American Pathologists (AJCC/CAP) pathologic grading. In quantitative texture
features analysis, the dissimilarity feature had the highest performance [Area under Curve (AUC) = 0.65]
and in metabolic parameters analysis the best performance was for total lesion glycolysis (TLG; AUC=
0.61)

Conclusions: In conclusion, performance of quantitative texture features is better than metabolic
parameters but their performance should be improved. 

Introduction
Colorectal cancer (CRC) is the third most common cancer worldwide and the second leading cause of
cancer deaths in 2016 in the USA. Its risk is slightly lower in women than in men. One- third of the
incidence is accounted for rectal cancer and approximately 39,220 new cases of rectal cancer with an
about 5-year overall survival rate of 65% will happen annually [1–5]. Nowadays, neoadjuvant
chemoradiotherapy (nCRT) before surgical resection is the standard treatment for different tumor types
and has been widely used for treating patients with locally advanced rectal cancer (LARC) [6, 7].
Determination of tumor response before treatment may signi�cantly impact on designing an e�cient
strategy to treat cancer patients. Response to nCRT is considered as an important prognostic factor, but it
signi�cantly varies among patients. [8]. Prediction of the response to nCRT before treatment could be
bene�cial for LARC patients, but qualitative evaluation of response using medical images can be
performed at the later stages of therapy. Because in qualitative evaluation, response to therapy is usually
achieved by monitoring of the tumor length, area, and volume and these qualitative parameters are not
apparent early during therapy [9, 10].

Radiomics is a new �eld of medical image study that aims to extract large number of high-throughput
quantitative features that can be used as noninvasive, accurate and reliable biomarker for patients’
response prediction and evaluation. Indeed, it focuses on the prediction of tumor behavior to treatment
before therapy using quantitative analysis of tumor information [11, 12]. But, when the number of derived
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features is more than samples number, the over-�tting is more likely to occur. Therefore, feature selection
algorithms are used to identify robust and relevant features to improve accuracy of selected models. In
this regard, previous studies have demonstrated how quantitative texture analysis and data mining
methods may be used as predictive and prognostic biomarkers in lung adenocarcinoma, breast, head and
neck squamous cell carcinoma, and prostate cancer [13–17]. Hence, the aim of our study was to
investigate the potential of different radiomic features extracted from rectal PET/CT to �nd best
predictive models in comparison to SUVmax, SUVmean, metabolic tumor volume (MTV), SUV ≥ 2.5, and
total lesion glycolysis (TLG).

Methods

Patient characteristics
This study was a prospective study of 23 patients (13 males and 10 females) who were treated at
Radiation Oncology Department of Cancer Institute, Tehran University of Medical Sciences from October
2016 to April 2018. This study was approved by the Ethics Committee of Tehran University of Medical
Sciences (Trial No. 95-04-227-33428, Ethical approval No. IR.TUMS.VCR.REC.1395.17.16) and Iran
University of Medical Sciences (Ethics approval No. K17-137) and all patients signed an informed
consent. Inclusion criteria were location of tumor about 15 cm above anal verge, tumor in�uence to
perirectal fat (cT3–4) or lymph node involvement, age ≤ 80 years, World health organization (WHO)
performance situation of 0–2, normal function of liver and renal system with normal complete blood
count (CBC) test, without any previous treatment for the disease. All patient received concurrent nCRT.
They received 45–46 Gy external beam radiation in 23–25 fractions with 18 MV photons to the tumor
and locoregional disease including pre-sacral and internal iliac lymph nodes with a boost to the tumor for
a total of 50–50.4 Gy. Also, concurrent capecitabine at 825 mg/m2 twice daily was used.

Image acquisition
Images were acquired using a Biograph 6 PET/CT scanner (Siemens Medical Solutions). Fields of view
were 16 cm and 58 cm in axial and transverse directions, respectively. The CT scan system was a spiral 6
slice scanner with a 50 cm axial �eld of view. All patients were fasted at least 60 minutes before PET/CT
scan with the blood glucose level less than 150 mg/dL. About 60 minutes after the injection of 18F-FDG
(5 MBq/kg per body weight), the patients were placed in the scanner and low-dose CT was performed
from the base to the mid-thigh of the skull. The PET scan was acquired over the same body area. The CT
data reconstructed with 256.256 matrix size and 5-mm slice thickness. The PET data were reconstructed
with 128 · 128 matrix size and 5-mm slice thickness.

Tumor segmentation
For each primary cancer site, the three-dimensional gross tumor volume was drawn with two readers: a
ten years’ experience radiation oncologist, and a �fteen years’ experience radiologist using a designated
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multi-platform, free and open-source software package for visualization and medical image computing
(3D slicer, version 4.8.1; available at: http://slicer.org/).

Preprocessing and texture feature extraction
Before feature extraction and in order to noise reduction, intensity normalization and discretization, all
PET/CT images were pre-processed by the method proposed by Collewet et al. and also discretization to
64 Gy level. In the Collewet et al. method, all image intensities are normalized between µ ± 3σ, where µ is
the mean value of gray-levels inside the region of interest (ROI), and σ is the standard deviation [18, 19].

Also, to test the �lter effect on radiomic model performance, we applied our feature extraction on PET/CT
images with and without processing �lters. The �lters included LoG �lter with sigma 0.5, 1, and 1.5. For
feature extraction, we used the freely available radiomic software, imaging biomarker explorer (IBEX) that
runs in Matlab platform.

Various radiomic features from different feature sets, including intensity, shape and texture-based
features were extracted from processed and un-processed PET/CT images. Extracted features included
shape features (n=17), intensity histogram features (n=9), intensity direct (n=19), neighbor intensity
difference (n=5), co-occurrence matrix features (COM) (n=19), and gray level run-length matrix features
(GLRLM; n=11) [9, 20].

Response assessment
For all patients, surgery was done 6-8 weeks after nCRT. After inking, the specimens were �xed in formalin
for 24 hours. The whole tumor and mesorectum were serially sliced, axially, at 3mm intervals, and
treatment response was assessed according to the American Joint Committee on Cancer and College of
American Pathologists (AJCC/CAP). The Dworak tumor regression grade (TRG) according to AJCC/CAP
was established as follows: grade 0 [Pathologic Complete Response (PCR)], which is de�ned as no viable
cancer cell; grade 1 (moderate response), representing single cells or small groups of cancer cells; grade 2
(minimal response), showing residual cancer outgrown by �brosis; grade 3 (poor response), representing
�brosis outgrown by residual cancer [21–23].

Univariate radiomic analysis
For univariate analysis, signi�cant radiomic features correlating with response were selected and a
logistic regression model was used to �nd their predictive performance, which was based on Area Under
Curve (AUC). Also, these features were compared between responder and non-responder groups. A paired
t-test was performed to assess the signi�cance of the differences between two groups. Statistical
signi�cance was assumed if a two-sided P value< 0.05. All of analysis were done using MedCalc
statistical software.

Result

Patients and response
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In the study, 23 patients (13 men; mean age of 60.01 years; age range of 31-80 years; 10 women; mean
age of 52.2 years; age range of 27- 67 years) with LARC were included. All patients underwent concurrent
nCRT, followed by surgery. Patients' nCRT responses included 5 patients with grade 0, 7 cases with grade
1, 6 subjects with grade 2, and 5 patients with grade 3 according to AJCC/CAP pathologic grading.
Patient data and their response grade are shown in Table 1.

Texture analysis
Radiomic features with high correlation to therapy response were selected for PET/CT images separately.
Our univariate analysis showed 11 radiomic features having high correlation with nCRT response by
PET/CT image. We found that all 6 top radiomic features were from co-occurrence matrix (COM) feature
set. The results on AUC logistic regression classi�er for these features are shown in Figure 1. The
Dissimilarity feature had the highest performance (AUC= 0.68) followed by Sum Average (AUC= 0.66),
Inter Quartile Range (AUC= 0.65), Cluster Tendency (AUC= 0.64), Variance (AUC= 0.63), and Cluster
Prominence (AUC= 0.61).

Results on selected radiomic feature values between responder and non-responder groups indicated that
there was no signi�cant difference between two groups in all features (P> 0.05).

Response prediction using metabolic features of PET/CT images indicated that the best result was for
TLG (AUC= 0.61) followed by SUVmax (AUC= 59), SUVmean (AUC= 55), and MTV (AUC= 59).

Discussion
In the �eld of oncology, medical imaging has been playing a fundamental role, providing valuable data
for a better management of cancer treatment and that PET/CT can produce three-dimensional images
noninvasively, without the risks of ionizing radiation and with greater spatial and contrast resolution [24].

Radiomics extracts and mines large number of quantitative and distinct medical imaging features, and
assumes that these quantitative medical imaging features are related to clinical information regarding
tumor phenotype and may have clinical signi�cance across different diseases. Thus, it provides valuable
data for personalized therapy of tumors [12, 25].

The results of our study demonstrate that quantitative features from computerized texture analysis of
LARC patients at the pretreatment PET/CT imaging were associated with response to nCRT and can be
used as noninvasive biomarker for response prediction. ML methods can be reliable and accurate
predictors and preprocessing LoG �lter can improve their performance [26, 27].

Previous studies have shown the feasibility of radiomic modelling in LARC. Nakajo et al. used PET/CT
images to examine whether the heterogeneity in primary tumor 18F-FDG can predict tumor response and
prognosis of patients with esophageal cancer treated by chemoradiotherapy (CRT). The enrolled 52
patients with esophageal cancer underwent 18F-FDG-PET/CT studies before CRT. SUVmax, SUVmean,
MTV, SUV ≥ 2.5, TLG, and six heterogeneity parameters assessed by texture analysis were obtained.



Page 6/9

Patients were classi�ed as responders or non-responders according to Response Evaluation Criteria in
Solid Tumors. Texture features IV and SZV, and volumetric parameters MTV and TLG can predict tumor
response, but all of them have limited value in prediction of prognosis of patients with esophageal cancer
treated by CRT [28]. Also, Groheux et al. investigated the value of some clinicopathological parameters
and 18FDG-PET/CT texture features to predict event-free survival (EFS) in the estrogen receptor-
positive/human epidermal growth factor receptor 2-negative (ER+/HER2-) locally advanced breast cancer
patients. PET/CT texture features and clinicopathological parameters were investigated before
neoadjuvant chemotherapy. After completion of chemotherapy, all patients had breast surgery with
axillary lymph node dissection, followed by radiation therapy and endocrine therapy for 5 years. Finally,
the baseline PET parameters measured before neoadjuvant treatment were shown to have prognostic
values in ER+/HER2- locally advanced breast cancer patients. After multivariate analysis, metabolically
active tumor volume remained signi�cant, while textural analysis of PET images did not have added
value [29].

Conclusion
In conclusion, performance of quantitative texture features seems to be better than metabolic parameters
but their performance should be improved. Texture features can be used as noninvasive biomarker for
response prediction in LARC patient.
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Figure 1

AUC of selected features in the univariate analysis for response prediction in LARC patients.


