
Neoadjuvant chemoradiation is the current treatment stan-
dard for locally advanced rectal cancer patients [1]. Ten-

dency for organ preservation and a watch-and-wait strategy 
in cases of complete tumor response have become acceptable 
treatment option [2,3]. This strategy is usually adopted after 
completion of a neoadjuvant treatment course. The decision 
whether to refer the patient to surgery is generally made after 
ultrasound rectoscopy, magnetic resonance imaging (MRI), and 
positron-emission tomography/computed tomography (PET/
CT) results show a complete tumor response. The accuracy of 
these methods, however, is still far from desirable [3,4]. Re-
cent publications reported a new image-based approach using 
methods of computer vision, also known as radiomics, which 
is based on texture analysis of acquired CT file (DICOM proto-
col) characteristics extracting useful features for a classification 
algorithms and for visualization of different image properties 
[5,6]. The radiomics method combines several algorithms to 
explore different matrices and features to quantify texture char-
acteristics [7,8], while the images acquired from diagnostic and 
treatment devices are used as substrate for image analysis [7,9]. 
Different radiomics characteristics were used to create models 
predicting response to preoperative treatment in rectal cancer 
patients [6,10,11]. The purpose of current study was to assess 
the possibility of using unenhanced CT-simulation scan images 
obtained in everyday radiation oncologist practices to predict 
complete pathologic response.

This retrospective study included patients referred to the radiation 
therapy unit at Rambam Health Care Campus between September 
2015 and September 2019 with rectal adenocarcinoma in clinical 
stage IIA–IIIC (restaged to TNM v8). The patients were assigned 
to neoadjuvant radiotherapy of 45Gy to the pelvis and 50Gy to 
the tumor using simultaneous integrated boost combining with 
5-flourouracil based chemotherapy (300 mg/m2 for 96 hours ev-



ery week or capecitabine 875 mg/m2 twice a day for 5 weeks 
of treatment). Adenocarcinoma was proved by histopathological 
examination after rectal biopsy in all patients. Tumor T-stage was 
determined using transrectal ultrasonography and pelvic MRI. 
N-stage was assessed by using MRI and PET/CT. Patients with 
clinical or pathological evidence of metastatic disease were ex-
cluded from the study. Surgery was performed 6 to 8 weeks after 
chemoradiation therapy was completed. The tissues obtained at 
surgery were evaluated for tumor response grade at the histo-
pathological lab. Based on the results two groups of patients were 
identified: patients with complete pathological response (pCR) in 
the primary tumor and in lymph nodes (pCR group) and those 
with non-complete response (no pCR group). For the study pur-
pose, we defined the pathological complete response (pCR) as 
no viable tumor cells found in primary tumor tissue and in all 
resected lymph nodes on pathological examination. 

All patients underwent a routine procedure of pretreatment 
CT-simulation on a Philips Brilliance Big Bore 16 slice CT sim-
ulator for further contouring of the tumor and organs at risk using 
the CT volumetric data. The CT was unenhanced, with neither 
intravenous nor oral contrast media. CT scan parameters were 
120 kVp, 16 × 1.5 mm collimator configuration, with a pitch of 
0.813, average 250 mAs per slice and slice thickness of 3 mm. 
After routine delineation of organs at risk and target volumes, 
the structures were presented on radiotherapy unit working ses-
sions in cooperation with a senior radiologist. The tumor volume 
was chosen from the structure set and processed with 3D Slic-

er software (v 4.10.2) using SlicerRT and Radiomics modules 
for extraction and processing of texture analysis and wavelets 
features for further statistical analysis. The texture analysis in 
current study was based on 2D matrix calculation for obtaining 
values of intensity and morphological features, first-order tex-
ture characteristics, and second order characteristics. A short de-
scription of radiomics features is provided in Table 1 accordantly 
to the Image Biomarker Standardization Initiative (IBSI). Every 
feature has its own characteristics, which are described in the 
specialized literature [12]. Additional image analysis tools used 
for the study were forward and inverse discrete wavelet transfor-
mation, which is mathematical tool aimed to analyze the portion 
of signal (image as 2D signal) with possibility of further signal 
reconstruction [13]. For each patient, 850 features were calcu-
lated using DICOM CT images based on the radiomics method, 
including 106 texture and 744 wavelets features.

analyses were performed using IBM Statistical Package for the 
Social Sciences statistics software, version 25 (SPSS, IBM Corp, 
Armonk, NY, USA). To reproduce obtained results the R-statis-
tics software (R v. 4.0.2) was used. The real distribution pattern 
of studying parameters is not known and therefore non-parametric 
Kolmogorov-Smirnov test was used to evaluate differences be-
tween groups. Statistical significance was defined as 
every radiomics parameter. Radiomics parameters were analyzed 
with logistic regression methods to assess influence on outcome 
with level of statistical significance of 
level of prediction accuracy, neural network (NNet) with multilay-



er perceptron was used. First, the model was trained on 70% of the 
cases and then the model was tested on the rest of the cases (30%). 
The test was also used to evaluate the sensitivity of the radiomics 
test. The following R-statistics neuralnet and random forest sta-
tistical packages were used for neural network and random forest 
classification models building, respectively. R-statistics step-by-
step script was written for reproducing the achieved results. The 
code and data file are available from the authors. Most important 
radiomics features were defined using the random forest model.

Of 170 patients who were referred to neoadjuvant treatment at 
the study period, 140 patients with stage IIA–IIIC were identi-
fied and assigned for long course radiotherapy with concomitant 
chemotherapy. Demographic and clinical characteristics of the 
patients are presented in Table 2. 

Mean age at diagnosis was 62.5 (range 24–88 years). Rectal 
cancer in clinical stage II was found in 50 (35.7%) of the pa-
tients and 90 (65.3%) were in stage III. The mean distance from 
the tumor’s lower margins to the anal verge was 6.8 (1–15) cm. 
The mean gross tumor volume (GTV) defined by CT-simulation 
images was 47.1 ± 3.1 cc.

After completion of a full course of chemoradiation, histo-
pathological results showed complete response in 38 (27.1%) 
of the patients. 

Radiomics features including texture analysis with wavelet 
transform module extracted from patient’s tumor CT simulation 
images yielded 850 parameters. Total number of radiomics fea-
tures extracted from all studied patients included 119,000.

All these parameters were analyzed using non-parametric 
Kolmogorov-Smirnov test, which found 405 parameters that 
were statistics significantly different between groups with and 
without pCR, including 40 texture defining and 365 wavelets 
transform characteristics. Preplanned statistically significant 
level < 0.001 was achieved in all 405 parameters.

Logistic regression analysis using Wald algorithm (eval-
uating contribution of each parameter to model significance) 
showed maximal Exp(B) values of several wavelets parameters 
(e.g., wavelet HLL NGTDM Coarseness, wavelet LHL GLDM 
Dependence Non Uniformity Normalized, wavelet LHH GLCM 
MCC) and one of the texture analysis, namely original first or-
der interquartile range. These parameters describe features rely-
ing on first order statistic and texture of wavelet decomposition 
of the CT-simulation data.

Multilayer perceptron neural network was built with input 
layer, which included texture and wavelets characteristics as 
covariates and distance to tumor from anal verge as a factor, 
one hidden layer with 10 (excluding bias units) neurons with 
hyperbolic tangent activation function and one output layer with 
2 neurons and softmax activation function. The dependent vari-
able was pCR. After a training stage, we found 21.8% incorrect 

predictions. The testing stage gave 10.3% incorrect prediction. 
Neural network constructed in R showed similar results for 
testing and testing stage gave 79% and 63% of accuracy, re-
spectively. The one-hidden layer network showed better testing 
accuracy than multi-layer and multi-neuron networks. Accuracy 



did not reach 60% of correct predictions.
Sensitivity was calculated using receiver operating charac-

teristic curve analysis that showed an area under the curve of 
0.872 for both pCR and No pCR groups [Figure 1]. Normalized 
factors importance showed only one texture parameter among 
overwhelming majority of wavelets components [Figure 2]. By 
adding sex and age at diagnosis, a different number of units and/
or neuron layers led to overfitting the model with worsening of 
model performance up to 30% of uncorrected training and testing 
phases. Normalized importance of non-radiologic variables (age, 
sex) was zero. Tumor volume measured on CT simulation images 
was added as factors bringing no improvement to the model.

For a random forest algorithm, all cases were distributed as 
follows: 70% to training and 30% to the testing datasets. The 
model in training phase has brought 0.98 accuracy with 95% 
confidence interval (95%CI) 0.9445–0.9997 with sensitivity 
1.0 and specificity 0.96, positive predictive value 0.9857 and 
negative predictive value 1.0. In the testing phase of the anal-
ysis the model achieved a classification accuracy of 0.67 with 
95%CI 0.5045–0.8043, sensitivity 0.82 and specificity 0.11, as 
well as positive predictive value 0.77 and negative predictive 
value 0.14. Exploring the model, we found that 9 of 10 were the 
most influential in the accuracy of the result radiomics features 
belonging to the wavelets family and only 10 or more features 
belong to first order image characteristics [Figure 2].

Complete histological response of the primary tumor is a well 

established surrogate factor for predicting better survival [1]. 
Medical imaging (CT, MRI, and PET/CT scans) can be compre-
hensively quantified using the radiomics analysis method, which 
finds phenotypic differences within cancer tissue [12]. This 
non-invasive image analysis method is based only on analyzing 
image features including image intensity, shape, and texture [14]. 
The technique was used in different patients’ cohorts like head-
and-neck, lung, brain, and rectal cancers, as well as primary and 
metastatic tumors. It was also used for the evaluation of normal 
and pathological lymph nodes [8,15-19]. These studies used pre-
treatment imaging sets. Most investigated image sets are diag-
nostic CT scans, MRI, and PET/CT data [20]. Radiomics testing 
of MRI sets acquired from patients with locally advanced rectal 
cancer after neoadjuvant chemoradiation showed good perfor-
mance predicting pCR [21]. Some investigators used radiomics 
for distinguishing between normal tissues and many types of sol-
id tumors and lymphomas. Further analyses were involved with 
different radiomics feature sets. There are differences in scanner 
type and image acquisition protocols in different medical centers 
[22]. Radiomics features, however, are reproducible on the same 
scanner or treatment machine like liner accelerators [23]. 

The prediction of overall survival in lung cancer patients 
gained additional power when radiomics analysis was enhanced 
by machine learning approach [10,21,24]. Liver metastases sec-
ondary to rectal cancer were studied on MRIs using radiomics 
features with excellent distinguishing power [19,20]. Pretreat-
ment analysis of radiomics signatures in PET/CT scan image 
sets resulted in a high level of pCR or near pCR prediction in 
locally advanced rectal cancer patients [9]. 

In the current study, a set of unenhanced simulation CT im-
ages was used. A senior radiation oncologist (ML) performed 
structure volumes contouring with further verification by other 
senior radiologists (KG, ZK). The method of using unenhanced 
CT-simulation images for prediction of rectal tumor response was 
not described before and, to the best of our knowledge, this is the 
first attempt to use CT-simulation data in combination with wave-
let features analysis for this purpose. Our analysis intentionally 
did not include additional clinical and pathological data. It was 
made specifically to demonstrate the ability to use CT-simulation 
images with computer vision methods for pCR prediction. This 
approach may simplify the process of decision making before 
radiotherapy, impact dose prescription, and assist with patient 
management. Our data show that every image set has hundreds 
of properties that may help to distinguish patients belonging to 
different categories like those with and without pCR. This sepa-
ration between patient groups was made using the CT simulation 
data, which is the initial step of radiation treatment preparation. 

In the current study, the most sensitive method to distinguish 
responders from non-responders was wavelet transformation 
features, Grey Level Size Zone Matrix, Neighboring Gray Tone 
Difference Matrix, Gray Level Dependence Matrix, and Gray 
Level Run Length Matrix. These parameters gave more than a 



50% of all predictive information as it had been shown by NNet 
predictive model with AUC 0.87. R-statistics permitted to build 
neural network with back propagation algorithm and different 
numbers hidden in layers with several neurons in the layers. 
R-statistics language packages allowed us to construct network 
similar to SPSS-created network performance. The accuracy of 
training phase has achieved accuracy to 0.79 and in the testing 
phase 0.63. Adding more layers and/or several neurons to the 

network improved training performance up to 0.99 of accuracy, 
but the testing stage has demonstrated poor prediction capability 
of approximately 0.50–0.55. The results were reproduced for dif-
ferent network architecture that may be explained by overfitting 
of the network. That leaves a very small error for the training 
stage but entering new data, like testing data set, gives a very 
large error. There are several ways to handle with the phenom-
enon like regularization, early stopping, or enlarging the sample 



size, but it is beyond the scope of this study. We used the different 
software packages to demonstrate the independent reproducibil-
ity of results proving our concept. These results were similar to 
those in random forest classification model. Using tuned model 
parameters, we have obtained very high training accuracy with 
good testing phase accuracy value (the script with used parame-
ters attached to supplement materials). The random forest model 
showed the predominance of wavelet features contributing into 
classification process. Selecting 10 of the result features with the 
most impact, it is easy to see 30% to 100% accurate classification 
data with the GLCM and GLDM types of wavelets. 

In logistic regression analysis using Wald algorithm with 
pCR as the dependent variable the model was created after 4th 
step including only 3 wavelets parameters: Neighboring Gray 
Tone Difference Matrix, Gray Level Dependence Matrix, Gray 
Level Co-occurrence Matrix.

Long-term bowel altered function, also known as low ante-
rior resection syndrome, even after modern surgery approach-
es and techniques is well describe in recent published materi-
als [25]. Analyzing CT simulation images allows the operator 
to select patients who may possibly have a better response 
and may enable identification of those who may require dose 
escalation approach in case of downstaging or near complete 
response, and those who will probably not respond to neoadju-
vant chemoradiation [7].

Our study was a single institution retrospective trial. The delinea-
tion of relevant structures was performed by trained staff, but there 
was some extent of bias, which was shown, is well known and 
described in radiotherapy literature. To mitigate the human factor 
and validate the results in the setting of radiotherapy CT simula-
tion images, additional larger multicenter studies are needed.

We showed the feasibility of using non-diagnostic CT images 
as a data source for texture analysis combined with wavelets 
features analysis for predicting pCR in locally advanced rec-
tal cancer patients. The performance of the supervised machine 
learning model shows the importance of including wavelets fea-
tures in radiomics analysis. 


