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Abstract

Background: Soft tissue sarcoma is a rare and highly heterogeneous tumor in
clinical practice. Pathological grading of the soft tissue sarcoma is a key factor in
patient prognosis and treatment planning while the clinical data of soft tissue
sarcoma are imbalanced. In this paper, we propose an effective solution to find
the optimal imbalance machine learning model for predicting the classification of
soft tissue sarcomas data.
Methods: In this paper, a large number of features are first obtained based on
T1WI images using the radiomics methods. Then, we explore the combinations of
different sampling techniques, feature selection methods, and classification
algorithms, and get nine imbalance machine learning models based on the above
features. The receiver operating characteristic curve model is used to evaluate
the performance of these nine methods on predicting the pathological grade of
soft tissue sarcoma.
Results: The experimental results show that the combination of extremely
randomized trees classification algorithm using random oversampling examples
(ROSE) and the recursive feature elimination technique performs best compared
to other combination methods. The receiver operating characteristic area under
the curve, accuracy, sensitivity, specificity and G-mean of this method for
predicting high-grade versus low-grade soft tissue sarcoma are 0.9457, 94.61%,
93.55%, 95.59% and 0.9456, respectively.
Conclusion: Preoperative predicting pathological grade of soft tissue sarcomas in
an accurate and noninvasive manner is essential. Our proposed machine learning
method can make a positive contribution to solving the imbalanced data
classification problem, which can favorably support the development of
personalized treatment plans for soft tissue sarcoma patients.
Keywords: Soft tissue sarcoma; Radiomics; Machine learning; Extremely
randomized trees; Imbalanced data

Background
Soft tissue sarcoma is a clinically rare and highly heterogeneous tumor, accounting
for about 1% of all malignant tumors [1, 2]. Based on features such as histologic
type and subtype, tumor necrosis and mitotic activity, French Federation Nationale
des Centres de Lutte Contre le Cancer (FNCLCC) divides soft tissue sarcoma into
grades I ∼ III [3]. In adults, histologic grading is the most important prognostic
factor and the best indicator of the risk of metastasis in soft tissue sarcoma [3, 4, 5].
It is critical to patient prognosis and the development of treatment plans. Currently,
biopsy is a primary method for obtaining pathologic grade preoperatively. But errors
in biopsy may lead to inaccurate results due to tumor heterogeneity [3], especially in
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fatty tumors with large lesions [6]. Therefore, it is necessary to explore an accurate
and non-invasive method for preoperative grading of soft tissue sarcomas.

In recent years, radiomics has been widely used for neoplastic lesions in various
systems. Because of its objective and descriptive characteristics, it can analyse,
refine and quantify medical images, so that the most valuable imaging features can
be selected to analyze clinical information, differential diagnosis of tumors, and
provide accurate guidance for treatment and prognosis [7, 8]. Previous studies have
shown that MRI-based histological features are associated with pathological grade
of soft tissue sarcomas [9].

For classification tasks on graded predictions of soft tissue sarcomas, the dataset
is often imbalanced. That is, there is a class in the dataset that contains much
more data than other classes. With the development of science and technology, in
the current era of big data, more and more imbalanced data sets appear, so there is
an urgent need for well-performing classifiers to accomplish such grading tasks. Ide-
ally, the classifier can provide a better classification accuracy for both positive and
negative examples. However, existing studies have shown that class imbalance will
reduce the performance of some standard classifiers, such as decision trees, support
vector machines, artificial neural networks, etc [10]. In fact, traditional classifiers
usually have high classification accuracy for majority classes, while for minority
classes, classification accuracy is very low. Taking the classification problem of soft
tissue sarcoma as an illustration, if there are 1000 patients, 10 are positive examples
(low grade), and 990 are negative (high grade). In this case, if the classifier maps
all inputs as negative examples, the accuracy rate is as high as 99%. Obviously,
this classifier is wrong and unusable, and the evaluation indicators are also not
practicable. In recent years, researchers tend to pay more attention to the classifi-
cation performance of the classifier for minority classes, such as medical diagnosis
[11, 12, 13, 14], bankruptcy prediction [15], natural disaster prediction [16], credit
card fraud detection [17], anomaly detection [18], and so on. Using machine learning
methods can overcome the problem of data imbalance, and achieve better results
for medical data classification problems.

For the classification problem of imbalanced dataset, the solutions are divided into
three categories [19, 20, 21]: (i) data level approaches, sampling the data to achieve
the balance of the number of samples, undersampling and oversampling are generally
the most common methods [19, 22]; (ii) algorithmic approaches, optimizing the
algorithm to modify the conventional classification method to the situation of data
imbalance, so that the improved conventional algorithm can have better results
on imbalanced data [21]. (iii) cost-sensitive learning approaches, combining data
level and algorithms to give higher costs on the minority classes in the sample that
are classified incorrectly to achieve the final good results [19]. In this paper, we
follow the first category approach to achieve excellent classify method on imbalance
data, that is conventional methods are applied to classify the preprocessed data by
oversampling and undersampling techniques.

When it comes to conventional classification method, researchers mainly use de-
cision tree/random forest analyses and neural networks [23]. Some other popular
machine learning methods are adapted to solve this kind problem, included sup-
port vector machine classifiers [24], latent growth mixture modeling [25], boosting
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methods [26] and so on. In addition to the above methods, some specialized classifi-
cation methods are designed for handling imbalanced data to achieve better result.
El-Shafeiy et al. apply balanced forests to classify medical imbalanced data [14].
Thayumanavan et al. use random forest to inspect and segment tumors in MR brain
images[27]. Khalilia et al. [28] combine repeated random subsampling with RF and
predict disease risk from highly imbalanced data. Barot et al. [29] propose an im-
proved decision tree algorithm to diagnose Covid-19. Majid et al. [30] use nearest
neighbors and support vector machines to predict human breast and colon cancer
from imbalanced data. Notably, classification problems for medically imbalanced
data usually do not work well with an individual machine learning method. In gen-
eral, it is a common process to learning the data: sampling it, performing feature
selection, and then classifying it with the specified classification method. Such, we
take researches accordingly in order to advance the implementation of imbalance
learning.

In this paper, a feature dataset based on the MRT1WI is first obtained by using
radiomics methods, then different sampling and classification methods are adopted,
and such that different machine learning models are composed for training the
recursive feature elimination. We try to explore these machine learning methods and
find an optimal one for predicting the pathological grading of soft tissue sarcoma.

Method
In this section, we first show the dataset used in the experiments then introduce
the methods and reasons that we choose in sampling technology, feature selection
method, classification algorithm in details. After that, we specifically explore ef-
fective classification methods for imbalanced soft tissue sarcoma data and present
the training process of nine different machine learning models. Finally, we show the
evaluation metrics adopted for the experiments.

The dataset
This paper uses preoperative MRI data of 252 patients with soft tissue sarcoma from
January 2007 to the March 2018, 122 cases from the Affiliated Hospital of Qingdao
University, 130 cases from Shandong Provincial Hospital Affiliated to Shandong
First Medical University and The Third Hospital of Hebei Medical University. We
name this dataset MRI-QSH. The dataset has following inclusion and exclusion
criteria:

Inclusion criteria:
1) Histopathologically confirmed soft tissue sarcoma with complete clinical data

after surgery;
2) Soft tissue sarcoma is graded according to the FNCLCC system (grade I ∼ III);
3) MRI scanning is performed within 2 weeks before treatment, and the cross-

sectional T1WI images were included.
Exclusion criteria:

1) Poor MRI image quality, signal-to-noise ratio ≤1.0;
2) There are some other malignant tumors during treatment.

According to the FNCLCC classification of soft tissue sarcomas data, grade I is
low grade, grade II and grade III are high grade. The MRI-QSH dataset includes 62
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Figure 1 Example images of soft tissue sarcoma obtained by radiomics

patients with low-grade soft tissue sarcoma and 190 patients with high-grade soft
tissue sarcoma. Some selected soft tissue sarcoma images are shown in Figure 1.

By using MR scanning method, image segmentation, image standardization, and
feature calculation, the features of MRT1WI of MRI-QSH before machine learning
methods were extracted by the company of Deepwise, such that we get the 2758
dimensional feature space dataset with 252 samples, and name it DW-QSH.

Data preprocessing
In the dataset DW-QSH, there are 62 samples belonging low-grade and 190 samples
belonging high-grade. It is an imbalance data learning problem that the number
of high-grade samples is much larger than that of low-grade samples. In order to
overcome the problem of data imbalance, we adapt some sampling methods for
data preprocessing. There are three common sampling methods: (i) undersampling;
(ii) oversampling; (iii) the combination of oversampling and undersampling. Due
to the small amount of total data in this study, taking undersampling will cause
the sample size to be further reduced and the sampling results will not be repre-
sentative, which will also lead to less accurate final results. Therefore, we select
some oversampling methods (random oversampling examples and synthetic minor-
ity oversampling technique) [31, 32], and a combination method of oversampling
and undersampling (SMOTETomek) [33].

Oversampling technique
Oversampling is to generate a minority of samples for imbalanced data to achieve
data balance. Two oversampling methods are commonly used, that is the random
oversampling examples method (ROSE) and the synthetic minority oversampling
technique (SMOTE).

Random oversampling examples (ROSE) [32, 34, 35] randomly replicate samples
from the minority class and add them to the training dataset, eventually making
the number of minority classes equal to the number of majority classes, resulting in
a new balanced dataset. Thus a single instance may be selected multiple times, and
ROSE may increase the possibility of overfitting, but this sampling technique is very
effective for machine learning algorithms that are subject to skewed distributions.

The synthetic minority oversampling technique (SMOTE) [31] is an improved
method based on the random oversampling algorithm, where the minority class
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is oversampled by generating ”synthetic” data rather than directly by replication.
The basic idea of SMOTE is to analyze minority samples, artificially synthesize
new samples based on minority samples, and add them to the dataset. However,
influenced by the parameters, data distribution and other factors, the artificially
generated data from the minority class may appear in the majority class, which will
affect the final classification results.

the combination of oversampling and undersampling
In the SMOTE method, it is likely to generate some noise data when the boundary
sample and the others are oversampled. It can be eliminated by cleaning the sample
after oversampling. Tomek Link is an undersampling technique used to clean up
overlapping samples. The synthetic minority oversampling technique+Tomek Link
(SMOTETomek) [33] combines TomekLink and SMOTE, which is a combination of
oversampling and undersampling.

Feature selection method
The data DW-AHQU has a large number of feature parameters, 2758 in total,
many of which do not contribute to the classification or have low contribution.
Therefore, using feature selection will be beneficial to the accuracy of classification
and can speed up the classification speed. For the feature selection method, this
research chooses to use the recursive feature elimination (RFE) algorithm [36, 37].
RFE belongs to one of the packing method feature selection algorithms, which
is a common method. When we train the classifier, it sorts all the features and
removes the ones that contribute the least to the classification. This process is
performed recursively and is an example of reverse feature elimination. If removing
some unnecessary features using RFE, it is more beneficial for the training of the
model.

Classification methods
Random forest (RF) and support vector machine (SVM) are the most common
classifiers in tumor image segmentation, tumor image classification and other ap-
plications [38]. In soft tissue sarcoma grading prediction problems, previous studies
have shown that RF perform better than SVM [1]. In the following content, RF
and its derivative methods are introduced in this subsection. We aim to explore the
most effective classifier for the soft tissue sarcoma grade problem.

Random forest
Random forest [39] is a kind of ensemble learning, and its basic cell is decision tree.
For each node of the decision tree, it has a put-back for sampling. For a sample
set, it randomly selectes features to train and then uses the cart algorithm for
calculation. This process is not pruned. For the classification of soft tissue sarcoma,
each decision tree is a classifier and they perform classification independently. If
there are n decision trees, then n classification results are generated. RF integrates
all classification voting results and chooses the category with the most votes as the
final output. RF is simple and easy to implement, suitable for handling imbalanced
data, but not friendly for small data or low-dimensional datasets.
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Balanced random forest
In the case of data imbalance, RF may contains a large number of majority classes
and a small number of minority in the selected samples when building decision
trees, and may favor the majority classes in the final classification vote. Balanced
Random Forest (BRF) [40] combines the ideas of random undersampling and en-
sembing, where the majority of classes are undersampled and an equal number of
minority classes are randomly selected for replacement, as a way to achieve a bal-
anced training set. In the early stage of this study, sampling methods have been
used to overcome the problem of data imbalance. Therefore, the performance of
BRF in this experiment is not necessarily outperform random forest, but due to
inconsistent sampling methods, the results achieved are also different. So we also
select BRF as one of the classification methods to get the performance of each model
combination.

Extremely randomized forest
Extremely randomized forest (ERT) [41] is an extension of RF. ERT is also an
ensemble of decision trees, where each decision tree t ∈ {1...T}, T is the number
of decision trees. In the process of selecting data samples, ERT differs from RF in
that each decision tree is independently trained using the entire data sample. In
node partitioning, RF selects the optimal feature value to partition the points after
searching in the feature subset, while ERT randomly selects features to partition the
decision tree. ERT uses random features and random thresholds for partitioning.

For a given data point x and dataset Dtrain, a feature vector is represented by
f(x,Dtrain). When classifying class c of the data, pt represents the conditional
probability that the feature vector f(x,Dtrain) belongs to class c. For data point x′

, the probability that it belongs to class c is calculated by calculating the average
of the probabilities on all trees [42] :

p(c|f(x,Dtrain)) =
1

T

T
∑

t=1

pt(c|f(x,Dtrain)) (1)

Compared with RF, ERT makes the shape and difference of each decision tree
larger and more random. In theory, the effect of generalization will also be bet-
ter. The specific performance of the two classifiers will be obtained in the later
experiments.

Model definition
In the experiment, the feature selection method of RFE is applied. After that,
selecting different sampling strategies and classification algorithms, and use the
discard-one cross-validation method to obtain nine different machine learning mod-
els, as shown in Table 1. The original data DW-QSH is divided into a “training
set” and a “test set” at a fixed ratio of 4 : 1. For each machine learning model,
the model is trained in the training set, and the performance of model is verified
on the test set. To obtain better performance for each model, prevent individual
special cases from affecting the final result. In the process of randomly splitting the
dataset, we randomly select 10 different ”random state”, i.e. each model is tested
on 10 different training sets, resulting in 10 different sets of results.
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Table 1 Nine different machine learning models

Number classification method feature selection method sampling technique
1 extremely randomized forest recursive feature elimination ROSE
2 extremely randomized forest recursive feature elimination SMOTE
3 extremely randomized forest recursive feature elimination STT
4 random forest recursive feature elimination ROSE
5 random forest recursive feature elimination SMOTE
6 random forest recursive feature elimination STT
7 balanced random forest recursive feature elimination ROSE
8 balanced random forest recursive feature elimination SMOTE
9 balanced random forest recursive feature elimination STT

ROSE: random oversampling examples; SMOTE: synthetic minority oversampling technique;
STT: SMOTETomek.

Evaluation criteria and procedure
To better evaluate the performance of the model, we use the following evaluation
metrics: area under the curve (AUC) of the receiver operating characteristic (ROC),
accuracy, specificity, sensitivity and G-mean of the model on predicting high-level
and low-level soft tissue sarcomas in the experiment.

The ROC curve is a curve drawn with “True Positive Rate (TPR)” (reflecting
the sensitivity of the classification result) as the ordinate, and “False Positive Rate
(FPR)” (reflecting the specificity of the classification result) as the abscissa. “True
Positive Rate” and “False Positive Rate” are derived from the “confusion matrix”
of the classification results, as shown in Table 2. The rows are the predicted results,
and the columns are the actual results. TP (True Positive) is the number of posi-
tive examples classified correctly, FN (False Negative) is the number of incorrectly
classified negative examples, FP (False Positive) is the number of incorrectly clas-
sified positive examples, and TN (True Negative) is the correct number of negative
examples.

Accuracy (Acc) is the ratio of the number of correctly classified instances to the
total number of instances in the test set, which measures the classification ability of
the model. G-mean is a composite metric for evaluating the accuracy of positive and
negative instances for imbalanced data sets which consists of two subcomponents:
Sensitivity (Sens) and Specificity (Spec). The following Eqs. (2)–(5) are given to
describe these metrics.
Table 2 Confusion matrix of classification results

positive example negative example

positive example TP FN

negative example FP TN

Acc =
TN + TP

TP + FP + FN + TN
× 100% (2)

Sens =
TP

TP + FN
× 100% (3)
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Spec =
TN

FP + TN
× 100% (4)

G−mean =
√

Sens · Spec (5)

Area Under Curve (AUC) is the area enclosed by the coordinate axis under the
ROC curve and the area is always ≤ 1. Meanwhile, since the ROC curve is generally
located above the straight line y=x, the value of AUC ranges from 0.5 ∼ 1, which
can be used as an indicator to evaluate the performance the model. The closer the
AUC is to 1, the better the effectiveness of classifier is. When AUC=0.5, the model
has no practical meaning.

Results
Experimental results
In the “test set” of this study, various machine learning models exhibit different
classification abilities. Since 10 different ”random state” is selected and tested for
each model when dividing the dataset, the performance of each model is eventually
evaluated by taking the average of the metrics obtained from the 10 experiments.

Table 3 The effectiveness of different machine learning methods in predicting pathological
classification of soft tissue sarcomas in the test set

Number CM FS ST AUC Acc(%) Sens (%) Spec (%) G-mean

1 ERT RFE ROSE 0.9457 94.61 93.55 95.59 0.9456

2 ERT RFE SMOTE 0.8522 85.13 89.11 81.33 0.8513

3 ERT RFE STT 0.8605 85.62 86.51 85.58 0.8605

4 RF RFE ROSE 0.9144 91.45 95.33 87.54 0.9136

5 RF RFE SMOTE 0.8410 83.82 88.30 79.91 0.8400

6 RF RFE STT 0.8266 82.33 85.53 79.78 0.8261

7 BRF RFE ROSE 0.9259 92.63 95.07 90.11 0.9256

8 BRF RFE SMOTE 0.8441 84.34 88.92 79.90 0.8429

9 BRF RFE STT 0.8320 83.15 83.29 83.10 0.8320

CM: classification method; FS: feature selection; ST: sampling technique; AUC: area under the
curve; Sens: sensitivity; Spec: specificity; ERT:extremely randomized forest; RF:random forest;
BRF: balanced random forest; RFE: recursive feature elimination; ROSE: random oversampling
examples; SMOTE: synthetic minority oversampling technique; STT: SMOTETomek.

We test the nine models mentioned above, and the results are given as shown
in Table 3. The histogram of results of nine models is shown in Figure 2, to com-
pare the performance of each model on soft tissue sarcoma classification prediction.
It can be obtained that the ERT classification algorithm machine learning model
combined with RFE and ROSE technology (named Model 1) can more effectively
predict the classification of soft tissue sarcoma than others. The AUC, accuracy,
sensitivity, specificity and G-mean of high-grade and low-grade soft tissue sarco-
mas of Model 1 are 0.9457, 94.61%, 93.55%, 95.59% , 0.9456, respectively. Even
though the sensitivity (Sens) of Model 1 is not the best one among nine models,
its performance is very near the best one 95.33%.
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Figure 2 Histogram of the effectiveness of different machine learning methods in predicting
pathological classification of soft tissue sarcomas in the test set

Running time
In addition to those above evaluation metrics, the running time is employed to
compare the performance of different models on the DW-QSH. In measuring the
running time, each model is subjected to 10 experiments individually (each “random
state” is a test) , and the value is taken average value to obtain the final running
time in seconds. Table 4 and Figure 3 show the final results.

Table 4 Running time of different machine learning models

Number Different combinations of machine learning modelsl runing time (s)

1 ERT+RFE+ROSE 175

2 ERT+RFE+SMOTE 187

3 ERT+RFE+STT 177

4 RF+RFE+ROSE 384

5 RF+RFE+SMOTE 470

6 RF+RFE+STT 390

7 BRF+RFE+ROSE 802

8 BRF+RFE+SMOTE 982

9 BRF+RFE+STT 802

ERT:extremely randomized forest; RF:random forest; BRF: balanced random forest;
RFE: recursive feature elimination; ROSE: random oversampling examples; SMOTE:
synthetic minority oversampling technique; STT: SMOTETomek.

It can be obtained that the running time of each model has little difference even
using the same classification method. However, different methods have a greate
impact on the running time. The Model 1 (ERT+RFE+ROSE) proposed in this
paper has the shortest running time of 175s, which accounting for around 1

5
of the
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Figure 3 Running time of different machine learning models

longest time spent in the comparison experiments. Meanwhile, adopting the method
of BRF takes the longest time with about 900s.

Discussion
Impact of this article
According to the study in this paper, the imbalance machine learning model of
the combination of extremely randomized trees classification algorithm using ran-
dom oversampling examples and recursive feature elimination technique, that is
ERT+RFE+ROSE, performs best in classification prediction and running time on
the MRT1WI soft tissue sarcoma data. In the future, we will further explore the per-
formance of classifying other imbalanced data by this model, discuss more effective
model on solving different medical data imbalance problems.

The choice of sampling technique
According to the previous research, SMOTE is an improved version of ROSE. But
in this study, the performance of models with ROSE is outperformed by SMOTE.
It may be influenced by factors like data distribution and different classification
algorithms. In fact, each sampling method is suitable for different data distribution
situations, and ROSE is more adaptable to the experiment in this paper. The data
distribution about soft tissue sarcoma dataset MRI-QSH can be further discussed
in our future work.

Study limitations
There are some shortcomings in this paper as well. During the experiment, the data
adopted is relatively small because soft tissue sarcomas are rare and not easy to
obtain in practise. If a larger amount of valid data can be collected, it will better
validate the classification efficiency of the machine learning model proposed in this
paper. The obtained feature dataset DW-QSH is high-dimension, because we do not
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use a specified and targeted feature extraction method. Such that, we will explore
to find an optimal feature extraction method for the present data to enhance the
performance of imbalance machine learning model in the future.

Conclusions
This paper analysis some imbalance machine learning approaches on classifying soft
tissue sarcomas data, and aims to find a best research method for the pathological
garding problem of soft tissue sarcomas. Firstly, based on the MRT1WI radiomics,
a large number of features are obtained as a feature dataset DW-QSH. Then, we
explore the combinations of different sampling techniques, feature selection meth-
ods, and classification algorithms, and get nine imbalance machine learning models
based on the DW-QSH. The experimental results show that the combination of
extremely randomized trees classification algorithm using random oversampling ex-
amples and recursive feature elimination technique performs best compared to other
combination methods. The receiver operating characteristic area under the curve,
accuracy, sensitivity, specificity and G-mean of this method for predicting high-
grade versus low-grade soft tissue sarcoma are 0.9457, 94.61%, 93.55%, 95.59% and
0.9456, respectively. At the same time, the method has the shortest running time
of 175s among nine models compared to others.

The classification results of this method are similar to those of the pre-surgical
biopsy puncture, which means that the explored machine learning method has high
research value for the classification of soft tissue sarcomas data. Therefore, it can
provide useful support for developing personalized treatment plans for soft tissue
sarcoma patients before surgery.
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