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Abstract

Background: In radiomic studies, several models are often trained with different combinations of feature selection
methods and classifiers. The features of the best model are usually considered relevant to the problem, and they
represent potential biomarkers. Features selected from statistically similarly performing models are generally not
studied. To understand the degree to which the selected features of these statistically similar models differ, 14 publicly
available datasets, 8 feature selection methods, and 8 classifiers were used in this retrospective study. For each com-
bination of feature selection and classifier, a model was trained, and its performance was measured with AUC-ROC.
The best-performing model was compared to other models using a Delong test. Models that were statistically similar
were compared in terms of their selected features.

Results: Approximately 57% of all models analyzed were statistically similar to the best-performing model. Feature
selection methods were, in general, relatively unstable (0.58; range 0.35-0.84). The features selected by different
models varied largely (0.19; range 0.02-0.42), although the selected features themselves were highly correlated (0.71;
range 0.4-0.92).

Conclusions: Feature relevance in radiomics strongly depends on the model used, and statistically similar models
will generally identify different features as relevant. Considering features selected by a single model is misleading, and
it is often not possible to directly determine whether such features are candidate biomarkers.
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Key points Background

Radiomics is an emergent technique used for diagnostic

« Different combinations of feature selection methods and predictive purposes and is based on machine learn-
and classifiers result in models that are not signifi-  ing techniques [1, 2]. It promises a non-invasive, person-
cantly different from the best model in approximately  alized medicine and is applied primarily in an oncological
57%. context for diagnosis, survival prediction, and other pur-

o+ Features selected by statistically best-performing poses [3]. Radiomics is often performed using a well-
models are largely different (0.19; range 0.02-0.42), established machine learning pipeline; generic features

although their correlation is higher (0.71; range 0.4—  from the images are first extracted before feature selec-

0.92). tion methods and classifiers for modeling are employed

+ Relevance of features often cannot be decided by the  [4, 5]. One of the main concerns related to radiomics is

single best model. whether the extracted features have biological meaning
[6].

However, in the absence of a direct link between fea-

tures and the underlying biology of various pathologies
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biology and thus be predictive [7]. These features strongly
depend on several choices regarding the acquisition
parameters, preprocessing choices, the segmentation of
the volume-of-interest and others, and therefore contain
both necessarily correlated and irrelevant features [8,
9]. Radiomics then proceeds by using a feature selection
method to identify relevant features and a machine learn-
ing model for prediction. It seems natural to consider
relevant features of the best-performing model as surro-
gates for biomarkers because such features contribute to
the model’s predictive performance. They should there-
fore be considered informative and are at least good can-
didates for biomarkers [10—14].

Unfortunately, from a statistical standpoint, there
is often not a single best-performing model. Different
choices of feature selection methods and classifiers can
lead to models performing only slightly worse than and
statistically similarly to the best-performing model. In
these cases, the null hypothesis that they are equal can-
not be rejected. If the best-performing model’s features
are associated with the underlying biology, it raises the
question of whether the same features can be considered
relevant in statistically similar models.

Therefore, we analyzed on 14 publicly available radiomic
datasets whether the selected features of statistically similar
models are similar. We employed 8 different feature selec-
tion methods and 8 classifiers and measured the predictive
performance of the models by area under the receiver oper-
ating characteristic curve (AUC-ROC). We compared the
stability of the selected features, the similarity, and the cor-
relation among the best-performing models.

Methods

To ensure reproducibility, only publicly available datasets
were employed for this study. Ethical approval for this
study was therefore waived by the local ethics committee
(Ethik-Kommission, Medizinische Fakultit der Univer-
sitdt Duisburg-Essen, Germany). All methods and proce-
dures were performed following the relevant guidelines
and regulations.

Datasets

We identified publicly available datasets by reviewing
open-access journals. A total of 14 radiomic datasets
were included in this study (Table 1). As is common for
radiomic datasets, these datasets were all high-dimen-
sional; in other words, they contained more features than
samples, except for the dataset Carvalho2018. Since the
focus of this study is on radiomic features, only features
coming from imaging data were used, and other features,
e.g., clinical or genetic features, were removed. All avail-
able data were merged to reduce the effects of non-iden-
tically distributed data.
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Features

All datasets were available in preprocessed form; that is,
they contained already extracted features. Extraction and
acquisition parameters differed for each dataset. Because
in-house software was used, compliance with the Image
Biomarker Standardisation Initiative (IBSI) was not
always ensured [15]. Texture and histogram features
were available for all datasets but shape features were
only available for some. Further information on the fea-
ture extraction and preprocessing methods used for each
dataset can be found in the corresponding study.

Preprocessing

Additional simple preprocessing was performed to
harmonize the data; specifically, missing values were
imputed using column-wise mean, and the datasets were
normalized using z-scores.

Feature selection methods

Eight often used feature selection methods were
employed (Table 2), including LASSO, MRMRe, and
MIM. These feature selection algorithms do not directly
identify the most relevant features but instead calculate
a score for each. Thus, a choice had to be made as to how
many of the highest-scoring features should be used for
the subsequent classifier. The number of selected features
was chosen among N=1, 2, 4, ..., 64.

Classifiers

After the choice of the feature selection methods, the
choice of classifier is most important because suboptimal
classifiers yield inferior results. Eight often-used classifi-
ers were selected (Table 3).

Training

Training proceeded following the standard radiomics
workflow; combinations of feature selection methods and
classifiers were used. In the absence of explicit valida-
tion and test sets, tenfold stratified cross-validation was
employed.

Evaluation
Predictive performance is the most important metric in
radiomics. Therefore, AUC-ROCs were employed for
evaluation. Model predictions over all 10 test folds of the
cross-validation were pooled into a single receiver operat-
ing characteristic (ROC) curve. A DeLong test was used
to determine whether models were statistically different.
For the evaluation, we focused on the best-performing
model for each dataset as well as the models that were
not be shown to be statistically different. A histogram of
Pearson correlations between all features was plotted to
visually depict the correlations present in the datasets.
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Table 1 Overview of the datasets used for the study
Dataset N d Dimensionality Outcome  Modality Tumor type Software Feature DOl
(#Samples/#Features) balance for feature  selection and
[%] extraction  classifier
Arita2018 [32] 168 685 0.25 66 MRI Brain Inhouse LASSO and https://doi.org/
LASSO 10.1038/541598-
018-30273-4
Carvalho2018 262 118 222 59 FDG-PET  NSCLC Inhouse LASSO and Cox  https://doi.org/
[33] regression 10.1371/journal.
pone.0192859
Hosny2018A 293 1005 0.29 54 cT NSCLC Pyradiomics  mRMR and https://doi.org/
(HarvardRT) [34] random forest 10.1371/journal.
pmed.1002711
Hosny2018B 211 1005 021 28 cT NSCLC Pyradiomics  mRMR and https://doi.org/
(Maastro) [34] random forest 10.1371/journal.
pmed.1002711
Hosny2018C 183 1005 0.18 73 cT NSCLC Pyradiomics  mRMR and https://doi.org/
(Moffitt) [34] random forest 10.1371/journal.
pmed.1002711
Ramella2018 91 243 037 55 cT NSCLC Inhouse Random forest https://doi.org/
[35] for both 10.1371/journal.
pone.0207455
Lu2019 [36] 213 658 032 43 cT Ovarian cancer Inhouse Univariate and https://doi.org/
LASSO + Cox 10.1038/s41467-
019-08718-9
Sasaki2019[37] 138 583 0.23 49 MRI Brain Inhouse SuperPCAand  https://doi.org/
LASSO 10.1038/541598-
019-50849-y
Toivonen2019 100 7106 0.01 80 MRI Prostate cancer Inhouse Logistic regres-  https://doi.org/
[38] sion for both 10.1371/journal.
pone.0217702
Keek2020[39] 273 1323 0.21 40 cT HNSCC Inhouse Univariate https://doi.org/
Concordance 10.1371/journal.
Index and Cox pone.0232639
regression as
well as random
survival forest
Li2020 [40] 51 397 0.13 63 MRI Glioma Artificial LASSO+Mann-  https://doi.org/
Intelligence  Whitney-U+cor- 10.1371/journal.
Kit, GE relation and pone.0227703
Healthcare  logistic regres-
sion
Park2020 [41] 768 941 082 24 us Thyroid cancer  Inhouse LASSO for both  https://doi.org/
10.1371/journal.
pone.0227315
Song2020[42] 260 265 098 49 MRI Prostate cancer Pyradiomics  ANOVA, RFE, https://doi.org/
reliefand 10 10.1371/journal.
classifiers pone.0237587
Veerara- 150 201 0.75 31 DCE-MRI  Breast Inhouse No feature selec-  https://doi.org/
ghavan2020 tionand random  10.1038/541598-
[43] forest 020-72475-9

For reproducibility reasons only publicly, available datasets were used. The sample size is denoted by N, the number of features as d, which corresponds to the
dimension of the data. Outcome balance denotes the percentage of events in the outcome used. The software that was used to extract the features, the feature
selection and classifier methods is reported as stated in the corresponding study. Finally, DOI denotes the identifier of the publication corresponding to the dataset

Stability of the feature selection methods

A critical property for the interpretation of features is
the stability of the feature selection, meaning whether a
given feature selection method will select similar features
if presented with data from the same distribution. Using

the data from the tenfold cross-validation, we calcu-

lated the stability using the Pearson correlation method.
Because features are selected prior to the training of the
classifier, the stability does not depend on the classifier;
rather, it depends on the number of chosen features. The
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Table 2 Overview of all feature selection methods used
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Feature selection Type Hyperparameters

ANOVA Filtering -

Bhattacharyya distance Filtering -

ExtraTrees Wrapper -

Fast correlation-based filtering (FCBF) Filtering -

Kendall correlation Filtering -

LASSO Wrapper Regularization parameter, fixed at C=1.0
Mutual information (MIM) Filtering -

Miinimum redundancy maximum relevance ensemble (MRMRe) Filtering Number of ensembles, fixed at 5

Filtering methods assign a score to each feature directly, while wrapper methods use a classifier

Table 3 Overview of all classifiers used during training

Classifier

Hyperparameters

Linear discriminant analysis (LDA)
Linear SVM

Logistic regression

Naive Bayes

Neural network (three layers)
Random forest

Radial basis function-SVM (RBF-SVM)

XGBoost

Regularization parameter Cin 2**{—6, —4, — 2,0, 2, 4, 6}
Regularization parameter, Cin 2**{—6, —4, — 2,0, 2,4, 6}
Neurons in layer 1,2, 3in {4, 16, 64}

Number of trees in 50, 250, 500

Regularization parameter, Cin 2**{—6, —4, — 2,0, 2,4,
6}, Kernel parameter y =auto

Learning rate in 0.001, 0.1, 0.3, 0.9, number of estimators
in 50, 250, 500

stability might be different for two models that use the
same feature selection method but a different number of
features. The stability will be 1.0 if, over each cross-vali-
dation fold, the very same features are selected.

Similarity among the feature selection methods

The similarity of the selected features was computed
using the Pearson correlation method to determine the
discrepancy between the features selected by the best
model and those selected by a statistically similar model.
A correlation of 1.0 would indicate that the two feature
selection methods selected the same features over each
cross-validation fold.

Correlation among the selected features

Because the features in radiomic datasets are known
to be highly correlated, two feature selection methods
could select features that are different but nonetheless
highly correlated. In this case, their similarity would be
low; however, this is misleading because the different fea-
tures would contain similar information. Therefore, cor-
relations among the selected features themselves were
measured by computing the average highest correlation
of each feature to that of all other features. This measure

will be 1.0 if a perfectly correlated feature of another
method can be found for each selected feature of one
method. More details on the measure can be found in
Additional file 1.

Predictive performance

The stability, similarity, and correlation of statistically
similar models could be associated with their predic-
tive performance. For example, if a few features had very
high correlation with the outcome in a dataset, it is likely
that many statistical similar models will be able to iden-
tify these features. Therefore, a larger correlation among
them could be observed. Similarly, if the dataset contains
many relatively uninformative features, it is conceivable
that the selection of one feature over another depends
on the model. Therefore, in this case, lower correla-
tions among models would be observed. Hence, a linear
regression was performed to relate the AUC-ROCs to
stability, similarity, and correlation.

Software

Python 3.6 was used for all experiments. Feature selec-
tion methods and classifiers from scikit-learn 0.24.2 [16]
and ITMO_FS 0.3.2 [17] were utilized.
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Statistics

Descriptive statistics were reported as means and ranges,
computed using Python 3.6. p values less than 0.05 were
considered significant. No adjustments for multiple test-
ing were performed. AUC-ROCs were compared using a
DeLong test using the R library pROC.

Results
Overall, 3640 models for each of the 14 datasets were fit-
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independently chosen columns. Although Toivonen2019
is very close, it still revealed many highly correlated fea-
tures, as can be seen in the fat right tail.

Table 4 Counts of how many models were statistically not
different to the best model for each dataset, sorted by AUC-ROC
of the best model

ted, each with stratified tenfold cross-validation. For eval- ~ Dataset AU%'RIOC of best Nf“T'ie"

. . . mode of stat. eq.
uation, the model with highest AUC-ROC was selected rodels ]
for each combination of the 8 features selection methods
and 8 classifiers, yielding 64 models. A DeLong test was ~ >0n92020 0.98 9
used to compare these models to the overall best per- Li2020 089 34
forming model to calculate statistical difference (Fig. 1).  Toivonen2019 087 45
For 508 of 882 models, the hypothesis that the AUC-  Ata2018 083 18
ROCs were different from those of the best performing Ramella2018 081 23
model could not be rejected (Table 4). This corresponds 42019 0.76 2z
to 58% of all models (N=508/882) and to roughly 36 of ~ Hosny2018B 0.73 26
the 64 models per dataset. Hosny2018C 0.69 14

Keek2020 0.69 56
Datasets Carvalho2018 067 52
Plotting the Pearson correlation among all features  Sasaki2019 067 61
revealed that some datasets had many highly correlated =~ Park2020 065 48
features (Fig. 2). All datasets deviated largely from the = Hosny2018A 064 53
histogram of a dataset with normally distributed and  Veeraraghavan2020 064 42
Arita2018 oo :.1:":'-'.;:' Statistically Similar
: ! o False
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Fig. 1 Graphical overview of the predictive performance of all models. The AUC-ROC of all computed models were plotted for all datasets. Those
models that cannot be statistically shown to be different from the best model were marked in cyan color, while those that were worse were marked
in orange color
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Stability of the feature selection method

In general, selecting more features resulted in higher sta-
bility (Fig. 3). The three simpler methods (Anova, Bhat-
tacharyya and Kendall) yielded higher stability than the
more complex methods (including LASSO and Extra
Trees). Overall, the stability of the methods was moder-
ate (Fig. 4). Results for each dataset can be found in Addi-
tional file 2 and Additional file 3.

Similarity among the feature selection methods

The average similarity between the features selected by
statistically similar models was rather low (Fig. 4). There
were almost always models with selected features that
were not similar to those of the best model. In all cases,
the average similarity among the feature selection meth-
ods was lower than their stability (Fig. 4). Details can be
found in Additional file 4.
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Correlation among the selected features

The average correlation among the features was much
higher than their similarity. For Song2020, on average,
the models had a correlation of 0.92, while for Veerara-
ghavan2020, this figure was only 0.40. Again, there were
often models with features that were only moderately
correlated with the features of the best model. Results for
each dataset can be found in Additional file 5.

Predictive performance and feature stability

Comparing the mean AUC-ROC to the number of sta-
tistically similar models showed a slightly significant and
decreasing association (p =0.029; Fig. 5a), that is, the bet-
ter the best model performed, the less statistically similar
models were observed. The associations of AUC-ROCs
with stability, similarity, and correlation were higher
and, in all cases, positive: a strong positive association
(p=0.007; Fig. 5b) was observed for stability, in other
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Fig. 2 Histogram of the Pearson correlation between all features. The “Normal” histogram was obtained by creating a dummy dataset that only
contained independent and normally distributed features and serves as a reference
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Fig. 3 Relation of feature stability with the number of selected features
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words, models that reached higher AUC-ROCs were
more stable. An equally strong association between mean
AUC-ROC and similarity was found (p=0.004; Fig. 5c),
better models seemed to be more similar. On the other
hand, for correlation, a weaker association was observed
(p=0.012; Fig. 5¢).

Discussion

Radiomics has been intensively studied in pursuit of non-
invasive, precise, and personalized medicine, enabling
better and more easily deduced diagnoses and progno-
ses. However, a critical problem of radiomics is that the
features are generically defined and strongly depend on
acquisition parameters. Therefore, they often lack bio-
logical meaning. This reduces reproducibility, that is, the
features, and thus the models, often cannot be faithfully
recreated if the study is conducted at other sites [18].
Feature selection is used to identify relevant features that

could represent the underlying biology and thus be con-
sidered biomarkers [19]. In radiomic studies, often only
a single feature selection method and classifier combi-
nation is considered, without a rationale for why a given
method was chosen over others [20-23]. Even if multi-
ple methods are considered, the best-performing model
is only compared to the other models in terms of its
predictive performance [24—28]. While this approach is
justifiable, worse-performing models need not be differ-
ent from a statistical viewpoint. There is little reason to
ignore them.

Therefore, in this study, we considered all models that
were statistically similar to the best model and compared
their selected features. First and foremost, our study
demonstrates that several statistically similar models
exist for each dataset. This finding is not surprising, given
that the radiomic datasets considered have small sample
sizes and that the null hypothesis can only be rejected in
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Fig. 4 Analyzed measured for all statistically similar models. The
range is given in parentheses, the color of each cell corresponds to
the stated measure

the case of a large difference in predictive performance.
Nonetheless, approximately 58% of the considered mod-
els were statistically similar to the best model, which is
much higher than anticipated.

Based on the stability of the feature selection meth-
ods, in general, the more features selected, the more
stable feature selection is. This is expected because, if
all possible features were selected, the correlation coef-
ficient would be equal to 1. Nonetheless, it is surpris-
ing that the association is not U-shaped (Fig. 1) because
if the datasets contained a small set of relevant fea-
tures, it could be expected that most feature selection
methods would identify them. In this case, the stabil-
ity would be quite high for a small number of features;
however, this was not observed (Fig. 3). There are two
possible reasons for this: either the feature selection
algorithms were not able to identify those relevant fea-
tures, or the datasets, in general, did not contain such
sets. In the latter case, considering the low stability of
the feature selection methods, this could mean that
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the interpretation of relevant features as biomarkers is
doubtful at best.

Consequently, the similarity among the models was
also very low. Almost no similarity could be seen for
some datasets, and the largest similarity was only mod-
erate (0.42). Therefore, even if the best model was rela-
tively stable in terms of the selected features, thus hinting
toward a set of relevant features, in most cases, there is a
similarly performant model that would yield completely
different features.

Stability and similarity might be misleading because
features are highly correlated in radiomic datasets and
different features could still express related information.
Therefore, in addition to similarity, the correlation of the
selected features was compared. Indeed, the correlation
was higher than seen for similarity and at least moderate
(>0.40) on average for all datasets.

Taking these observations together, it seems clear
that an interpretation of relevant features as biomark-
ers cannot be obtained en passant during modeling with
machine learning because these results are not based on
causality but rather on correlation. Radiomic datasets
are high-dimensional, so results are often abundant and
partly random.

Intuitively, a higher overall AUC-ROC should be asso-
ciated with a higher mean association among statistically
similar models, because a higher AUC-ROC could indi-
cate that there exists a set of relevant features that the
models can identify. Indeed, regression results indicate
that models with higher AUC-ROCs seem to have higher
stability and similarity as well as slightly higher correla-
tion. This means that feature relevance in models that do
not perform well must be determined cautiously. Indeed,
for all datasets, the best model was significantly differ-
ent from the constant model (predicting a probability of
0.5 for each sample; p<0.05), but for some, the predic-
tive performance was too low (< 0.70) to be clinically use-
ful. However, the results were valid to a large extent for
the datasets with higher AUC-ROCs—for example, for
Song2020, where the AUC-ROC of 0.98 is high enough
for possible clinical use.

When performing feature selection, the expectation
is that there is a single set of relevant features and that
these can be precisely determined. While this intuition
may be correct for low-dimensional datasets, radiomic
datasets are high-dimensional and are highly correlated.
In theory, both problems could be prevented by acquir-
ing larger samples and more specific features. Regretta-
bly, increasing sample size is problematic, if only because
of the need for segmentations, which, currently, are
often still delineated manually. Furthermore, performing
decorrelation in a high-dimensional setting is unlikely to
be useful because correlated features might complement
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one another [29]. As decorrelation can be regarded as
an unsupervised feature selection method, it might not
perform any better than a supervised feature selection
method. Principal component analysis, on the other
hand, could be more suitable; however, due to features
being recombined, no kind of association can be made
with the biological underpinning.

Although the current radiomics pipeline is generally
accepted as state-of-the-art, deep learning methods have

been considered. These forgo the tedious task of generat-
ing features and feature selection methods [30, 31]. Radi-
omic models with generic features are often regarded
being more interpretable than deep learning models, but
our results demonstrate that this presumed superiority is
not necessarily the case.

While we obtained our results using cross-validation,
other studies have used a train-test split which was
then tested on an independent validation set. Using
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such a training scheme might give the impression that
the selected features are relevant and stable, but this is
misleading because a simple split neither considers the
stability of the model nor the fact that a disjoint set of
features could produce a model with statistically similar
predictive performance. Nonetheless, having an explicit
validation set available would provide a more precise
picture because it is conceivable that statistically simi-
lar models would produce different results if an external
dataset were used.

We focused only on a few often-used feature selec-
tion algorithms and classifiers, but we believe that add-
ing more methods to the study would only enhance our
results. The same would be true if the hyperparameters
of the classifiers were more heavily tuned. We also did
not account for multiple testing; doing so would increase
p values, making more models statistically similar. Thus,
our results can be thus considered a lower limit.

Conclusion

Our study demonstrated that the relevance of features
in radiomic models depends on the model used. The
features selected by the best-performing model were
often different than those of similarly performing mod-
els. Thus, it is not always possible to directly determine
potential biomarkers using machine learning methods.

Abbreviations

AUC-ROC: Area-under-curve of the receiver-operating-characteristics; FCBF:
Fast correlation-based filtering; IBSI: Image Biomarker Standardisation Initia-
tive; LASSO: Least Absolute Shrinkage and Selection Operator; MIM: Mutual
information measure; MRMRe: Minimum redundancy maximum relevance

ensemble; ROC: Receiver-operating-characteristics.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/513244-022-01170-2.

Additional file 1. Details on the stability, similarity and correlation
measures.

Additional file 2. Relationship between feature stability and number of
features selected for each dataset.

Additional file 3. Results for the stability of feature selection methods for
each data set.

Additional file 4. Results for the similarity of feature selection methods
for each data set.

Additional file 5. Results for the correlation of the selected features for
each data set.

Acknowledgements
A.D. would like to thank all cited authors who made their datasets publicly
available.

Authors’ contributions
AD is the author of this article and conducted the whole study as well as writ-
ing the manuscript. The author read and approved the final manuscript.

Page 10 of 11

Funding
Open Access funding enabled and organized by Projekt DEAL.

Availability of data and materials
All datasets generated and/or analyzed during the current study are publicly
available (https://github.com/aydindemircioglu/radint).

Declarations

Ethics approval and consent to participate

This study is retrospective in nature and uses only publicly available datasets.
The local Ethics Committee (Ethik-Kommission, Medizinische Fakultat der
Universitdt Duisburg-Essen, Germany) waived therefore the need for an ethics
approval.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 11 December 2021 Accepted: 3 February 2022
Published online: 24 February 2022

References

1. Aerts HIWL, Velazquez ER, Leijenaar RTH et al (2014) Decoding tumour
phenotype by noninvasive imaging using a quantitative radiomics
approach. Nat Commun 5:1-9. https://doi.org/10.1038/ncomms5006

2. Lambin P, Leijenaar RTH, Deist TM et al (2017) Radiomics: the bridge
between medical imaging and personalized medicine. Nat Rev Clin
Oncol 14:749-762. https://doi.org/10.1038/nrclinonc.2017.141

3. LiuZ Wangs, Dong D et al (2019) The applications of radiomics in preci-
sion diagnosis and treatment of oncology: opportunities and challenges.
Theranostics 9:1303-1322. https://doi.org/10.7150/thno.30309

4. Shur JD, Doran SJ, Kumar S et al (2021) Radiomics in oncology: a practical
guide. Radiographics 41:1717-1732. https://doi.org/10.1148/rg.20212
10037

5. van Timmeren JE, Cester D, Tanadini-Lang S et al (2020) Radiomics in
medical imaging—"how-to" guide and critical reflection. Insights Imag-
ing 11:91. https://doi.org/10.1186/513244-020-00887-2

6. Tomaszewski MR, Gillies RJ (2021) The biological meaning of radiomic
features. Radiology. https://doi.org/10.1148/radiol.2021202553

7. Yip SSF, Aerts HIWL (2016) Applications and limitations of radiomics. Phys
Med Biol 61:R150-R166. https://doi.org/10.1088/0031-9155/61/13/R150

8.  Gillies RJ, Kinahan PE, Hricak H (2016) Radiomics: images are more than
pictures, they are data. Radiology 278:563-577. https://doi.org/10.1148/
radiol.2015151169

9. Berenguer R, del Pastor-Juan MR, Canales-Vézquez J et al (2018) Radiom-
ics of CT features may be nonreproducible and redundant: influence of
CT acquisition parameters. Radiology 288:407-415. https://doi.org/10.
1148/radiol.2018172361

10. Wu W, Parmar C, Grossmann P et al (2016) Exploratory study to identify
radiomics classifiers for lung cancer histology. Front Oncol 6:71. https://
doi.org/10.3389/fonc.2016.00071

11. BaeBler B, Luecke C, Lurz J et al (2018) Cardiac MRI texture analysis of T1
and T2 maps in patients with infarctlike acute myocarditis. Radiology
289:357-365. https://doi.org/10.1148/radiol.2018180411

12. BaeBler B, Mannil M, Maintz D et al (2018) Texture analysis and machine
learning of non-contrast T1-weighted MR images in patients with hyper-
trophic cardiomyopathy—preliminary results. Eur J Radiol 102:61-67.
https://doi.org/10.1016/j.ejrad.2018.03.013

13. Wang L, Kelly B, Lee EH et al (2021) Multi-classifier-based identification
of COVID-19 from chest computed tomography using generalizable and
interpretable radiomics features. Eur J Radiol 136:109552. https://doi.org/
10.1016/j.ejrad.2021.109552

14. XvY,LvF, Guo Hetal (2021) Machine learning-based CT radiomics
approach for predicting WHO/ISUP nuclear grade of clear cell renal cell


https://doi.org/10.1186/s13244-022-01170-2
https://doi.org/10.1186/s13244-022-01170-2
https://github.com/aydindemircioglu/radInt
https://doi.org/10.1038/ncomms5006
https://doi.org/10.1038/nrclinonc.2017.141
https://doi.org/10.7150/thno.30309
https://doi.org/10.1148/rg.2021210037
https://doi.org/10.1148/rg.2021210037
https://doi.org/10.1186/s13244-020-00887-2
https://doi.org/10.1148/radiol.2021202553
https://doi.org/10.1088/0031-9155/61/13/R150
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1148/radiol.2018172361
https://doi.org/10.1148/radiol.2018172361
https://doi.org/10.3389/fonc.2016.00071
https://doi.org/10.3389/fonc.2016.00071
https://doi.org/10.1148/radiol.2018180411
https://doi.org/10.1016/j.ejrad.2018.03.013
https://doi.org/10.1016/j.ejrad.2021.109552
https://doi.org/10.1016/j.ejrad.2021.109552

Demircioglu Insights into Imaging

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

(2022) 13:28

carcinoma: an exploratory and comparative study. Insights Imaging
12:170. https://doi.org/10.1186/513244-021-01107-1

Zwanenburg A, Vallieres M, Abdalah MA et al (2020) The image biomarker
standardization initiative: standardized quantitative radiomics for high-
throughput image-based phenotyping. Radiology 295:328-338. https://
doi.org/10.1148/radiol.2020191145

Pedregosa F, Varoquaux G, Gramfort A et al (2011) Scikit-learn: machine
learning in Python. J Mach Learn Res 12:2825-2830

Pilnenskiy N, Smetannikov | (2020) Feature selection algorithms as one of
the Python data analytical tools. Future Internet 12:54. https://doi.org/10.
3390/f112030054

Bernatz S, Zhdanovich Y, Ackermann J et al (2021) Impact of rescanning
and repositioning on radiomic features employing a multi-object phan-
tom in magnetic resonance imaging. Sci Rep 11:14248. https://doi.org/
10.1038/541598-021-93756-x

Fournier L, Costaridou L, Bidaut L et al (2021) Incorporating radiomics
into clinical trials: expert consensus endorsed by the European Society
of Radiology on considerations for data-driven compared to biologi-
cally driven quantitative biomarkers. Eur Radiol. https://doi.org/10.1007/
500330-020-07598-8

Jiang Y, Yuan Q, Lv W et al (2018) Radiomic signature of '®F fluorodeoxy-
glucose PET/CT for prediction of gastric cancer survival and chemothera-
peutic benefits. Theranostics 8:5915-5928. https://doi.org/10.7150/thno.
28018

Umutlu L, Kirchner J, Bruckmann NM et al (2021) Multiparametric inte-
grated 18F-FDG PET/MRI-based radiomics for breast cancer phenotyping
and tumor decoding. Cancers (Basel) 13:2928. https://doi.org/10.3390/
cancers13122928

Coroller TP, Grossmann P, Hou Y et al (2015) CT-based radiomic signature
predicts distant metastasis in lung adenocarcinoma. Radiother Oncol
114:345-350. https://doi.org/10.1016/jradonc.2015.02.015

Xu L, Yang P, Liang W et al (2019) A radiomics approach based on support
vector machine using MR images for preoperative lymph node status
evaluation in intrahepatic cholangiocarcinoma. Theranostics 9:5374—
5385. https://doi.org/10.7150/thno.34149

Demircioglu A, Grueneisen J, Ingenwerth M et al (2020) A rapid volume
of interest-based approach of radiomics analysis of breast MRI for tumor
decoding and phenotyping of breast cancer. PLoS One 15:e0234871.
https://doi.org/10.1371/journal.pone.0234871

Parmar C, Grossmann P, Bussink J, Lambin P, Aerts HIWL (2015) Machine
learning methods for quantitative radiomic biomarkers. Sci Rep 5:1-11.
https://doi.org/10.1038/srep13087

Sun P, Wang D, Mok VC, Shi L (2019) Comparison of feature selection
methods and machine learning classifiers for radiomics analysis in glioma
grading. [EEE Access 7:102010-102020. https://doi.org/10.1109/ACCESS.
2019.2928975

Yin P, Mao N, Zhao C et al (2019) Comparison of radiomics machine-
learning classifiers and feature selection for differentiation of sacral
chordoma and sacral giant cell tumour based on 3D computed
tomography features. Eur Radiol 29:1841-1847. https://doi.org/10.1007/
500330-018-5730-6

Xu W, Hao D, Hou F et al (2020) Soft tissue sarcoma: preoperative MRI-
based radiomics and machine learning may be accurate predictors of
histopathologic grade. AJR Am J Roentgenol 215:963-969. https://doi.
org/10.2214/AJR.19.22147

Guyon |, Elisseeff A (2003) An introduction to variable and feature selec-
tion. J Mach Learn Res 3:1157-1182

Ziegelmayer S, Reischl S, Harder F et al (2021) Feature robustness and
diagnostic capabilities of convolutional neural networks against radiom-
ics features in computed tomography imaging. Invest Radiol. https://doi.
0rg/10.1097/RLI1.0000000000000827

Montagnon E, Cerny M, Cadrin-Chénevert A et al (2020) Deep learning
workflow in radiology: a primer. Insights Imaging 11:22. https://doi.org/
10.1186/513244-019-0832-5

Arita H, Kinoshita M, Kawaguchi A et al (2018) Lesion location imple-
mented magnetic resonance imaging radiomics for predicting IDH and
TERT promoter mutations in grade II/1ll gliomas. Sci Rep 8:11773. https://
doi.org/10.1038/541598-018-30273-4

Carvalho S, Leijenaar RTH, Troost EGC et al (2018) '®F-fluorodeoxyglucose
positron-emission tomography (FDG-PET)-radiomics of metastatic lymph
nodes and primary tumor in non-small cell lung cancer (NSCLC)—a

35.

36.

37.

38.

39.

40.

41.

42.

43.

Page 11 of 11

prospective externally validated study. PLoS One 13:20192859. https://
doi.org/10.1371/journal.pone.0192859

. Hosny A, Parmar C, Coroller TP et al (2018) Deep learning for lung cancer

prognostication: a retrospective multi-cohort radiomics study. PLoS Med
15:21002711. https://doi.org/10.1371/journal.pmed.1002711

Ramella S, Fiore M, Greco C et al (2018) A radiomic approach for adap-
tive radiotherapy in non-small cell lung cancer patients. PLoS One
13:0207455. https://doi.org/10.1371/journal.pone.0207455

Lu H, Arshad M, Thornton A et al (2019) A mathematical-descriptor of
tumor-mesoscopic-structure from computed-tomography images anno-
tates prognostic- and molecular-phenotypes of epithelial ovarian cancer.
Nat Commun 10:764. https://doi.org/10.1038/541467-019-08718-9
SasakiT, Kinoshita M, Fujita K et al (2019) Radiomics and MGMT promoter
methylation for prognostication of newly diagnosed glioblastoma. Sci
Rep 9:1-9. https://doi.org/10.1038/541598-019-50849-y

Toivonen J, Montoya Perez I, Movahedi P et al (2019) Radiomics and
machine learning of multisequence multiparametric prostate MRI:
towards improved non-invasive prostate cancer characterization. PLoS
One 14:20217702. https://doi.org/10.1371/journal.pone.0217702

Keek S, Sanduleanu S, Wesseling F et al (2020) Computed tomography-
derived radiomic signature of head and neck squamous cell carcinoma
(peri)tumoral tissue for the prediction of locoregional recurrence and
distant metastasis after concurrent chemo-radiotherapy. PLoS One
15:20232639. https://doi.org/10.1371/journal.pone.0232639

LiJ, Liu S, QinY et al (2020) High-order radiomics features based on

T2 FLAIR MRI predict multiple glioma immunohistochemical features:

a more precise and personalized gliomas management. PLoS One
15:20227703. https://doi.org/10.1371/journal.pone.0227703

Park VY, Han K, Kim HJ et al (2020) Radiomics signature for prediction

of lateral lymph node metastasis in conventional papillary thyroid
carcinoma. PLoS One 15:0227315. https://doi.org/10.1371/journal.pone.
0227315

SongY, Zhang J, Zhang Y et al (2020) FeAture Explorer (FAE): a tool for
developing and comparing radiomics models. PLoS One 15:€0237587.
https://doi.org/10.1371/journal.pone.0237587

Veeraraghavan H, Friedman CF, Delair DF et al (2020) Machine learning-
based prediction of microsatellite instability and high tumor mutation
burden from contrast-enhanced computed tomography in endometrial
cancers. Sci Rep 10:17769. https://doi.org/10.1038/541598-020-72475-9

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Submit your manuscript to a SpringerOpen®
journal and benefit from:

» Convenient online submission

» Rigorous peer review

» Open access: articles freely available online
» High visibility within the field

» Retaining the copyright to your article

Submit your next manuscript at » springeropen.com



https://doi.org/10.1186/s13244-021-01107-1
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.3390/fi12030054
https://doi.org/10.3390/fi12030054
https://doi.org/10.1038/s41598-021-93756-x
https://doi.org/10.1038/s41598-021-93756-x
https://doi.org/10.1007/s00330-020-07598-8
https://doi.org/10.1007/s00330-020-07598-8
https://doi.org/10.7150/thno.28018
https://doi.org/10.7150/thno.28018
https://doi.org/10.3390/cancers13122928
https://doi.org/10.3390/cancers13122928
https://doi.org/10.1016/j.radonc.2015.02.015
https://doi.org/10.7150/thno.34149
https://doi.org/10.1371/journal.pone.0234871
https://doi.org/10.1038/srep13087
https://doi.org/10.1109/ACCESS.2019.2928975
https://doi.org/10.1109/ACCESS.2019.2928975
https://doi.org/10.1007/s00330-018-5730-6
https://doi.org/10.1007/s00330-018-5730-6
https://doi.org/10.2214/AJR.19.22147
https://doi.org/10.2214/AJR.19.22147
https://doi.org/10.1097/RLI.0000000000000827
https://doi.org/10.1097/RLI.0000000000000827
https://doi.org/10.1186/s13244-019-0832-5
https://doi.org/10.1186/s13244-019-0832-5
https://doi.org/10.1038/s41598-018-30273-4
https://doi.org/10.1038/s41598-018-30273-4
https://doi.org/10.1371/journal.pone.0192859
https://doi.org/10.1371/journal.pone.0192859
https://doi.org/10.1371/journal.pmed.1002711
https://doi.org/10.1371/journal.pone.0207455
https://doi.org/10.1038/s41467-019-08718-9
https://doi.org/10.1038/s41598-019-50849-y
https://doi.org/10.1371/journal.pone.0217702
https://doi.org/10.1371/journal.pone.0232639
https://doi.org/10.1371/journal.pone.0227703
https://doi.org/10.1371/journal.pone.0227315
https://doi.org/10.1371/journal.pone.0227315
https://doi.org/10.1371/journal.pone.0237587
https://doi.org/10.1038/s41598-020-72475-9

	Evaluation of the dependence of radiomic features on the machine learning model
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Key points
	Background
	Methods
	Datasets
	Features
	Preprocessing
	Feature selection methods
	Classifiers
	Training
	Evaluation
	Stability of the feature selection methods
	Similarity among the feature selection methods
	Correlation among the selected features
	Predictive performance
	Software
	Statistics

	Results
	Datasets
	Stability of the feature selection method
	Similarity among the feature selection methods
	Correlation among the selected features
	Predictive performance and feature stability

	Discussion
	Conclusion
	Acknowledgements
	References


