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A B S T R A C T

Objectives: The aim of this study was to investigate and validate the performance of individual and ensemble
machine learning models (EMLMs) based on magnetic resonance imaging (MRI) to predict neo-adjuvant che-
moradiation therapy (nCRT) response in rectal cancer patients. We also aimed to study the effect of Laplacian of
Gaussian (LOG) filter on EMLMs predictive performance.
Methods: 98 rectal cancer patients were divided into a training (n= 53) and a validation set (n=45). All
patients underwent MRI a week before nCRT. Several features from intensity, shape and texture feature sets were
extracted from MR images. SVM, Bayesian network, neural network and KNN classifiers were used individually
and together for response prediction. Predictive performance was evaluated using the area under the receiver
operator characteristic (ROC) curve (AUC).
Results: Patients' nCRT responses included 17 patients with Grade 0, 28 with Grade 1, 34 with Grade 2, and 19
with Grade 3 according to AJCC/CAP pathologic grading. In without preprocessing MR Image the best result was
for Bayesian network classifier with AUC and accuracy of 75.2% and 80.9% respectively, which was confirmed
in the validation set with an AUC and accuracy of 74% and 79% respectively. In EMLMs the best result was for 4
(SVM.NN.BN.KNN) classifier EMLM with AUC and accuracy of 97.8% and 92.8% in testing and 95% and 90% in
validation set respectively.
Conclusions: In conclusion, we observed that machine learning methods can used to predict nCRT response in
patients with rectal cancer. Preprocessing LOG filters and EL models can improve the prediction process.

1. Introduction

Colorectal cancer is one of the most common malignancies and
cause of cancer related death in developing countries [1]. The standard
therapy approach for colorectal cancer is neo-adjuvant chemoradiation
therapy (nCRT) followed by total mesorectal excision (TME). Previous
studies have consistently demonstrated that TME is associated with
challenging therapy response. On the other hand, concerns still exist

regard the response assessment and prediction [2].
Response prediction in colorectal cancer therapy can be made using

histopathological examination of surgically resected specimens. By
advances in medical imaging and by introducing new imaging techni-
ques, interests have been found to have a non-invasive method for
cancer therapy response prediction. Several studies have identified the
potential roles of imaging modalities including magnetic resonance
imaging (MRI), positron emission tomography (PET) and computed
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tomography (CT) for therapy response evaluating in different cancers.
In regard to colorectal cancer, tumor regression grade (TRG) evaluation
by MRI is based on the size of the tumor and qualitative assessment of
change in signal intensity. Therefore, evaluation and detection of tumor
response at the early stage of nCRT would be beneficial to patient
treatment but change in size and qualitative features of tumor are not
apparent in early stages of therapy [3,4].

Early prediction of tumor response to therapy is of great value in
locally advanced rectal cancer patients to avoid ineffective treatment
and to get a chance to receive another beneficial treatment. More ac-
curate biomarkers for early prediction of Response to therapy can lead
to alteration of the initial treatment plan. Then to reduce treatment
morbidity and improve treatment performance qualified stratification
can be used. So, by early detection and prediction of patient's response
to therapy and based on a personalized treatment approach we can
divide patients into different prognostic groups. In patients with locally
advanced rectal cancer undergoing nCRT and surgery, 45% of patients
will require permanent colostomy. In these patients, Identification of
patients with a clinical complete response prior to surgery would enable
optimization of the surgical approach with “organ-preserving” proce-
dures, which would result in a reduction in surgical morbidity. As well
as, early detection of poor responders to nCRT in LARC patients would
provide the opportunity for these patients to proceed directly to surgery
thereby avoiding morbidity of nCRT or for intensified treatment regi-
mens [5–7]. In recent years, evidence showing that qualitative para-
meters obtained by medical images texture analysis, reflecting the
spatial variation and heterogeneity of voxel intensities within a tumor,
may led to additional predictive and prognostic information for better
tissue characterization as well as personalization of cancer treatment in
the clinic [8–10].

Recently, a considerable amount of data has been published on
radiomics, which aims to quantify tumor heterogeneity by mineable
data extracted from tumor images. Previous radiomics studies have
indicated that image features extracted from different medical images
could predict nCRT response in the rectal cancer patients [11–13]. Also
the ability of radiomic features as the potential biomarkers, have been
investigated in breast cancer, prostate cancer, cerebral gliomas, head
and neck cancer and liver diseases [14–19].

Based on several radiomics studies, a wide range of machine
learning (ML) algorithms have been applied on radiomic features for
feature selection and classification. Studies have proved that the se-
lected ML algorithm has a great impact on prognostic/predictive per-
formance of developed radiomic models [20–22]. As new approach,
ensemble learning (EL) has shown great potential in different radiomic
studies such as skin, head and neck and colorectal cancer [23–26].

EL method is a machine learning process formed by fusing an array
of individual classifiers to get better prediction performance. It works
by merging multiple machine learning models into a single model
which helps to avoid over fitting and encourages generalization of the
predictor. In addition to improved prediction performance, models
combination also remove the difficulty in choosing the models with the
best prognostic/predictive performance. Each individual classifier used
in the construction of the overall ensemble model will have its own
performance strengths, resulting in powerful and more accurate pre-
dictions when these machine learning models are used in combination
[27–30].

In the present study, we aimed to investigate and validate different
individual and ensemble ML algorithms on radiomic features extracted
from rectal MRI to find best predictive models. Also the effect of
Laplacian of Gaussian (LOG) filter on EMLMs predictive performance
was studied.

2. Materials and methods

The overall framework of this study was depicted in Fig. 1. In the
below, different phases of study are outlined.

2.1. Patient data

This prospective study was approved by ethics committee of Iran
and Tehran University of Medical Sciences and informed consent re-
quirement was waived. 98 patients who met the inclusion criteria were
divided into two groups including training dataset with 53 patients and
the validation dataset with 45 patients from October 2016 to Jun 2018.
To reduce the imaging protocol and treatment system effect on image
features all patients of training and validation groups were selected
randomly from same treatment and imaging center with same inclusion
criteria. Inclusion criteria were location of tumor within 15 cm above
anal verge, tumor penetration to perirectal fat (cT3–4) or lymph node
involvement, age≤ 80 years, WHO performance status of 0–2, normal
CBC, liver and renal function tests and lack of any prior treatment for
the disease. Varian Clinac 2100C system (Varian Medical Systems, Palo
Alto, CA, USA) is used for radiation therapy. All patient received con-
current nCRT. They received 45–46 Gy external beam radiation in
23–25 fractions with 18 MV photons to the tumor and loco regional
disease including pre-sacral and internal iliac lymph nodes with a boost
to the tumor for a total of 50–50.4 Gy, concurrent capecitabine at
825mg/m2 twice daily.

2.2. Image acquisition:

All images were acquired a week before nCRT on a 3.0-T MRI
system (Tesla-Trio, Siemens Healthcare, Germany). A 32-channel pelvic
phased array coil was used for signal reception. Transverse, coronal and
sagittal T2W-weighted were acquired with same protocol as follows:
turbo spin echo (TSE) sequence, repetition time/echo (msec) 4800/97,
2D acquisition, signal average (NSA) 3, acceleration factor 2, phase
resolution 70, section thickness 3mm, intersection gap 0.8mm, field of
view 35 cm, and matrix, 256× 248.

2.3. Tumor segmentation

Segmentation of rectal tumor tissues on the axial T2w MR images
was done by two readers: a ten years’ experience radiation oncologist,
and a fifteen years’ experience radiologist using a designated 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/). Tumor tissues were first reviewed in all slices and then
were drawn on the T2W images. All the tumor sites were segmented on
every MR image creating a volume of interest (VOI).

2.4. Preprocessing and feature extraction

Texture analysis used to quantify the spatial variations in gray level
values within an image and thus can provide useful quantitative in-
formation of medical images for prognostic/predictive Targets.
However, they are sensitive to data acquisition conditions due to the
use of different protocols and to intra- and inter-scanner variations in
the MR Imaging. Accordingly, Before feature extraction and in order to
noise reduction, intensity normalization and discretization, all MR
images were pre-processed by the method proposed by Collewet et al.
and also discretization to 64 Gy levels. In 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 [31].

Also, to test the filter effect on radiomic model performance, we
applied our feature extraction on T2W MR Images with and without
processing filters. The filters were including Laplacian-of-Gaussian
(LOG) filter with sigma 0.5 and 1.5. For preprocessing with LOG filters
and 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 in-
tensity, shape and texture based features were extracted from processed
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and un-processed T2W MR Images. Extracted features included shape
features (n= 17) [32], intensity histogram features (n=9), intensity
direct (n= 19), neighbor intensity difference (n=5), co-occurrence
matrix features (n=19), and gray level run-length matrix features
(n=11) [33–36].

2.5. Feature selection

In ML you need not use every feature at your access for creating a
prediction algorithm. You can design your algorithm by using really
relevant and robust features. In order to 1 – enable the ML model to
train faster 2 – reduce the complexity of a model for easer interpretation
3 – improve the accuracy of a model with right subset selection and 4 –
overcome overfitting issue, identify and remove unneeded, irrelevant
and redundant features that do not contribute to the accuracy of a
predictive model. To provide faster and more cost-effective models, we
used Pearson’s chi-square X2 algorithm. Feature selection was per-
formed by SPSS Modeler 18 software (IBM Corp., Armonk, NY, USA).

2.6. Response assessment

For all patients surgery was done 4–8weeks after nCRT. After
inking, the specimens were fixed in formalin for 24 h. The whole tumor
and mesorectum were serially sliced, axially, at 3 mm intervals, and
treatment response was assessed according to the 4-category American
Joint Committee on Cancer and College of American Pathologists
(AJCC/CAP). All surgically resected specimens were histopathologi-
cally examined and analyzed by an experienced pathologist. The TRG
according to AJCC/CAP was established as the following: grade 0
(Pathologic Complete Response (PCR)): is defined as no viable cancer
cell, grade: 1 (moderate response): means single cells or small groups of
cancer cells, grade 2 (minimal response): is residual cancer outgrown by
fibrosis and grade 3 (poor response): is fibrosis outgrown by residual
cancer [37–39]. Patients were divided into either the responder (Grade
0 or Grade 1) or non-responder (Grade 2 or Grade 3) group according to
according to AJCC/CAP pathologic grading.

2.7. Univariate radiomic analysis

For univariate analysis, significant radiomic features were selected
and a logistic regression classifier was used to find their predictive
performance (based on AUC). Also, these features were compared

between responder and non-responder groups. A paired t-test was
performed to assess the significance of the differences between two
groups. Statistical significance was assumed if p < 0.05 and all re-
ported p-values are two-sided.

2.8. Multivariate radiomic analysis

For multivariable radiomic modelling, we separated responder from
non-responder groups by using four individual classifiers separately,
including support vector machine (SVM), Bayesian network (BN),
neural network (NN) and K nearest neighbor (KNN). In addition, en-
semble learning models are used to raise individual performance of
multiple classifiers via information fusion in the ensemble learning
methods (Table 1) [40,41]. All classifications were performed by SPSS
Modeler 18 software (IBM Corp., Armonk, NY, USA). Predictive per-
formance was evaluated using the area under the receiver operator
characteristic (ROC) curve (AUC) and accuracy. Independent MR
Images (n= 45) is used for external validation.

For the training and external validation sets, Student’s t-test was
used to assess differences in the imaging parameters between the two
groups. A P value of less than 0.05 was considered statistically sig-
nificant. Statistical analyses were performed using statistical software
(R version 3.5.1, R Core Team, Vienna, Austria).

Fig. 1. Overall framework of study.

Table 1
Individual and boosted models tested in this study for nCRT response prediction
in advanced rectal cancer patients.

N of combined classifiers Model type Used machine learning models

1 Individual SVM
1 Individual NN
1 Individual BN
1 Individual KNN
2 Ensemble SVM.NN
2 Ensemble SVM.BN
2 Ensemble SVM.KNN
2 Ensemble NN.BN
2 Ensemble NN.KNN
2 Ensemble BN.KNN
3 Ensemble SVM.NN.BN
3 Ensemble SVM.NN.KNN
3 Ensemble SVM.BN.KNN
3 Ensemble NN.BN.KNN
4 Ensemble SVM.NN.BN.KNN
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3. Results

3.1. Patients and response

98 patients (63 men; mean age, 67.01 years; age range, 31–80 years;
35 women; mean age, 55.3 years; age range, 27–67 years) with local
advanced rectal cancer were included in the study. 45 patients (17
patients with Grade 0, 28 patients with Grade 1) have been found as
responder and 53 patients (34 patients with Grade 2, and 19 patients
with Grade 3) have no response to nCRT according to AJCC/CAP pa-
thologic grading. Patient data was detailed in table 2. There was no
difference between the training dataset and the validation dataset in the
clinicopathologic characteristics (p=0.428–0.523).

3.2. Radiomic analysis

Several radiomic features were selected as highly correlated with
therapy response. Our univariate analysis showed that eleven radiomic
features have high correlation with nCRT response. We found that all
eleven top radiomic features are from co-occurrence matrix (COM)
feature set. The results on AUC logistic regression classifier for these

feature are shown in Fig. 2. As was seen, the feature Dissimilarity has
the highest performance (AUC, 0.65) followed by Sum Average (AUC,
0.64), Inter Quartile Range (AUC, 0.63), Cluster Tendency (AUC, 0.63),
Variance (AUC, 0.63) and Cluster Prominence (AUC, 0.61).

Results on selected radiomic feature values between responder and
non-responder groups were shown in Fig. 3. As was shown, although
there are differences among features between two groups, but there are
no significant differences between two groups in all features (p-
value > 0.05).

For multivariate radiomic modelling, our results were shown in
Table 3 for testing and external validation dataset. For each pat of
multivariate analysis, feature selection algorithm is used to select most
robust features from 11 top features of univariate analysis. Classifica-
tion for all ML models have been done using 4 top ranked features. For
individual ML classification, BN classifier with AUC 75.2% was found as
high predictive model for un-processed T2W image features, followed
by KNN (AUC, 73.40), NN (AUC, 71.30), and SVM (AUC, 68). These
result were confirmed in validation dataset with AUC of BN (74%), KNN
(73%), NN (70%), and SVM (72%) (Fig. 4). Our result on pre-processed
images showed that LOG filter improves the classifiers performance. For
images pre-processed with σ=0.5, our results showed that KNN clas-
sifier is more predictive rather than other models (AUC, 86.60 training
set, 81.7 validation set). In regard to σ=1.5, BN classifier had the
highest performance (AUC, 0.92 training set, 87.8 validation set)
(Fig. 5).

In regard to ensemble learning for response prediction, our results
for training and validation datasets are summarized in Table 4. As was
shown, ensemble learning provided by combination of four and three
classifiers are resulted in high predictive models in all un-processed and
processed images. For un-processed images, SVM.NN.BN.KNN (AUC,
0.926, training set, 0.90 validation set) and SVM.BN.KNN (AUC, 0.926
training set, 0.884 validation set) were found as high predictive models,
followed by NN.BN.KNN (AUC, 0.923, training set, 0.872 validation
set), and SVM.NN.KNN (AUC, 0.89, training set, 0.864 validation set)
(Figs. 6 and 7).

For processed images also, SVM.NN.BN.KNN had the highest per-
formance. When we compared ensemble learning applied on processed
and un-processed, it was found that, processing will result in more
predictive models and processing using high filter value (σ=1.5) will

Table 2
Patient characteristics.

Demographics Training dataset Validation dataset

Gender (N [%])
Male 33 [62.3] 30 [66.6]
Female 20 [37.7] 15 [33.4]
Total 53 [54.1] 45 [45.9]

Age (N [%])
18–40 14 [26.4] 10 [22.2]
41–60 17 [32.1] 16 [35.6]
> 61 22 [41.5] 19 [42.2]

Response (N [%])
Grade 0 9 [17] 8 [17.7]
Grade 1 15 [28.3] 13 [29]
Grade 2 19 [35.8] 15 [33.3]
Grade 3 10 [18.9] 9 [20]

Fig. 2. Selected radiomic feature performances.
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lead to develop models with higher performances.

4. Discussion

In the present study, we developed several MRI based ensemble and
individual learning method to predict rectal cancer response to nCRT.
We demonstrated the efficacy of these methods in therapy response
prediction. We also found that ensemble learning classification will
result in more predictive models rather than individual issues. In
overall, our results showed the AUC more than 70% in all ML methods.
We also found that among individual ML methods, BN seems to be the
best model for response prediction (AUC, 75.2%) which is consistent
with previous studies [15,29].

In this study the best performance for response prediction obtained
using gray level co-occurrence matrix texture features. In univariate
analysis, we used feature selection algorithm to select robust features
with highest performance. In this stage, 11 features selected and all of
them were from gray level co-occurrence matrix texture features.
Previous studies have shown the feasibility of radiomic modelling in
rectal cancer. Nie et al. found that radiomic features extracted from T1/
T2W, diffusion-weighted MRI (DWI) and dynamic contrast-enhanced
(DCE) MR images could enhance the predictive power of pathologic
response after preoperative nCRT for locally advanced rectal cancer
(LARC) [42]. They used artificial neural network for classification. In
another study, Meng et al., used MRI texture analysis for nCRT response
prediction and found several textures such as standard Deviation (SD),

Fig. 3. Selected feature values between responder and non-responder groups.

Table 3
AUC and accuracy of different individual classifiers for T2W MR Images without and with (σ=0.5 and σ=1.5) preprocessing LOG filters.

Filter value Training dataset Validation dataset

SVM KNN NN BN SVM KNN NN BN

AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy

No filtration 0.68 0.73 0.73 0.74 0.71 0.74 0.75 0.81 0.72 0.71 0.73 0.70 0.70 0.76 0.74 0.78
σ=0.5 0.76 0.76 0.87 0.80 0.85 0.76 0.81 0.76 0.71 0.75 0.82 0.71 0.71 0.70 0.80 0.80
σ=1.5 0.89 0.79 0.91 0.83 0.88 0.80 0.92 0.83 0.88 0.78 0.83 0.78 0.87 0.79 0.88 0.81
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kurtosis, energy, and uniformity were statistically different between
responder and non-responder groups [12].

Ensemble learning is statistical ML paradigm that combines results
from multiple models to create a single and optimal prediction tool.
Ensemble learning method raises the performance of individual classi-
fiers via integration of their shared and complementary information

and data fusion. In this study we used boosted classifier based on 2, 3
and 4 classifier ensemble learning method. All boosted methods im-
proved the performance of models and the best AUC and accuracy was
for 3 and 4 classifier ensemble learning methods with fine and coarse
LOG filters. The application of ensemble learning in radiomics is new
and is reported in some few previous studies. Lu et al. applied this

Fig. 4. AUC of KNN, BN, NN and SVM classifiers for T2WMR images without preprocessing LOG filter. A: Training dataset. B: validation dataset.

Fig. 5. AUC of KNN, BN, NN and SVM classifiers for T2WMR images with 1.5 value preprocessing LOG filter. A: Training dataset. B: validation dataset.
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method on MR images to predict molecular subtyping in Glioma cancer
patients and found that ensemble learning has better performance when
single models fail. Also, Dorani et al. used ensemble learning method
for detecting gene-gene interactions in colorectal cancer. They com-
bined random forests and gradient machine learning classifiers to
search for single-nucleotide polymorphisms that contribute to the dis-
ease risk through non-additive gene-gene interactions. They found that,
ML algorithms have powerful abilities of modeling complex relation-
ships between a large number of features. Also they found a novel de-
sign of an informatics framework of using two ensemble learning al-
gorithms to search for interacting genetic factors associated with cancer
witch may help us better understand the etiology of colorectal cancer
[29]. Pearson et al used ensemble ML to predict treatment outcomes
following an Internet intervention for depression. In this study an
elastic net and random forest algorithms were used for treatment pre-
diction in 283 patients from USA. Finally they found that, ensemble ML
may be a promising statistical approach for identifying the cumulative
contribution of many weak predictors to psychosocial depression

treatment response [30]. In another study, ensemble learning and MR
images was recruited for computed assisted diagnosis of Glioma
[43–45].

As an interesting part of our study, we demonstrated the great im-
pact of LOG filter on predictive model performance. We found that LOG
filter with higher sigma value will lead to more predictive power
models. The application of LOG filtering has reported by several
radiomic studies. In a study by Chee et al. they demonstrated the fea-
sibility of coarse LOG filter (sigma value, 2.5) for response prediction in
advanced rectal cancer by CT texture radiomics. Also, De Cecco et al
investigate the ability of filtered and unfiltered T2w MR Images for
response prediction in rectal cancer patients. They found that, medium
texture-scale quantified as kurtosis was significantly low in the pCR
patients and Mid treatment kurtosis without filtration was significantly
high in pCR patients and Finally, texture parameters can be used as
response prediction biomarker in rectal cancer patients. Our results also
were interesting, when we used LOG filter and ensemble learning as a
combination rule to improve prediction performance [1,9,46–48].

Table 4
AUC and accuracy of ensemble learning models for T2W MR Images without and with (σ=0.5 and σ=1.5) preprocessing LOG filters.

Boosted method Training dataset Validation dataset

No filtration Fine (0.5) Coarse (1.5) No filtration Fine (0.5) Coarse (1.5)

AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy

SVM.NN 0.70 0.76 0.78 0.78 0.91 0.81 0.73 0.73 0.77 0.77 0.90 0.78
SVM.BN 0.88 0.78 0.86 0.74 0.91 0.81 0.88 0.75 0.87 0.72 0.89 0.80
SVM.KNN 0.84 0.74 0.91 0.80 0.91 0.81 0.83 0.75 0.84 0.81 0.90 0.78
NN.BN 0.83 0.71 0.88 0.79 0.93 0.83 0.81 0.70 0.87 0.78 0.90 0.81
NN.KNN 0.83 0.74 0.89 0.85 0.93 0.86 0.81 0.72 0.89 0.82 0.91 0.79
BN.KNN 0.83 0.71 0.90 0.79 0.094 0.83 0.80 0.73 0.88 0.77 0.092 0.81
SVM.NN.BN 0.88 0.76 0.84 0.74 0.92 0.83 0.88 0.74 0.82 0.76 0.94 0.82
SVM.NN.KNN 0.89 0.73 0.90 0.76 0.90 0.83 0.86 0.75 0.89 0.77 0.88 0.83
SVM.BN.KNN 0.92 0.86 0.91 0.83 0.92 0.83 0.88 0.88 0.88 0.84 0.91 0.81
NN.BN.KNN 0.92 0.84 0.91 0.80 0.93 0.88 0.87 0.84 0.89 0.79 0.95 0.88
SVM.NN.BN.KNN 0.93 0.82 0.98 0.93 0.97 0.93 0.90 0.89 0.95 0.90 0.94 0.91

Fig. 6. AUC for 4 classifier ensemble learning method (SVM, NN, BN and KNN) with 0.5 value LOG filter in T2W MR Images. A: Training dataset. B: validation dataset.
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Although our results are significant, but this study suffers from some
limitation. First, the small sample size of 98 patients. Further studies
with a large patient data is warranted to verify our results. Also, for
multivariate analysis only 4 top features were used for classification.
With 4 features and 53 patients the probability of over fitting is very
low. In some part of our study, result for validation data set with 45
patient is better than tanning data set with 53 patients but in all sec-
tions difference between them in not significant and our result is ap-
proved in validation data set. Second, feature robustness and re-
producibility. Based on several studies, radiomic feature are vulnerable
against some challenges including image acquisition, reconstruction,
segmentation and processing. Another limitation of our study is in-
tensity Non-uniformity and with B1+ and B0 maps for each slice that
are used to perform a proper spatial intensity uniformity correction can
be reduced. Even when giving a dose of MRI contrast one should ac-
count for variations in spatial non-uniformity caused by scanner cali-
bration [49–52].

5. Conclusion

In conclusion, the results presented here, showed that T2W MR
imaging features can be used for response predicting in rectal cancer
patients undergoing nCRT. We observed that preprocessing LOG filters
and ensemble learning models can improve the prediction perfor-
mances particularly with preprocessing LOG filter with higher value.
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