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Abstract
Aims: Despite the promising results achieved by radiomics prognostic models for various clinical applications, multiple challenges still need to be addressed.
The two main limitations of radiomics prognostic models include information limitation owing to single imaging modalities and the selection of optimum
machine learning and feature selection methods for the considered modality and clinical outcome. In this work, we applied several feature selection and
machine learning methods to single-modality positron emission tomography (PET) and computed tomography (CT) and multimodality PET/CT fusion to identify
the best combinations for different radiomics modalities towards overall survival prediction in non-small cell lung cancer patients.
Materials and methods: A PET/CT dataset from The Cancer Imaging Archive, including subjects from two independent institutions (87 and 95 patients), was used
in this study. Each cohort was used once as training and once as a test, followed by averaging of the results. ComBat harmonisation was used to address the
centre effect. In our proposed radiomics framework, apart from single-modality PET and CT models, multimodality radiomics models were developed using
multilevel (feature and image levels) fusion. Two different methods were considered for the feature-level strategy, including concatenating PET and CT features
into a single feature set and alternatively averaging them. For image-level fusion, we used three different fusion methods, namely wavelet fusion, guided
ﬁltering-based fusion and latent low-rank representation fusion. In the proposed prognostic modelling framework, combinations of four feature selection and
seven machine learning methods were applied to all radiomics modalities (two single and ﬁve multimodalities), machine learning hyper-parameters were
optimised and ﬁnally the models were evaluated in the test cohort with 1000 repetitions via bootstrapping. Feature selection and machine learning methods
were selected as popular techniques in the literature, supported by open source software in the public domain and their ability to cope with continuous time-toevent survival data. Multifactor ANOVA was used to carry out variability analysis and the proportion of total variance explained by radiomics modality, feature
selection and machine learning methods was calculated by a bias-corrected effect size estimate known as u2.
Results: Optimum feature selection and machine learning methods differed owing to the applied radiomics modality. However, minimum depth (MD) as feature
selection and Lasso and Elastic-Net regularized generalized linear model (glmnet) as machine learning method had the highest average results. Results from the
ANOVA test indicated that the variability that each factor (radiomics modality, feature selection and machine learning methods) introduces to the performance
of models is case speciﬁc, i.e. variances differ regarding different radiomics modalities and fusion strategies. Overall, the greatest proportion of variance was
explained by machine learning, except for models in feature-level fusion strategy.
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Conclusion: The identiﬁcation of optimal feature selection and machine learning methods is a crucial step in developing sound and accurate radiomics risk
models. Furthermore, optimum methods are case speciﬁc, differing due to the radiomics modality and fusion strategy used.
Ó 2021 The Authors. Published by Elsevier Ltd on behalf of The Royal College of Radiologists. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Introduction
Digitally encrypted medical scans captured by different
imaging modalities hold anatomical, physiological and metabolic information of underlying tumours, which can be harnessed through ‘radiomics’. This emerging image analysis tool
converts images into high-dimensional, mineable, quantitative features that are enriched with crucial information
regarding tumour phenotype [1]. This unprecedented technology provides new opportunities for precision oncology by
tackling inherent limitations of biopsy-based assays (e.g.
invasive procedures and inability to characterise the whole
tumour volume) for the characterisation of intra-tumour
heterogeneity [2,3]. Numerous studies reported promising
results regarding the high performance of radiomics models
based on different modalities in different cancer types. The
results from these studies proved that radiomics models are
associated with various outcomes, namely tumour histology
[4e6], stage or grade [4,7,8], survival [9e13] and other kinds of
clinical outcome [14e16]. Moreover, the correlation between
radiomics features and underlying gene expression patterns
has been reported in numerous studies [17e19].
Despite the potential of radiomics for clinical applications, multiple challenges still need to be addressed and
several improvements should be made to achieve an
optimal model. First, the information reﬂected by a single
imaging modality is limited to speciﬁc aspects of tumour
heterogeneity. For instance, ﬂuorodeoxyglucose (18F-FDG)positron emission tomography (PET) scanning measures
glucose metabolism, reﬂecting the molecular status of disease, such as cellular proliferation, hypoxia and metabolism
[20,21], whereas computed tomography (CT) images provide attenuation coefﬁcients reﬂecting absorption of X-rays,
which convey other information about lesions, such as
vascularisation and/or necrosis [22]. Therefore, investigators have taken a further step and are attempting to
integrate information from different imaging modalities
into a single model through different levels of fusion (i.e.
feature-, matrix- and image-level fusion).
Several studies reported improvements in the prognostic
performance of multimodality radiomics models developed
through the fusion of modalities at the feature [23,24],
matrix [25,26] and image level [27,28]. Lv et al. [29] and
Amini et al. [30] compared the performance of PET/CT
multimodality radiomics models developed at multiple
levels of fusion for survival prognosis of head and neck
squamous cell carcinoma (HNSCC) and non-small cell lung
carcinoma (NSCLC) patients, respectively. Both studies reported the highest performance from image-level fusion
models. The results of these studies indicated that a multimodality radiomics approach has the potential to tackle

the lack of comprehensiveness in malignant lesion data in
single modalities. Hence, it can provide better characterisation of intra-tumour heterogeneity by extracting more
meaningful features.
Another challenge to address is the selection of an
optimal statistical algorithm to build the most efﬁcient
prognostic/predictive model, which best ﬁts both the speciﬁc imaging modality and the clinical end point in use.
Machine learning techniques have become the leading
strategy in radiomics studies [31]. What makes machine
learning algorithms more useful for radiomics analysis
compared with standard statistical analysis is their ability to
cope with high-dimensional features extracted from a small
sample size [32]. They are also capable of capturing complex
interactions between features to produce relevant, nonredundant combinations (signatures) and use these signatures to develop robust prognostic/predictive models by
learning from underlying data/experience distribution [33].
Although various machine learning and feature selection
strategies were devised, using different approaches might
yield different results and even contradictory interpretations. Hence, it is crucial to compare the performance of the different combinations of machine learning
and feature selection methods to develop the most clinically relevant radiomics model that best ﬁts the modality
and the desired outcome.
So far, several studies have carried out such evaluations
on single-modality models. These studies investigated the
performance of different methods for both classiﬁcation
[34e37] and time-to-event survival analysis [38,39].
Regarding time-to-event analysis, Parmar et al. [38,39]
applied several algorithms in two separate studies on patients with NSCLC and locally advanced HNSCC and transformed their outcome of interest and overall survival to a
binary outcome. Although outcome dichotomisation is a
common procedure in stratifying patients into risk groups,
it might bias prediction accuracy. Therefore, researchers
have recently investigated the effect of different machine
learning and feature selection methods on predicting the
overall survival of HNSCC [40] and NSCLC [41] patients in a
continuous time-to-event manner.
Although several studies reported on the application of
different algorithms to single imaging modalities, comprehensive comparisons of the performance of various algorithms applied to multimodality radiomics models are still
lacking. Here we report on a thorough framework for performance evaluation of different time-to-event predicting
algorithms being applied to single- and multimodality
radiomics models. In the presented framework for multimodality models, we considered different feature- and
image-level fusion methods. Using the proposed framework,
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we assessed the performance of different combinations of
seven machine learning and four feature selection techniques as applied to single-modality (CT and PET) and multimodality radiomics model towards overall survival
prediction in NSCLC patients. In addition, our retrospective
study was conducted on an open dataset, using publicly
available fusion, feature selection and machine learning algorithms, to ensure that predictive radiomic models are as
robust and reproducible as possible. The proposed framework provides a robust method for selecting a subset of
promising feature selection and machine learning algorithms suitable for single- and multimodality radiomics
models for continuous (we avoided dichotomising data)
time-to-event prediction modelling.

Materials and Methods
Datasets
In this study, two cohorts from two independent institutions, namely Palo Alto Veterans Affairs Healthcare
System (VA) and Stanford University School of Medicine
(Stanford) were involved. These datasets were adopted from
The Cancer Imaging Archive open-access repository [42],
originally comprising 211 histologically proven NSCLC patients. Some patients were excluded owing to the high level
of noise or presence of artifacts, mis-segmentation and misregistration errors. Overall, 87 subjects from Stanford and 95
from VA were included. All patients underwent 18F-FDG PET/
CT scans, prior to surgical treatment. Image acquisition parameters are reported in [30] and Supplementary Table S1
separately for VA and Stanford datasets.
Radiomics Framework
Our efforts in this study consisted of two main frameworks, namely a radiomics framework and a prognostic
modelling framework (PMF). In the radiomics framework,
we developed seven different radiomics modalities,
including CT and PET for the single-modality strategy, two
models from the feature-level fusion strategy and three
models from the image-level fusion strategy. The sections
below describe our radiomics framework in detail and
Figure 1 illustrates the workﬂow adopted in the radiomics
framework.
Image Segmentation
The segmentation of malignant lesions from PET images
was carried out using OSIRIXÒ software [43], whereas CT
images were segmented using an automatic regiongrowing algorithm implemented in the 3D-Slicer package.
An experienced radiologist edited/veriﬁed both segmentations. Finally, we merged PET and CT masks to reduce segmentation errors and also to ensure that the volume of
interest (VOI) is constant over all single- and multimodality
models. An OR logic was used to merge the masks, i.e. each
voxel was identiﬁed as tumour if the corresponding voxels
from PET or CT masks were labelled tumour.

Developing Radiomics Modalities Using Different Strategies
Besides having both single-CT and single-PET models
(single-modality strategy), we developed another ﬁve PET/
CT fusion models, from feature- and image-level fusion
strategies. To offset the plausible bias owing to the selection of a speciﬁc fusion method, we considered two
different methods for feature-level fusion and three
methods for image-level fusion. The ﬁrst feature-level
fusion technique (concatenating PET and CT features into
a single feature set; ConFea) is considered a common
multimodal radiomics strategy and concatenates PET and
CT features into a single feature set. The second technique
(averaging PET and CT features; AvgFea) has features from
two modalities averaged.
Previous to image-level fusion, trivial mis-registration of
PET and CT images was treated as elaborated in [30]. In
addition, both volumes were resampled to the same resolution by interpolating images to isotropic voxel spacing of
2  2  2 mm3 using cubic interpolation and an antialiasing kernel.
For the image-level fusion strategy, three publicly available techniques, namely wavelet-based fusion (https://
github.com/mvallieres/radiomics), guided ﬁltering-based
fusion (GFF; https://github.com/funboarder13920/imagefusion-guidedﬁltering) and latent low-rank representation
fusion (LLRR; https://github.com/hli1221/imagefusion_
Infrared_visible_latlrr) were used. The wavelet fusion and
GFF methods were used in previous studies for the fusion of
medical images, including PET and CT, reporting promising
results. The LLRR method was originally designed for the
fusion of visible and infrared images, which could be analogous to PET/CT images.
The wavelet fusion method ﬁrst applies the threedimensional discrete wavelet transform to decompose CT
and PET images using wavelet basis function symlet8. Then,
PET and CT corresponding wavelet coefﬁcients (eight pairs
of wavelet sub-bands) are averaged to get a single set of
fused wavelet coefﬁcients. Finally, a three-dimensional inverse discrete wavelet transform is applied to the fused
coefﬁcients to obtain a fused volume.
The GFF method [44] ﬁrst applies an average ﬁlter,
conventionally set to 31  31, to PET and CT images to
obtain a base layer from the images. Then the base layer is
subtracted from the source image to generate a detailed
layer. This two-scale decomposition step aims to divide
source images into a separated base layer containing largescale variations of intensities and a detailed layer
capturing small-scale details. Then, a guided ﬁlteringbased weighted average method is used to fuse corresponding base and detailed layers of source images by
making full use of the spatial consistency. Finally, the fused
image is obtained by combining the fused base and
detailed layers. In this study, we adopted the default parameters of GFF used in [44].
The LLRR method [45] ﬁrst uses latent low-rank representation to decompose source images into low-rank parts
(global structure) and saliency parts (local structures). Then,
in order to preserve contour information, the low-rank
parts and the saliency parts are fused by a weighted-
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Fig 1. Flowchart of radiomics framework adopted in this study.

average strategy. The fusion of saliency parts is carried out
by a simple sum strategy, which is an efﬁcient operation in
this fusion framework. Finally, the fused low-rank part and
fused saliency part are combined to obtain the fused image.
The default parameters for LLRR used in [45] were adopted
in this study.
Overall, seven different radiomics models, namely individual CT, ConFea, AvgFea, wavelet fusion, GFF, LLRR and
individual PET models were developed in order to identify
the best combination of feature selection and machine
learning methods for single-modality, and feature- and
image-level fusion strategies towards NSCLC overall survival prognosis. All image processing and image fusions
were carried out in MatlabÒ 2020a.
Feature Extraction
Images were interpolated to isotropic voxel spacing of
2  2  2 mm3, so that images from different modalities were
standardised to a uniform size, to render texture features
rotationally invariant. Moreover, in order to make the
calculation of texture features tractable, intensities inside the
VOIs were quantised into 64 discretised grey levels. The
Standardized Environment for Radiomics Analysis Package
(https://github.com/ashraﬁnia/SERA) [46], a MatlabÒ-based
framework, compliant with the guidelines of the Image
Biomarker Standardization Initiative [47], evaluated in the
context of multicentre standardisation studies [47,48] for
improved features reproducibility, was used to extract a total
of 225 features from each VOI. This included 79 ﬁrst-order
(morphological, statistical, histogram and intensityhistogram) features, 136 three-dimensional texture features
extracted from GLCM, GLRLM, GLSZM, GLDZM, NGTDM,
NGLDM matrices and 10 moment-invariant features.

sensitivity to the so-called ‘batch effect’, i.e. differences in
scanner model, acquisition protocols and reconstruction
settings [49]. Hence, in order to generate consistent robust
models using multicentre datasets, harmonisation of features from different datasets prior to pooling them is highly
recommended [50]. In this study, we used a well-known
harmonisation method, ComBat (https://github.com/Jfortin1/ComBatHarmonization; ‘combining batches’). ComBat
harmonisation removes batch effects based on an empirical
Bayes framework using Bayes estimations for the locationscale parameters, including mean and variance for each
variable [51]. As a result, it generates batch-speciﬁc transformations to present all data in a common space, devoid of
centre effects [52]. ComBat has been reported as an efﬁcient
method for eliminating multicentre effects from radiomics
features [53,54].
Prognostic Modelling Framework
This study was conducted using two NSCLC cohorts from
independent centres. For a comprehensive evaluation of our
models, two train/test arrangements were investigated;
using VA as training and Stanford as testing (untouched
external validation) cohorts (noted as VAS partition) and
alternatively vice versa (noted as SVA partition). A PMF was
developed to generate radiomics signatures using different
feature selection algorithms, train predictive models utilising different machine learning methods, optimise their
hyper-parameters and, eventually, evaluate the models by
determining their overall survival prognostic performance
of NSCLC patients via Harrell’s concordance index (C-index).
Figure 2 illustrates our four-step PMF, including: (i) feature
selection, (ii) machine learning hyper-parameter optimisation, (iii) model training and (iv) model evaluation.

Feature Harmonisation
Multicentre radiomics studies are challenging as radiomics features are notorious for exhibiting variable

Feature Selection Methods
Four different feature selection methods were used in this
study. The ﬁrst method (referred to as C-index) is a hybrid

118

M. Amini et al. / Clinical Oncology 34 (2022) 114e127

feature selection method consisting of a ﬁlter followed by a
wrapper method based on univariate Cox proportional hazard regression. In this method, Spearman’s correlation was
used as a measure of redundancy to omit one of each feature
pairs with correlation coefﬁcients higher than 0.9. The
remaining features were fed into the univariate Cox proportional hazard model with 100 repetitions using bootstrap
resampling and the top 10 features with the best performance (highest average C-index) were selected. Moreover,
we used three wrapper feature selection methods by
implementing random forest variable selection, with tree
minimum
depth
methodology
(https://rdrr.io/cran/
randomForestSRC/man/var.select.rfsrc.html) [52,53]. There
are three different approaches in this method, including
minimum depth, variable hunting and variable hunting with
variable importance (VH.VIMP). For variable hunting and
VH.VIMP, the process was repeated 50 times and the top P
ranked variables were selected, where P was the average
model size (rounded up to the nearest integer) and variables
were ranked by frequency of occurrence.
Machine Learning Methods
The performance of seven machine learning methods
was assessed, including Cox proportional hazard [54], Cox
model ﬁtted by likelihood-based boosting (CoxBoost) [55],
Lasso and Elastic-Net regularised generalised linear model
(glmnet) [56], random survival forest (RSF) [57], gradient
boosting with component-wise linear model (glmboost)
[58], generalised boosted regression model (GBM) [59,60]
and survival tree [61]. All feature selection and machine
learning methods used in this work were able to cope with
continuous time-to-event data. Our selection criterion was
public availability to ensure an unbiased and easily reproducible evaluation. The packages of each machine learning
method are listed in Table 1.
Hyper-Parameter Optimisation
Hyper-parameter optimisation (machine tuning) was
carried out for all machine learning methods (except Cox
proportional hazard) using grid search. It was guided by the
performance metric, C-index, calculated by three-fold
cross-validation in the training dataset. The hyperparameters and their ranges can be found in Table 1.
Model Evaluation
Subsequently after identiﬁcation of hyper-parameters,
the optimal models were applied to the test cohort with
1000 repetitions using bootstrap resampling. VA and Stanford datasets were cycled as the training and test cohorts,
respectively, and the results were averaged. MLR package in
R 3.6.2 was used for hyper-parameter optimisation, model
training and model evaluation.
Variability Analysis with Multifactor ANOVA
The three main factors affecting the performance of our
radiomics-based prognostic models were radiomics modality (seven models, including single- and multimodality),

feature selection methods (four algorithms) and machine
learning algorithms (seven algorithms). To quantify the
variance of C-indices owing to these three factors and their
interactions, we used a multifactor ANOVA test. Moreover,
the proportion of total variance explained by each factor
was calculated by a bias-corrected effect size estimate
known as u2 [62]. Finally, we carried out a multiple comparison test, once separately on each strategy (individual,
feature- and image-level fusion) and once on all models
combined, to determine which feature selection/machine
learning or combination of these methods provides the
most signiﬁcant result.

Results
Although two separate train/test arrangements (VAS and
SVA) were used in this study, some results are only reported
for VAS partition as the frequency of events (deaths) in the VA
dataset was higher than in the Stanford set (37% versus 26%).
Selected Features
The selected features from each radiomics modality in
the VAS partition (columns) by each feature selection
method (rows) are presented in Supplementary Table S2.
Moreover, we investigated the distribution of features
selected by different feature selection methods from
different radiomics modalities, within different feature
families (morphological, statistical, intensity histogram and
intensity volume histogram, and texture features). Figure 3
shows the pie chart of features distribution within different
feature families, in each radiomics modality (Figure 3aeg)
and from each feature selection method (Figure 3hek).
Prognostic Performance of Different Feature Selection and
Machine Learning Combinations
The prognostic performance of all cross-combinations
of feature selection and machine learning methods towards overall survival prediction of NSCLC patients was
evaluated for all radiomics models. The performance of all
models is reported with C-index in the test (external
validation) cohort. Figure 4 shows the performance of all
radiomics modalities (columns) trained by all combinations of feature selection and machine learning methods
(rows), by averaging the VAS and SVA results. They are also
presented showing more details, containing standard deviations and 95% conﬁdence intervals, in Supplementary
Table S3. Supplementary Figure S1 shows the C-index of
all models separately for VAS and SVA partitions. In the
VAS partition, many models within image-level fusion
achieved C-indices higher than 0.7 (e.g. LLRR fusion model
with minimum depth as the feature selection method and
glmboost as the machine learning method, achieved a Cindex of 0.73).
Table 2 lists the best combinations of feature selection/
machine learning methods for each radiomics modality. The
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Fig 2. Flowchart of prognostic modeling framework (PMF) employed in this study.

best performance was achieved by minimum depth/glmnet
and minimum depth/glmboost applied to the LLRR model
(C-index ¼ 0.68) and C-index/glmnet applied to the wavelet
fusion model (C-index ¼ 0.68). In addition, in CT-only, PETonly and ConFea radiomics modalities, the best prognostic
model was trained with glmnet. The minimum depth
feature selection method achieved the best results in CTonly, ConFea, GFF and LLRR radiomics modalities and
frequently appeared within the best combinations (Table 2).

In Table 3, the average performance of models with a ﬁxed
feature selection or machine learning method (e.g. row:
minimum depth; column: LLRR indicates the average C-index of all LLRR models with minimum depth ﬁxed as the
feature selection method, and varying machine learning
methods). For models in the single-modality strategy,
VH.VIMP as the feature selection method (average C-index ¼
0.61) and glmnet and glmboost as the machine learning
methods (average C-index ¼ 0.61) had the highest average,

Table 1
Machine learning methods, corresponding packages and hyper-parameters used in this study
Model

R package

Hyper-parameter

Coxph
CoxBoost
glmnet

Survival
CoxBoost
glmnet

RSF

randomForestSRC

glmboost
GBM

mboost
gbm

ST

rpart

maxstepno: 50-500
s: 0.001-0.1
alpha: 0-1
ntree: 100, 500, 1000
mtry: 1-10
nodesize: 1:20
splitrule: logrank, logrankscore
mstop: 50-500
n.trees: 100, 500, 1000
interaction.depth: 1-5
n.minobsinnode: 3-5
shrinkage: 0.01,0.05,0.1
minsplit: 1-20
maxdepth: 1-30

CoxBoost, Cox model ﬁtted by likelihood-based boosting; Coxph, Cox proportional hazard; GBM, generalised boosted regression model;
Glmboost; gradient boosting with component-wise linear model; glmnet, Lasso and Elastic-Net regularised generalised linear model; RSF,
random survival forest; ST, survival tree.
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whereas variable hunting as the feature selection method
(average C-index ¼ 0.58) and survival tree as the machine
learning method (average C-index ¼ 0.57) had the worst
performance. Regarding the feature-level fusion strategy,
minimum depth and VH.VIMP as the feature selection
methods (average C-index ¼ 0.6) and CoxBoost and glmnet
as the machine learning methods (average C-index ¼ 0.61)
had the best performance, whereas C-index as the feature
selection method (average C-index ¼ 0.59) and RSF as the
machine learning method (average C-index ¼ 0.58) had the
lowest results. In image-level fusion strategy, minimum
depth as the feature selection method (average C-index ¼
0.63) and CoxBoost and glmnet as the machine learning
methods (average C-index ¼ 0.64) reached the highest results, whereas VH.VIMP as the feature selection method
(average C-index ¼ 0.6) and survival tree as the machine
learning method (0.57) had the worst performance. Finally,
considering all models together, minimum depth as the
feature selection method (average C-index ¼ 0.61) and
glmnet as the machine learning method (average C-index ¼
0.62) had the best results, whereas survival tree as the machine learning method (average C-index ¼ 0.57) had the
worst performance.
Results from Variability Analysis with ANOVA
We applied the ANOVA test once separately on each
radiomics modality, once separately on each strategy
(single-modality, feature- and image-level fusion) and
once on all models together. The corresponding results
are shown in Table 4. As Table 4 suggests, the different
radiomics modalities and different strategies are sensitive
to different factors. For instance, in the CT models, the
selection of feature selection method is signiﬁcantly
effective (P-value < 0.005), whereas the machine learning
method is not (P-value ¼ 0.099), whereas unlike CT, in

PET models, changing the machine learning method has a
signiﬁcant effect (P-value < 0.02) whereas the feature
selection method has not (P-value ¼ 0.097). For other
radiomics modalities, reference is made to Table 4.
Regarding the different radiomics strategies, singlemodality models were affected by all three factors;
feature-level fusion models were affected by changing the
radiomics model and machine learning algorithm,
whereas the feature selection method did not have a
signiﬁcant effect on their outcome (P-value ¼ 0.096);
image-level fusion models were sensitive to all three
factors. Finally, considering all models together, all three
factors were signiﬁcantly effective. The proportion of
variance explained by each factor and their interactions
are shown in Figure 5. It varied owing to the strategy.
However, in general, the most effective factor was the
selection of machine learning methods, except for
feature-level fusion strategy, in which radiomics modality
was the most effective factor.
Figure 6 illustrates the results from a multiple comparison test to identify which feature selection (a, d, g, j), machine learning (b, e, h, k) or combination (c, f, i, l) of methods
provides signiﬁcantly different results in a single-modality
strategy (aec), a feature-level fusion strategy (def), an
image-level fusion strategy (gei) and within all models
(jel). As an example, considering the results of all models
together, regarding feature selection methods (Figure 6j),
the minimum depth feature selection method (marked
blue), signiﬁcantly outperformed variable hunting methods
(marked red), whereas it had comparable results with
VH.VIMP (marked grey).
Discussion
Here we provide a thorough comparison of overall survival prognostic performance of feature selection and

Fig 3. Pie chart of distribution of features selected from different radiomics modalities (aeg), by different feature selection methods (hek)
within feature families.
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Fig 4. Performance of all radiomics modalities (columns) trained by different combinations of FS and ML methods (rows).

machine learning methods applied to multilevel fusion of
multimodality PET/CT radiomics-based models developed
for NSCLC patients. In this regard, a cross-combination of
four feature selection and seven machine learning methods
was applied to single-modality PET and CT models, featurelevel fusion AvgFea and ConFea models, and image-level
fusion wavelet fusion, GFF and LLRR models.
Overall, feature selection methods can be divided into
four categories: ﬁlter-based, wrapper-based, embeddedbased and hybrid methods (the latter is a combination of
previous methods). Previous studies mostly used ﬁlterbased feature selection methods as they are computationally efﬁcient. However, ﬁlter-based methods often evaluate
features individually and ignore the effect of the selected
feature subset on the performance of the algorithm.
Conversely, wrapper and embedded methods utilise a

machine learning algorithm to evaluate feature subsets. In
this study, we proposed the C-index method, which is a
hybrid feature selection method using Spearman’s correlation, as a ﬁlter to remove redundant features and then using
Cox regression as a measure of relevance. Moreover, three
other methods based on the wrapper strategy were used.
With respect to machine learning, seven publicly available
methods with reported hyper-parameters were used to
ensure an unbiased evaluation. All methods were able to
handle continuous time-to-event data.
The performance of all models was reported separately
(Figure 4) and the best combinations for each radiomics
model were reported (Table 2). Minimum depth as the feature
selection method and glmnet as the machine learning
method were the most frequently present among the best
combinations. Moreover, for each radiomics model, each
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Table 2
Best combinations of feature selection and machine learning methods for each radiomics modality. C-indices and corresponding standard
deviations are also provided. C-indices higher than 0.65 are marked in bold
Model

Feature selection

Machine learning

C-index

Standard deviation

CT

MD

PET
ConFea
AvgFea
WF
GFF
LLRR

VH.VIMP
MD
VH
C-index
MD
MD

glmnet
glmboost
glmnet
glmnet
GBM
glmnet
Coxph
glmnet
glmboost

0.64
0.64
0.63
0.65
0.63
0.68
0.66
0.68
0.68

0.052
0.052
0.053
0.051
0.056
0.063
0.073
0.068
0.074

AvgFea, averaging PET and CT features; ConFea, concatenating PET and CT features into a single feature set; Coxph, Cox proportional hazard;
CT, computed tomography; GBM, generalised boosted regression model; GFF, guided ﬁltering-based fusion; glmnet, Lasso and Elastic-Net
regularised generalised linear model; glmboost, gradient boosting with component-wise linear model; LLRR, latent low-rank representation; MD, minimum depth; PET, positron emission tomography; VH, variable hunting; VH.VIMP, variable hunting with variable importance; WF, wavelet fusion.

strategy, and for all models together, the average performance
of each feature selection and machine learning method was
reported (Table 3). Although the results were case-speciﬁc,
minimum depth and VH.VIMP as feature selection methods
and CoxBoost and glmnet within the machine learning
methods had overall higher average results.
We also carried out a variability analysis using the
multifactor ANOVA test to assess the effect of changing
radiomics modality, feature selection method, machine
learning algorithm and their interactions on the performance of prognostic models. As Table 4 suggests, the
sensitivity to feature selection and machine learning
methods or their interactions, are case-speciﬁc, i.e. not only
different radiomics modalities but also different strategies
(single-modality, feature- and image-level fusion strategies) are sensitive to different factors. This highlights the
importance of optimising the models, regarding the strategy that is being considered and, furthermore, the speciﬁc
radiomics modality that is being used.

We also reported the proportion of total variance
contributed by each factor and their interactions in different
strategies. Surprisingly, except for the feature-level fusion
strategy, the selection of machine learning method generated greater variance even compared with the selection of
radiomics modality. For instance, in the single-modality
strategy (Figure 5b), 18% of the variance was attributed to
the machine learning method, whereas the radiomics modality only contributed to 4.2% of the variance. In other
words, the identiﬁcation of the proper machine learning
method may have a greater effect on the outcome than
selecting between CT and PET modalities. This difference was
even more signiﬁcant for image-fusion strategy (44.6% of the
variance was due to the selection of the machine learning
method, whereas fusion type and feature selection method
had less than 10% contribution to the total variance).
Multiple comparisons were also carried out to identify
the best feature selection/machine learning methods and
their combinations, separately for different radiomics

Table 3
Average performance of models with a deﬁned feature selection or machine learning method, separately for each radiomics modality, each
strategy, and within all models together. Highest C-indices within each category are marked in bold
Method

CT

PET

Single modality

ConFea

AvgFea

Feature fusion

WF

GFF

LLRR

Image fusion

All

C-index
MD
VH.VIMP
VH
Coxph
CoxBoost
glmnet
RSF
glmboost
GBM
ST

0.59
0.6
0.62
0.57
0.59
0.61
0.61
0.59
0.61
0.58
0.58

0.59
0.57
0.59
0.58
0.58
0.58
0.6
0.59
0.6
0.59
0.55

0.59
0.59
0.61
0.58
0.59
0.60
0.61
0.59
0.61
0.59
0.57

0.61
0.61
0.61
0.6
0.59
0.63
0.62
0.59
0.62
0.59
0.6

0.56
0.59
0.59
0.59
0.58
0.58
0.59
0.57
0.58
0.6
0.58

0.59
0.60
0.60
0.60
0.59
0.61
0.61
0.58
0.60
0.60
0.59

0.63
0.62
0.6
0.62
0.61
0.64
0.65
0.62
0.65
0.59
0.57

0.58
0.62
0.61
0.6
0.59
0.62
0.61
0.62
0.61
0.6
0.56

0.62
0.65
0.6
0.62
0.64
0.65
0.65
0.63
0.64
0.59
0.57

0.61
0.63
0.60
0.61
0.61
0.64
0.64
0.62
0.63
0.59
0.57

0.60
0.61
0.60
0.60
0.60
0.61
0.62
0.60
0.61
0.59
0.57

AvgFea, averaging PET and CT features; ConFea, concatenating PET and CT features into a single feature set; CoxBoost, Cox model ﬁtted by
likelihood-based boosting; Coxph, Cox proportional hazard; CT, computed tomography; GBM, generalised boosted regression model; GFF,
guided ﬁltering-based fusion; Glmboost, gradient boosting with component-wise linear model; glmnet, Lasso and Elastic-Net regularised
generalised linear model; LLRR, latent low-rank representation; MD, minimum depth; PET, positron emission tomography; RSF, random
survival forest; ST, survival tree; VH, variable hunting; VH.VIMP, variable hunting with variable importance; WF, wavelet fusion.
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Table 4
P-values related to the ANOVA test to show the signiﬁcant effects of different factors on different radiomics modalities, different radiomics
strategies and all models together. Non-statistically signiﬁcant P-values are marked in bold
Method

CT

PET

Single
modality

ConFea

AvgFea

Feature
fusion

WF

GFF

LLRR

Image
fusion

All

Radiomics
Feature selection
Machine learning
Radiomics þ feature selection
Radiomics þ machine learning
Machine learning þ feature selection

_
0.002
0.099
_
_
_

_
0.097
0.012
_
_
_

0.034
0.005
0.010
0.040
0.248
0.616

_
0.485
0.016
_
_
_

_
0.016
0.319
_
_
_

<0.001
0.096
0.018
0.052
0.020
0.191

_
0.155
0.001
_
_
_

_
0.004
0.013
_
_
_

_
0.006
0.000
_
_
_

0.001
0.002
<0.001
0.001
0.145
0.108

<0.001
0.003
<0.001
<0.001
<0.001
0.001

AvgFea, averaging PET and CT features; ConFea, concatenating PET and CT features into a single feature set; CT, computed tomography; GFF,
guided ﬁltering-based fusion; LLRR, latent low-rank representation; PET, positron emission tomography; WF, wavelet fusion.

strategies, and for all radiomics modalities together
(Figure 6). As Figure 6 suggests, not all the radiomics strategies used (single-modality, feature- and image-level
fusion) had a speciﬁc feature selection or machine
learning method that could signiﬁcantly outperform other
methods. For instance, considering feature selection
methods in the image-level fusion strategy (Figure 6g), a
special feature selection method (minimum depth) signiﬁcantly outperformed all other methods, whereas in the
feature-level fusion strategy (Figure 6d), the results from
different feature selection and machine learning methods
were comparable to each other (no method signiﬁcantly
outperformed other methods). In other strategies, some
feature selection and/or machine learning methods

signiﬁcantly altered performance compared with other
speciﬁc methods.
Our analysis focused on features selected from different
radiomics modalities by different feature selection
methods to investigate their distribution within feature
families (Figure 3). Overall, the texture family had the
greatest proportion and moment invariant and morphological families had the smallest share in feature sets. In
the minimum depth feature selection method, which
appeared in several best combinations (Table 2), and had
the best average performance (Table 3), the features were
approximately distributed equally within families (except
moment invariant family). It conveys that ideal feature
signatures may include equal shares of feature families to

Fig 5. The proportion of variance explained by each factor and their interactions for (a) all models together, (b) single-modality strategy, (c)
feature-level fusion strategy, and (d) image-level fusion strategy.
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Fig 6. Multiple comparison test identifying which FS (a, d, g, j), ML (b, e, h, k), or combination of FS/ML methods (c, f, i, l) provides signiﬁcantly
different results in single-modality strategy (a, b, c), feature-level fusion strategy (d, e, f), image-level fusion strategy (g, h, i), and all (j, k, l)
within models together. The best methods or combinations are marked in blue, methods that are signiﬁcantly outperformed are marked in red,
and methods with comparable results are marked in gray.

exploit all aspects of tumours, including shape, intensity
distribution and texture.
In a recent study, Amini et al. [30] developed PET/CT
multimodality radiomics models for NSCLC survival analysis. They integrated PET and CT data at different fusion
levels and developed AvgFea and ConFea for features and
wavelets for image-level fusion. For feature selection, they
evaluated all possible combinations of top 10 features with
the highest performance (identiﬁed by univariate Cox
proportional hazard) to select the optimum signature and
then used multivariate Cox proportional hazard to train
their model. In the current study, we added two other
image-level fusions to existing models and applied
different feature selection and machine learning methods

to optimise the performance of the models. Note that
although we used the same dataset as in [42], we
harmonised the feature sets using ComBat harmonisation
to address the plausible batch effect owing to the dualcentric nature of the study. For CT, the performance was
improved from a C-index of 0.631e0.64 using minimum
depth and glmnet/glmboost (as feature selection and machine learning methods, respectively). Likewise, for PET,
the performance increased from 0.591 to 0.63 using
VH.VIMP and glmnet. For ConFea, our model using minimum depth and glmnet (C-index ¼ 0.65) dominated their
model (C-index ¼ 0.616). For AvgFea, our model based on
variable hunting and GBM slightly increased the performance (0.63 versus 0.629). Finally, for image-level fusion,
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our models did not result in superior performance. Yet, we
achieved comparable results to their wavelet fusion model
(C-index ¼ 0.68) with minimum depth and glmnet/
glmboost applied to LLRR fusion or C-index and glmnet
applied to wavelet fusion. In this work, we tested different
feature selection and machine learning methods to
improve the outcome. At the same time, we used two
additional image-level fusion methods to investigate the
effect of image-fusion methods on the performance of
image-level fusion models. However, as shown in
Figure 5d, compared with the selection of the fusion
method, the selection of the machine learning algorithm
introduced larger variance in the performance of imagelevel fusion models.
To the best of our knowledge, this is the ﬁrst effort
extending the comparison of different feature selection and
machine learning methods to multilevel fusion of multimodality radiomics models towards NSCLC overall survival
prognostication. In a study by Sun et al. [41], ﬁve feature
selection and eight machine learning methods were applied
to the radiomic features extracted from CT scans of NSCLC
patients to investigate their prognostic performance. They
achieved the highest performance using the gradient
boosting linear model based on Cox’s partial likelihood for
the machine learning method and the concordance index as
the feature selection method (C-index ¼ 0.68). In comparison, our best model for CT used minimum depth as the
feature selection method and glmnet or glmboost as the
machine learning method (C-index ¼ 0.64). Moreover, they
only considered a single-modality CT model, whereas our
study also shed light on multilevel fusion models. Another
study by Parmar et al. [38] examined 14 feature selection and
12 machine learning methods to assess their performance
and stability for predicting the overall survival of NSCLC
patients. Our results (reported with C-indices, which preserved the continuous nature of the time-to-event analysis)
cannot be compared with their results (reported with area
under the curve). In their study, a combination of the Wilcoxon test-based feature selection method and the random
forest classiﬁcation method reached the highest performance (area under the curve ¼ 0.66) with the highest stability against data perturbation. In addition, their study was
limited to single-modality CT and they transformed the
overall survival (a continuous outcome) to a binary outcome,
which might have biased the prediction accuracy.
This study can provide information to tailor a subset of
promising feature selection and machine learning algorithms to single- and multimodality radiomics models for
overall survival prognostication of NSCLC patients. Moreover, the results were extended to different levels of fusion
of PET and CT data. The most prominent limitation of this
study was the small sample size.

Conclusion
In this study, we proposed a comprehensive framework
for ﬁnding the optimum time-to-event prognostic algorithms (feature selection and machine learning), suitable
for single- and multimodality radiomics models. For PET/CT
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radiomics-guided survival prognostication of NSCLC patients, the optimal combination of feature selection and
machine learning methods vary considerably depending on
the imaging modality (PET, CT or dual-modality PET/CT
fusion) they are applied to. However, on average, minimum
depth as the feature selection method and glmnet as the
machine learning method resulted in a better performance.
The proposed framework enabled ﬁnding optimum timeto-event prognostic algorithms for application on different
single- and multimodality PET/CT radiomics for survival
prediction of NSCLC patients.
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