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Computed Tomography Scan and Clinical-based Complete Response
Prediction in Locally Advanced Rectal Cancer after Neoadjuvant

Chemoradiotherapy: A Machine Learning Approach

Abstract

Background: Treatment of locally advanced rectal cancer (LARC) involves neoadjuvant
chemoradiotherapy (nCRT), followed by total mesorectal excision. Examining the response to
treatment is one of the most important factors in the follow-up of patients; therefore, in this study,
radiomics patterns derived from pretreatment computed tomography images in rectal cancer and its
relationship with treatment response measurement criteria have been investigated. Methods: Fifty
patients with rectal adenocarcinoma who were candidates for nCRT and surgery were included.
The information obtained from the tumor surgical pathology report, including pathological T and
N, the degree of tumor differentiation, lymphovascular invasion, and perineural invasion along with
radiomics characteristics to each patient, was assessed. Modeling with disturbed forest model was
used for radiomics data. For other variables, Shapiro—Wilk, Chi-Square, and Pearson Chi-square tests
were used. Results: The participants of this study were 50 patients (23 males [46%] and 27 females
[54%]). There was no significant difference in the rate of response to neoadjuvant treatment in
between age and gender groups. According to the modeling based on combined clinical and
radiomics data together, area under the curves for the nonresponders and complete respond group
(responder group) was 0.97 and 0.99, respectively. Conclusion: Random forests modeling based on
combined radiomics and clinical characteristics of the pretreatment tumor images has the ability to
predict the response or non-response to neoadjuvant treatment in LARC to an acceptable extent.
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nodes. Treatment of locally advanced
rectal cancer (LARC) is challenging due to
necessity of invasive surgery which results
in severe morbidity. Therefore, accurate
clinical staging of the tumor before surgery
and as well as performing other treatment
modalities naming chemotherapy and
radiotherapy, along with surgery leads
to improvement of treatment results and
reduction of complications. Based on the
available evidence and studies, the accuracy
of magnetic resonance imaging (MRI)
and endoscopic ultrasonography (EUS) to
determine T and N of the tumor is quite
similar, but the less dependence of MRI
on the operator, made it modality of choice
for clinical staging of rectal cancer.’®! This
study is based on the features of computed
tomography (CT) because it is used for
radiation therapy treatment planning.
However, in this study, MRI imaging was

Introduction

Colorectal cancers are of the most common
cancers and of major causes of cancer
death in developing countries. These
cancers were the third most common
malignancy diagnosed and the second
cause of death due to cancer in 2020, as
the incidence of approximately 1.9 million
people and the death of 0.9 million people
in that year were attributed to this cancer,
globally."! Due to the known risk factors
of these cancers, such as obesity, reduced
activity, consumption of red meat, alcoholic
beverages, and tobacco; its incidence has
increased in recent years in developing
countries, including Iran.”’ The main
treatment of nonmetastatic rectal cancer is
surgical resection.®¥ This surgery should
include a safe normal tissue margin of the
primary tumor as well as regional lymph
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also used to better determine the extension of the tumor.
Although many more studies have used MR features, CT
can still be used in artificial intelligence (Al) studies.

Evaluating the degree of response to neoadjuvant
chemoradiotherapy (nCRT) preoperatively is one of the
most important and challenging factors in the treatment of
LARC patients. Researchers have not yet found an ideal
method to predict pathologic complete response (pCR)
following nCRT in the case of LARC in such a way that
patient can be exempted from total mesorectal resection
surgery by ensuring proper locoregional control.”!51 In
recent years, applying Al with radiomic features obtained
from imaging of MRI or CT after nCRT, this approach has
been shown to show superior prediction in terms of pCR.

At present omics studies or in general Medomics and specially
radiomics, a very bright perspective is put in front of us. The
process of radiomics analysis, after acquisition of the images of
a sort of cross sectional modality; includes tumor segmentation,
extraction of features, modeling and finally, validation. It has
been widely reported that radiomics features extracted from CT,
MR, and "*F-fluorodeoxyglucose-positron emission tomography/
CT images has been used as potential imaging biomarkers to
predict LARC response to nCRT.I'“!7 While morphological
features are based on tumor shape and size, voxel intensity
distribution features are based on first-order statistics. Second-
order texture features describe statistical inter-relationships
between neighbor voxels and finally higher-order features are
extracted after applying transformations on the basic images.!'*

Many machine learning (ML) algorithms can be applied
to represent the extracted features for problem solving.
Classification algorithms include, but are not limited to,
logistic regression, support vector machines (SVMs),
deep neural networks (DNNs), artificial neural network,
k-nearest neighbor, and random forests (RF).["*?! Since RF
has been used in many studies to predict pCR after nCRT
in rectal cancer patients.?!??]

Despite many studies that have been conducted in the
field of predicting the response to treatment in LARC,
conducting investigation on predicting treatment output
based on CT scan images, which are routinely performed
prior to radiotherapy, can help in planning strategies. In one
of the latest researches, it was shown that the best results
are obtained from the segmentation of the tumor, especially
the mesorectum.”?! In current study, we investigated
radiomics patterns derived from CT scan images of LARC
patients and their relationship with treatment response after
nCRT by ML modeling.

Materials and Methods
Patient series

Sixty-eight patients aged 25-75 years, referred to the
radiation oncology clinic, between 2019 and 2021 diagnosed
with American joint committee for cancer stage II and III

rectal adenocarcinoma based on colonoscopy and pathology
findings were subscribed. Patients were then planned to
receive nCRT followed by surgical resection. The nCRT
includes radiation of gross tumor volume (GTV) as well
as at risk regional lymph nodes including internal iliac,
presacral and distal common iliac chain to total dose of
50.4 Gy, prescribed daily, 5 days of the week; 1.8 Gy/day.
Concurrent chemotherapy prescribed to each patient contains
capecitabine (825 mg/m?) taken orally on days of radiation.
After 6-8 weeks following nCRT termination, patients
were referred for local resection. Because of the fact that
elapsed time until surgery and its effect on the pathological
response after nCRT treatment is still one of the challenges,
controversial, and research topics in rectal cancer,***% so
a total of 18 patients were excluded from the study due
to significant comorbidity, history of pelvic surgery or
radiation, treatment interruption for more than 5 consecutive
fractions or intolerability of at least 85% of a prescribed
chemotherapy regimen. Among the remaining 50 patients
who participated in this study, 23 patients (46%) and
27 patients (54%) were male and female, respectively.

Seven clinical data features included initial T and N of
the tumor, sex, tumor grade, lymphovascular invasion,
perineural invasion, and age of patients were chosen for
ML. Table 1 shows the patient demographics which was
used as clinical features in this study.

Image segmentation and feature extraction

On simulation CT images, the rectal GTV for each patient
was manually delineated by MRI and EUS guidance by a

Table 1: Summary of patients characteristics

Variables n=50, n (%)
Age, mean+SD 57.4£12.6
Female 27 (54)
Male 23 (46)
Clinical T stage
T2 22 (44)
T3 22 (44)
T4 6(12)
Clinical N stage
NO 6(12)
N1 17 (34)
N2 21 (42)
N3 6(12)
LVI 0 (38)
1(62)
PNI 0 (56)
1 (44)
Treatment response
Partial 34 (68)
Complete 8 (16)
No response 8 (16)

SD — Standard deviation; LVI — Lymphovascular invasion;
PNI — Perineural invasion
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radiation oncologist. All the CT images were imported into
open source 3D Slicer software version 4.8.0 (https:/slicer.
org). Feature selection process was performed yielding
mineable data by 3D Slicer software. PyRadiomics toolbox,
provided as an extension module in the 3D Slicer software,
was utilized to extract the radiomics features (RFs) from the
segmented region of interest in CT images. Herein, RFs were
derived from original CT images (i.e. no filter applied) as
well as after wavelet transform (all combinations of applying
either a high-pass or low-pass filter in each of the x-, y-,
and z-axis directions). Using the radiomics module, RFs
were extracted from CT images, including shape, first-order,
Gray-Level Co-occurrence Matrix, Gray-Level Dependence
Matrix, Gray-Level Run-Length Matrix, Gray-Level Size-
Zone Matrix, and Neighboring Gray-Tone Difference Matrix.
A total of 851 RFs was extracted using the original CT
images as well as after wavelet decomposition.

Feature selection and classifier model

Over-sampling method was used to duplicate the number of
samples (patient). By using Python software (v. 3.9), three
groups of data were used for modeling, which includes
modeling based on clinical data alone, radiomics data
alone, and all characteristics together. After standardization
of feature values, the Maximum Relevance Minimum
Redundancy (mRMR) algorithm was used as feature
selection method.?*

Finally, patients with complete, partial, and no response
were compared using three-class (Multi class) classification
and ML method. Random forest algorithm was applied
for fitting into the training dataset. We implemented
RF algorithm on the Python scikit-learn ML package
(version 0.20.4). Seventy percentage of all patients were
used for train phase, and 30% were used for test phase in
ML modeling.

For the purpose of internal validation, the master training
set randomly was split into a train set and a validation set
in an 70/30 proportion. The model was trained on the train
set, and its performance was assessed on the validation set,
with accuracy measured and recorded. This process was
repeated 100 times, selecting the model with the highest
accuracy as the final model. The corresponding best features
used in that model were also retained. Figure 1 shows the
flowchart of the modeling for better understanding.

Performance evaluation

The performance of the proposed prediction models was
assessed using the testing. The area under the receiver
operating characteristic (ROC) curve area under the curve
(AUC) was used to quantify the predictive values of the
models. In addition, the performance of predictive models
was also evaluated for each group of patients using
sensitivity, specificity, negative predictive value, positive
predictive value, and Fl-measure based on the confusion
matrices.

Results

Totally, 50 patients were selected to participate in this
study. The average (standard deviation) age of the patients
was 57.4 (12.6) with a range of 2675 years [Table 1].
The results of the Shapiro-Wilk test showed that the
age variable does not follow a normal distribution in the
sample.

Radiomics and clinical data were examined based on the
response rate to treatment. The heat map of the variables
and their variations including initial T and N, sex, tumor
grade, lympho-vascular invasion, peri-neural invasion, and
age of patients are shown in Figure 2.

Following nCRT and surgical resection, 34 patients (68%)
had a partial response and 8 patients (16%) had complete
response. In 8 patients (16%), no response or discase
progression occurred following nCRT.

Features selected with maximum relevance minimum
redundancy feature selection method

The top 10 mRMR-ranked CT scan image features were
selected to train random forest classifier, because using
fewer features can efficiently prevent overfitting. Ten
independent features which were selected among 851 radiomics
features were included: ‘“LargeDependenceEmphasis.3,”
“SizeZoneNonUniformityNormalized.5,” “Median.5,”
“GrayLevelNonUniformity.26,” “Mean.2,” “Contrast.13,”
“SizeZoneNonUniformityNormalized,” “10Percentile,” “Run
Variance.7” and “Interquartile Range.7.” All seven clinical
features were fed to the ML modeling.

Modeling based on clinical features alone

Clinical data features were analyzed by the modeling of
the clinical characteristics based on rate of response to
treatment. Figure 3 shows the ROC curve based on clinical
feature modeling alone. As it could be figured out, the best
prediction was found for the complete response group with
the AUC = 0.8.

F1 scores in this model for nonresponders, partial
responders, and complete responders were 0.52, 0.37, and
0, respectively. It is conclusive that modeling based on the
clinical data alone cannot create a reliable model to predict
response to nCRT.

Modeling based on radiomics features alone

In the next step, the above-mentioned 10 features of
radiomics were investigated by modeling based on
radiomics characteristics, according to the response rate
to treatment. Figure 4 shows the ROC curve based on the
radiomics feature modeling alone.

F1 scores in this model for none, partial, and complete
responders were 0.82, 0.69, and 0.80, respectively. The
relationship between the sensitivity and specificity of this
model in predicting the response in the three categories
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Patient cohort including 50 patients with gsg features ( 351 radiomic features, 7 clinical features )
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Figure 2: Heat map of radiomics and clinical features correlated to complete response. LVI — lymphovascular invasion; PNI — Perineural invasion

based on the response to treatment is shown in the  is concluded that modeling based on radiomics features
ROC curve. According to the graph, AUCs related to no  alone can be reliably predicted only in the complete
response, partial response, and complete response groups response group and partially in the group without response
were 0.94, 0.83, and 0.99, respectively. In this way, it to nCRT.
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Modeling based on the combination of all features

The last ML modeling was performed according to the all
radiomics and clinical features together. Figure 5 shows
ROC curves based on all features together. According
to these results, it is obviously understandable that the
combination of all radiomics and clinical features could
yield better prediction of response in all three groups.

Table 2 briefly compares the different scores obtained from
all features combination modeling. In this table, the result
of three respond categories is shown.

By comparing the evaluation for all groups of different
features, it could be found out that by using all feature
together, the performance of ML prediction increases.
Although because of the weakness of clinical features for
prediction, the difference between radiomics features alone
and all features is not significant.

Discussion

To preserve the organ in LARC and secure the patient’s
lifestyle, many studies have shown that using Al and
computer models can accurately predict pCR following
nCRT. In this study, we explored the feasibility of predicting
pCR in LARC patients using radiomics modeling extracted
from radiation therapy planning CT images. Based on the
results obtained from the present study, modeling based
on pretreatment CT radiomics and clinical features of the
primary GTV has the ability to predict the presence or
lack of response to nCRT in rectal cancer to an acceptable
extent.

As shown in Figures 3-5, in modeling from clinical
features only to radiomics features only, the statistical
results of prediction, precision, and accuracy were greatly
improved. Furthermore, by combining these two categories
of features together, the findings have become completely
more reliable. Eight patients out of 50 (16%) had pCR after
resection following nCRT by the disturbed forest model
with 80% accuracy. If it is shown that with clinical T stage
combined with Laplacian of Gaussian (LoG) transformed
intensity features of pretreatment CT and MRI, the best
possible result can be obtained.”!! Furthermore, modeling
based on radiomics data alone has the ability to predict
response to treatment. In contrast, modeling solely based
on tumor clinical data was not able to predict the response
or lack of response to treatment. However, our finding is
similar to Zheng-Yan Li’s study, which showed that no
differences were found in the clinical variables of sex, age,
BMI, TNM stage, CEA, CA199, and lesion area between
the responder and nonresponder groups.?*

In the study of Bibault ef al., 22 out of 95 rectal cancer
patients (23%) had pCR following nCRT.? The DNN
model predicted complete response with 80% accuracy,
which was better than the linear regression model (69.5%)
and the SVM model (71.58%). This situation in our study
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Figure 3: Receiver operating characteristic curve of sensitivity and
specificity based on modeling clinical features alone. Blue — No response,
Red - Partial response, Green — Complete response
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Figure 4: Receiver operating characteristic curve of sensitivity and
specificity based on modeling radiomics features alone. Blue — No
response, Red — Partial response, Green — Complete response
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Figure 5: Receiver operating characteristic curve of sensitivity and
specificity based on modeling clinical and radiomics features. Blue — No
response, Red — Partial response, Green — Complete response

was such that 8 (16%) patients had complete response. An
ensemble ML model was estimated to be more accurate
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Table 2: Sensitivity, specificity, positive predictive value, negative predictive value, F1 score and area under the curve
in modeling based on clinical data and radiomics features to predict treatment response rate

Groups Response Sensitivity Specificity PPV NPV F1 score AUC
Clinical No 0.67 0.38 0.43 0.81 0.52 0.74
features alone Partial 0.38 0.94 0.36 0.5 0.37 0.33
Complete 0.0 0.91 0.0 0.71 0.0 0.8
RFs alone No 0.78 0.95 0.87 091 0.82 0.94
Partial 0.61 0.88 0.8 0.75 0.69 0.83
Complete 1 0.82 0.67 1 0.8 0.99
All features No 1 0.95 0.9 1 0.94 0.97
Partial 0.84 0.57 0.91 0.88 0.6 0.9
Complete 0.87 0.95 0.87 1 0.87 0.99

PPV — Positive predictive value; NPV — Negative predictive value; AUC — Area under the curve; RFs — Radiomics features

(AUC: 092 and 0.89 for the training and validation
cohorts) than the logistic regression method (AUC: 0.72
and 0.71) for detecting patients who did not respond to
nCRT.*! In our study, in 8 (16%) patients, nonresponse or
disease progression occurred after nCRT (AUC: 0.97).

In some studies in this field, reduction of tumor stage was
reported. The main outcome measure of the study was
the rate of pathologic good response, defined as the sum
of tumor regression grade 3 and 4 according to Dworak’s
classification.?!]

In a more recent study of rectal cancer patients who had
nCRT, by using the features of CT images, a model which
is based on radiomics and clinical features was obtained
that could predict different survival modalities were
investigated. This prediction was based on two models of
neoadjuvant rectal score of minimum absolute shrinkage
and selection operator (LASSO) and survival models.®
Other approaches have been proposed, including different
segmentations in LARC, which showed a complete
response of 26.8% with synthetic minority over-sampling
technique.

Today, the problems of radiomics analysis even with the
same images and with different types of software are the
huge number of different features and variables that is
produced, since there are no standardized definitions of
features with a verifiable number of references.>?” This
study should be considered as a hypothesis-generating
study. Since it has been proved that a physician can just
notice about five variables while treating a patient, it is
necessary to involve physicists and computer professionals
in this field if clinical decision is desired to be made based
on radiomics features.**?*! The current study was conducted
with a sample size of 50 patients, which is relatively small.
More reliable data can be obtained by increasing the
sample size, obviously.

Conclusions

The potential role of radiomics features of CT imaging
has been highlighted in recent studies on rectal cancer. We
have presented an approach combining pretreatment CT

imaging radiomics features with clinical data to build a
disturbed forest model, predicting pCR in a single center
cohort of patients with LARC treated with nCRT, followed
by surgical resection. We found that this combined model
properly predicted pCR after nCRT in rectal cancer patients.
Finally, the result of the current study could be helpful
in treatment escalation in whom a complete response is
expected by pretreatment RM features.
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