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Abstract
The study aims to investigate whether multiparametric magnetic
resonance imaging (MRI) radiomic features can be used for predicting
the patients’ outcome after specific therapy. In this work, radiomics
predictive models based on pre-treatment multiparameter magnetic
resonance imaging (MRI) features and clinical features are developed
and validated. Thirty-eight patients datasets(training dataset, n =
30; test dataset, n = 8) are enrolled in this study. A total of 254
imaging features are extracted from pre-treatment T2-weighted (T2-w)
for each patient. Two feature selection methods, including Analysis of
Variance(ANOVA) and Xgboost, are performed to select key features.
Combining individual general information, predictors for the models
are constructed. Machine learning models SVM, neural network and
tree-based methods are trained and tested. The predictive performance
is evaluated mainly by accuracy. The results show the best accuracy
is 50% based on current datasets.
However, this is mostly because the dataset used is too small. This
study still demonstrated how radiomics features on MRI could be used
to predict the patient’s outcome, showing the possibility for future
work.
Key Points Radiomics analysis, Feature selection, Machine learning
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Introduction

The rectum is the last straight part of the large intestine in humans. Cancer
developed from the rectum is called colorectal cancer or rectal cancer, being
one of the most common types of cancer in Sweden. Radiation therapy is
one of the most often used treatments of tumors. Patients with rectal cancer would be treated with radiation therapy to kill malignant cells before
surgery. However, it is unknown whether or not there are effects after a
radiation therapy. There are currently no methods to accurately predict the
outcome of radiation therapy for a patient.
Magnetic resonance imaging (MRI) is a medical imaging technique that
can be used to noninvasively capture three-dimensional images of the inside
of the human body. MRI is performed by atoms’ resonance that sensitive
receivers can detect signal when the atoms return to the rest position. It
is more healthy because of no known harmful effects and no ionizing radiation and provides good contrast between different soft tissues. It is also
flexible that different pulse sequences give a different contrast. As shown in
Fig. 1, an MRI image represents a cross-sectional screenshot of a location
of the patient. Professionals can obtain a continuous series of MRI images.
Doctors can figure out the tumour regions by eyes. The yellow line in the
figures is drawn by experienced radiologists to segment the tumours out of
a healthy region. There are three classes of MRI sequences, including T1
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weighted, T2 weighted, and diffusion-weighted. It is easy to highlight the
fat tissue within the body according to T1 weighted images. Meanwhile, it
is easy to see both the water and fat tissue with the body according to T2
weighted images. Diffusion-weighted images assess water molecules move
around within the tissue, and it is used to distinguish between tumours, cell
swelling and edema.
Most visual information from MRI data such as tumor volume, tumor height,
depth of tumor penetration, absence of extra-mural venous invasion, and
some first-order features cannot give us an accurate prediction of the outcome of a specific therapy [14].

Figure 1: A T2M image of a patient
Radiomics is proposed to extract high-level quantitative features associated with tumor heterogeneity and organs, from MRI images. Some metrics have been evaluated to assess the outcome of treatment, and prognosis [5] [7] [3]. The analysis of Radiomic´s texture can reflect an imaging
intra- and inter-tumoral spatial and temporal heterogeneity associated with
genomic heterogeneity in the primary tumor and its metastases. As shown
in Figure 2 there are generally four steps in radiomics workflow.
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Figure 2: The workflow of radiomics
Image acquisition and segmentation: Image acquisition is firstly performed to collect various MRI sequences data before segmentation. Then
tumor regions can be segmented from images in different ways. Generally
experienced radiologists draw the boundary of tumor, which is called the
region of interest(ROI). Moreover, pre-trained deep learning models such as
U-Net [9] can be utilized to segment tumors automatically in one pipeline.
Feature extraction Radiomics features are calculated automatically in
this step from pairs of segmented MRI images and unsegmented MRI images.
First-order, second-order, transform analysis, and structural analysis are
four main texture metrics useful in prediction. First-order features include
volume, maximum, minimum, and mean/median values. Second-order features consist of contrast, energy, entropy, and grey-level co-occurrence matrix. Transform-based features are the metrics after some transformations
such as Fourier, wavelets, discrete cosine. The structural-based analysis is
performed by decomposing an image into basic units [13].
Feature selection Feature selection can overcome the overfitting problem
and reduce the computation cost in time. The feature matrix is decreased to
a low-dimension matrix, according to some evaluations such as importance
to the prediction, and relevance to each other features.
Statistical analysis Prediction models are designed to learn from selected
data and then estimate the outcome of radiation therapy for a patient. Sta4

tistical analysis and machine learning are two main approaches used to build
models.
In this project, we utilize radiomics to evaluate whether the provided dataset
could be used to estimate the effect of therapies on patients with rectal cancer and whether there are methods useful in accurate predicting. And we
also review the literature on radiomics and deep learning applied to this
problem. The division of radiology, Uppsala University, provides a dataset
of MRI scans of patients with colorectal cancer has been collected, both preand post-neoadjuvant therapy (preoperative radiotherapy, alone or with concomitant chemotherapy). There are 65 patients’ MRI data and 79 results.
However, there are 38 patients’ data are complete finally after filtering abnormal samples. For each patient, we have its T2M, T2U, T2M+, DifU,
T1U, and T2Mfrisk MRI images, where T2M+ involves uncertain tumor
labels and T2Mfrisk shows healthy regions and DifU subset show diffusion
weighted MRI images. We also have patients’ basic information such as
gender, years and the patient ID. Moreover, we also have an outcome list
showing each patient’s status after therapy. There are four classes of outcome including small response, no response, complete response, and major
response as shown in Figure 3. Because there is only one sample which is
No Response, we do not consider this class of data.
All codes are published in Github1 .

Figure 3: The distribution of dataset
1

https://github.com/nanguoyu/PredictionFromMRIinColorectalCancer
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2

Related work

In this section, we introduce the state-of-art radiomics.

2.1

Feature extraction

The appreciate combinations of features extracted from MRI images are
different. It is meaningful to find suitable features in a specifical dataset.
The authors of [2] utilize MatLab to extract 746 features, including histogram measures, gradient operators, Haralick co-occurrence features, Gabor wavelet responses, Laws energy responses, and gradient organization
operators. They also compute statistical descriptors (median, variance, kurtosis, skewness) of the radiomics feature distributions as additional features.
Normalization on features is a general step to reduce the influence of different range. In [12], images are normalized before feature extraction. What’s
more, the authors also remove outliers. PyRadiomic toolbox is then used
to extract 623 intensity and texture features as well as 13 shape descriptors
from non-resegmented DWI-based segmentation.

2.2

Feature selection

There are mainly two classes of feature selection algorithms. They are supervised methods and unsupervised methods. Filtering and wrapper are
the two categories of supervised methods. Filtering methods are univariate that only consider the relationship between features and labels but not
the relationship among features and their redundancy. Wrapper methods
compute the performance score of a subset features, where the score is the
weighted sum of both relevancy and redundancy. As a result, it has a high
computational cost [1]
The main idea of unsupervised feature selection is to reduce the dimension of the feature matrix according to their inter-relationship. The authors
of [12] utilize minimum Redundancy Maximum Relevance(mRMR), to select features. mRMR is an algorithm used to identify and remove redundant
variables, based on mutual information [6].

2.3

Classification model in radiomics

Machine learning methods are used in radiomics. Models are trained on a
dataset to predict the clinical outcome. The common models include Random Forest, Support Vector Machine, Neural Network, K-nearest neighbour,
Decision Tree, and Naive Bayes.
In [15], radiomics signature and the associated clinical variables are both
fed into a multivariate logistic regression classifier by a combined model.
6

They achieved NPV of 92.2% in the validation dataset. The authors of [4]
use radiomics nomogram as a predictor and train it on a dataset with 131
patients, and finally obtain 96.6% on the validation dataset with 55 patients.
Moreover, Deep learning-based Radiomics get its attraction from scientists
because of the ability of deep convolution neural network to extract deep features from MRI images, based on pre-trained models on other image datasets
such as ImageNet. Transfer learning is performed to help neural network
to understand high-level information from images without been training on
radiomic dataset, which is hard to collect enough patients’ data.

3

Methods

In this section, we introduce our work in detail. The content is partitioned
according to our workflow: data pre-processing, feature extraction, feature
selection, and prediction models. Figure 4 shows the feature selections and
models we implemented in our project.

Figure 4: Feature selection and models

3.1

Data pre-processing

The original MRI image dataset consists of segmented images like Figure
5(a). A segmented map of the original MRI image is generated in Figure
5(b), where the colourful outline is assigned 1, and other pixels are assigned
0. To indicate the whole tumour region, an algorithm is used to fill the
tumor region surrounded by the yellow lines, as it is shown in Figure 5(c).
After filling the segmented regions, T2U and T2M images are both utilized
in this project and converted into a single Nrrd file from a series of MRI
image. Meanwhile, clinical information and scanning parameters including
spacings and thicknesses, are added into Nrrd files. In addition, we drop
out the samples with inconsistent numbers of images in T2U and T2M, for
computing the features. We also do not use the samples without T2M or

7

(a) A segmented image with (b) The outline of a tumor
colorful outlines.

(c) Filled tumor region

Figure 5: A segmented image shown in three ways
T2U images. The patient’s response to treatment is the outcome predict.
There are four pre-defined classes of outcome including small response, no
response, complete response, and major response
In order to evaluate the models in our project and compare them with
the models of group-18a, we randomly select the following patients whose
id are 1,8,13,20,40,44,49, and 55. Then we utilize different models to train
the remained data. A 4-fold Cross-validation is used to evaluate the trained
models on a smaller dataset. Each time, 25% of the remained data is for
validation, and the rest for training. There is no overlapping data between
folds.

3.2

Feature extraction

In this project, Pyradiomics [11], a Python toolbox, is used to compute the
features that we need. As shown in Appendix A, there is a feature list
containing 254 features extracted from MRI images and the corresponding
log-transformation parameters. In detail, all first-order features are used,
and 20 features based on Grey-Level Co-occurrence Matrix (GLCM) also
are included with the original Nrrd files and the Nrrd files after log transformation. Then 0-1 normalization is performed to reduce the effects of various
ranges of features. There is a feature list in Appendix A, showing the names
of each feature and the corresponding log-transformation parameters.

3.3

Feature selection

The feature selection in this project is performed on extracted features
dataset of 38 patients. To generate reasonable and stable prediction and
8

control overfitting, we tried two methods of feature selection, respectively.
These two methods are based on correlation analysis, showing the correlation between features and targets.
One of the methods we chose is the Analysis of Variance(ANOVA) [10].
Since the extracted features are numerical values, and the targets are categorical, ANOVA is suitable to be applied to this classification problem. This
method is used to analyse the differences among group means in a dataset.
It provides a statistical test of whether the variance is significantly different among and within groups. The null hypothesis in this test is that the
population means of all sample groups are the same, and the alternative
hypothesis is that not all group means are equal. So in this method, we
produce an F-statistic, which is the ratio of between and within group variance. If the F value is large enough, then there is strong enough confidence
to reject the null hypothesis. It means that the distribution of the data
shows differences in different groups. Otherwise those features with similar
distribution, which are independent of the target variable, can be removed
from the dataset. So in our work, the F value is calculated for each feature,
and the features are ranked by their F values in the descending order.

Figure 6: Example for analysis of variance for one feature
Another feature selection method used here is XGboost. XGBoost is
performed to generate a baseline of prediction and the features’ importance.
The theory of the algorithm would be introduced in the next section together
with classification.
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3.4
3.4.1

Prediction models
Tree-based model

The tree-based method is a classification method to partition the input space
into disjoint regions. In order to find a good partition, a greedy search algorithm, recursive binary splitting, is used to select features according to error
measures. The common error measures are Misclassification error, Entropy,
and Gini index. As shown in the Figure 7, there is a binary classification
tree on a dataset with two features x1 and x2 . Most blue samples are successfully classified by the first split. Then the second partition splits the
samples marked as red. In this way, the prediction accuracy will increase
as the tree grows deeply. However, with the increase of the depth of the
tree, the results are in small bias but high variance. Pruning is one possible
method to solve this problem to grew deep firstly and then prune into a
smaller tree. Besides, boosting and bagging are also useful to reduce the
high variance.

Figure 7: Split input space [8]
The main idea of boosting is to learn base models sequentially and reweight datasets to correct the mistakes from previous weak models. The base
model can be a simple tree. We use tree-based methods with boosting on
this project. XGBoost, a Python toolbox, is used in the tree-based method
with gradient boosting. Gradient boosting is to minimize the error with
gradient descent optimization on the loss function. In this way, gradient
boosting simulate gradient descent on the modeli to the direction with a
negative gradient of the loss function to decrease the loss value in modeli+1 .
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3.5

Support vector machine

Support vector machine is to find a hyper-plane that splits the dataset in
input space. The dimension of this space is equal to the number of features.
In binary classification, the target is to maximize the marginal between two
classes. There are some samples close to the hyper-plane and called support vectors determining the position and direction of the hyper-plane. The
Kernel function is utilized to find support vector classifier by computing the
relationship between two points in high dimension. As shown in Figure 8, a
hyper-plane in the middle of separation margin splits black and white data
points into two clusters.

Figure 8: Split data in two dimensions
In this project, the problem is a multi-classification problem. A multiclass strategy, one-vs-one, is used to solve multi-labels. To classify each
class, there k × (k − 1)/2 support vector classifier, where k is the dimension
of input data.

3.6

Neural network

In this project, we employ a simple neural network to train a model and
avoid overfitting in such a small dataset. Figure 9 shows the structure of
neural network.

11

Figure 9: The structure of a neural network
This neural network performs as the second feature selector to reduce the
dimension of the selected features into the number of classes that the model
is to predict. During training, the learning rate is 0.01Adam is employed as
an optimization method. Meanwhile, cosine annealing warm restart method
controls the learning rate to speed up the convergence.

4

Experiment and Results

This section presents the experiment procedure and the results.

4.1

Experiment setup

To train our models on the provided dataset, a laptop (Dell Inspiron 7590,
64-bit Windows 10 Operating system, 32 G RAM, Intel Core i7-9750H CPU
with 2.59GHz) is employed as our environment. Each predictive model is
trained and tested on the same training data set(30 patients) and test data
set(8 patients).
In the feature selection method of ANOVA, top 10 features are selected.
For XGboost method, top 20 features ranked by feature importance are selected. The number of features are chosen manually to make it reasonable
for current data.
The criteria we used to evaluate our models are prediction accuracy, precision, recall and f1-score. Accuracy is defined as the percentage of correct
predictions for the test data. It can be calculated easily by dividing the
number of accurate predictions by the number of total predictions. Precision is the ratio of correctly predicted positive observations of the total
predicted positive observations. Recall is the ratio of correctly predicted
positive observations to all observations in the actual class.F1 Score is the
weighted average of precision and recall.

4.2

Results and evaluation

The results we show here are all based on the same test data set. It presents
models with or without feature selection methods. The details of the model
and the results can be found in Table 1.
12

Model

Accuracy

Precision

Recall

F1-score

XGBoost

38.00%

25.00%

38%

30%

XGBoost1

25%

17%

25%

20%

XGBoost2

25%

17%

25%

20%

Neural Network

50%

25%

50%

33%

Neural Network1

50.00%

25%

50%

33%

Neural Network2

50.00%

25%

50%

33%

SVM

38%

25%

38%

30%

SVM1

50%

25%

50%

33%

SVM2

50%

25%

50%

33%

Table 1: Results for colorectal cancer prediction. In the ’model’ column,
if the reported model is followed by ’1’, this model is trained in dataset
after xbgoost selection. if the reported model is followed by ’2’, this model
is trained in dataset after ANOVA selection. For evaluating these metrics,
we perform a weighted average on each class to present the performance of
models on the multi-classification task.
These results show the models we used can not make good predictions on
unknown data. The accuracy is 50% at most, presenting no predictive ability
of the methods. Feature selection sometimes can improve performance. As
a typical machine learning classification problem, the reasons behind poor
performance are apparent. The models are only trained on 30 cases, which
is a rather small dataset for machine learning algorithms.
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5

Conclusions and future work

5.1

Conclusion

Based on the current data provided, we used radiomics analysis approach to
automatically extract 254 quantitative imaging features from T2-weighted
MRI sequences. To develop the radiomics signature and avoid overfitting,
the features are reduced with the critical steps of Xgboost or ANOVA test.
Three machine learning methods: Neural network, SVM and Xgboost are
developed to classify the outcome. The results indicates that as predictors,
radiomic features show possibilities to identifying the patient outcome after
certain treatment. For current dataset, the best performance(50% accuracy)
occurs when conducting neural network and SVM with feature selection.
Based on the results presented here, the following conclusions can be drawn.
1. The provided data includes information about only 38 patients. For a
machine learning classification model, it is not enough to get a promising result. Limited data could be the main reason for the poor performance of the models.
2. Before applying machine learning models,we only use two feature selection methods. More selection methods may be helpful to improve
the performance. Still, because of the small dataset, the difference of
different feature selection methods can not be seen as meaningful in
this case.
3. Even though the advanced machine learning models we applied in this
case perform very well in other scenarios or topics, the results turn out
to be unsatisfactory. We also tried to make use of all the features we
have, rather than applying feature selection. However, the relationship
between all features and the outcome can not be built. This presents
it is likely that we can not find any relationship between the features
and the outcome.

5.2

Future Work

For the current dataset, it only includes 38 patients with T2-weighted MRI.
The dataset is also not balanced with the outcome. So our work also has
some limitations. If future work can be conducted, we list some directions
to study further:
1. Test the models with more data to see whether they show higher robustness or not.
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2. The analysis is only conducted on one type of MRI in this project.
It is promising to develop models on other types MRI, for example:
diffusion-weighted MRI, apparent diffusion coefficient (ADC) image,
and T1-weighted image.
3. There are 254 features extracted from each patient images. This number is not very large compared to other related works. We only extracted the features we believe are related to this problem. More
features might be extracted after applying more domain knowledge.
4. The deep learning models are not tried in this case. Clearly, more
advanced models can be studied.
5. The results shows that all predictions are in the same class. This
is mainly for the imbalanced dataset, indicating how different classes
data distributed also influence how models work. Data augmentation,
balance and re- sampling are not conducted in this small dataset case,
and thoes can be implemented in the future.
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Appendix A

Features

The features extracted from pairs of the original MRI image and segmented
image are four classes: shape, firstorder, glcm, and above features computed
on the images after 5 log-sigma transformations to the original images.
Shape features includes Elongation, Flatness, LeastAxisLength, MajorAxisLength, Maximum2DDiameterColumn, Maximum2DDiameterRow, Maximum2DDiameterSlice, Maximum3DDiameter, MeshVolume, MinorAxisLength,
Sphericity, SurfaceArea, SurfaceVolumeRatio and VoxelVolume.
First-order features includes 10Percentile, 90Percentile, Energy, Entropy, InterquartileRange, Kurtosis, Maximum, MeanAbsoluteDeviation, Mean,
Median, Minimum, Range, RobustMeanAbsoluteDeviation, RootMeanSquared,
Skewness, TotalEnergy, Uniformity, and Variance,
GLCM includes Autocorrelation, JointAverage, ClusterProminence, ClusterShade, ClusterTendency, Contrast, Correlation, DifferenceAverage, DifferenceEntropy, DifferenceVariance, JointEnergy, JointEntropy, Imc1, Imc2,
Idm, Idmn, Id, Idn, InverseVariance, MaximumProbability, SumEntropy,
and SumSquares.
Log transformation is used to reduce the skewness of our original data.
We try five values of the parameter, sigma in log transformation. Then we
calculate the above features on these transformed images.
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