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Abstract
The malignant tumors in nature share some common morphological characteristics. Radiomics is not only images but also 
data; we think that a probability exists in a set of radiomics signatures extracted from CT scan images of one cancer tumor 
in one specific organ also be utilized for overall survival prediction in different types of cancers in different organs. The 
retrospective study enrolled four data sets of cancer patients in three different organs (420, 157, 137, and 191 patients for 
lung 1 training, lung 2 testing, and two external validation set: kidney and head and neck, respectively). In the training set, 
radiomics features were obtained from CT scan images, and essential features were chosen by LASSO algorithm. Univari-
able and multivariable analyses were then conducted to find a radiomics signature via Cox proportional hazard regression. 
The Kaplan–Meier curve was performed based on the risk score. The integrated time-dependent area under the ROC curve 
(iAUC) was calculated for each predictive model. In the training set, Kaplan–Meier curve classified patients as high or low-
risk groups (p-value < 0.001; log-rank test). The risk score of radiomics signature was locked and independently evaluated 
in the testing set, and two external validation sets showed significant differences (p-value < 0.05; log-rank test). A combined 
model (radiomics + clinical) showed improved iAUC in lung 1, lung 2, head and neck, and kidney data set are 0.621 (95% 
CI 0.588, 0.654), 0.736 (95% CI 0.654, 0.819), 0.732 (95% CI 0.655, 0.809), and 0.834 (95% CI 0.722, 0.946), respectively. 
We believe that CT-based radiomics signatures for predicting overall survival in various cancer sites may exist.
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Introduction

The incidence of cancers has increased significantly in 
recent years, and cancers are the leading cause of mor-
tality in most countries [1]. Lung cancer, with 85% being 
non-small cell lung cancer (NSCLC) cases, is the leading 
cause of neoplasm-related deaths, accounting for 18% of the 
mortality rate globally [1, 2]. Renal cell carcinoma (RCC), 
which accounted for more than 2% of all cancers and caused 
179,368 deaths world-level in 2020, is currently the second 
most prevalent cancer of the urogenital system [1]. Head 
and neck cancers, with the majority of squamous cell carci-
noma (HNSCC), cause the deaths of 177,757 people out of 
377,713 new cases reported, especially in the low Human 
Development Index (HDI) countries [1]. Despite the devel-
opment of tools assisting early diagnosis, improving the 
outcome with new therapies, the survival rates of NSCLC 
[2, 3], RCC [4], HNSCC [1, 5], and other types of cancer 
remain alarmingly low when they come to final stages of 
metastasis. As a result, prognostic stratification is critical 
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for classifying patients and assisting clinicians in making 
treatment options.

Medical imaging techniques have emerged to become 
robust, precise, yet efficient non-invasive tools for can-
cer diagnosis and prognosis. Medical images can now be 
extracted into quantitative features for further analyses of 
tumor properties, term “radiomics” [6–8]. Radiomics can 
provide personalized information for different types of can-
cers in other organs based on plenty of features extracted [7, 
9, 10]. Quantitative features extracted from medical images 
play a pivotal role in evaluating distinct characteristics of 
malignant lesions and the regional differences of tumors. 
For this task, several recent studies show the superiority of 
models assembled by radiomics features in cancer diagnosis 
over conventional approaches [11–13]. Some studies focus-
ing on radiomics features have been conducted to predict the 
survival outcome on NSCLC [14–16], HNSCC [17, 18], and 
RCC patients [4, 19]. Given the high performance of sur-
vival prediction, several radiomics signatures were used for 
different types of cancers. Features about tumor shape, size, 
intensity, and texture give phenotype information and are 
also used in survival analyses when combined with clinical 
details of the patients [7, 20].

The malignant tumors in nature share plenty of mor-
phological characteristics, such as rough and invasive-tend 
boundaries, irregular shape, large volume, rapidly increasing 
size, vascular proliferation, and with or without tumor necro-
sis [21]. These common characteristics of cancerous tumors 
can also be detected in medical images, such as the margin’s 
shape, size, and signs of cancerous necrosis included in the 
reporting and data system (-RADS), which is the imaging-
based diagnostic system standardized for tumors from dif-
ferent organs [22]. In several recent studies, some authors 
have focused on the similarity of radiomics features between 
tumor structures in different organs and how these similari-
ties contribute to predicting survival. How about cancer 
patients in different organs? Aerts et al. [23] applied one 
prognostic radiomics signature encompassing four radiom-
ics features to stratify NSCLC patients into high-risk and 
low-risk groups, and these signatures subsequently had a 
significantly high performance on other NSCLC datasets and 
two external sets, including HNSCC patients. One study in 
2019 [24] used features extracted from 2-dimensional (2D) 
and 3-dimensional (3D) medical images to prognose the sur-
vival probability of patients with three different malignan-
cies. However, the NSCLC-radiomic-signature ensembled 
by Lee et al. [25] failed to perform a significant survival 
prediction on brain and kidney cancer datasets.

Based on the references mentioned above, we hypothesize 
whether there is one radiomics signature that can be used for 
the survival prediction task on different types of malignant 
tumors. In this study, we propose one CT-based radiomics 

signature that can be utilized to conduct the survival predic-
tion analysis on NSCLC, HNSCC, and kidney cancer.

Materials and Methods

The overall study design is shown in Fig. 1.

Patient Cohort

The imaging and clinical information of the patients in this 
multi-cohort study was retrospectively collected from The 
Cancer Imaging Archive (TCIA) [26]. The institutional 
review board (IRB) and patient consent were waived due to 
the public design of this study. Four different patient cohorts 
are retrieved and used as follows:

1. The first cohort, lung 1 (NSCLC-Radiomics), was 
uploaded on TCIA, Public Access on July 2, 2014, and 
included 422 NSCLC patients treated at MAASTRO 
Clinic (Maastricht, The Netherlands) [23]. We chose 420 
patients for the training set in this study due to missing 
information.

2. The second cohort, lung 2 (NSCLC Radiogenomics), 
was released to the public on TCIA, December 22, 2015, 
containing 211 NSCLC patients treated at Stanford Uni-
versity Medical Center and Palo Alto Veterans Affairs 
Healthcare System, USA [27]. We picked 157 patients 
for the testing set owing to the missing information of 
radiomics features.

3. Patients with HNSCC were the third dataset released 
July 25, 2019 (MAASTRO Clinic, (Maastricht, The 
Netherlands), from TCIA consisting of 137 HNSCC 
patients [23]. This data set was used as the first external 
validation.

4. The fourth dataset contains 210 patients with CT scans 
and segmentations from subjects from the training set of 
the 2019 Kidney and Kidney Tumor Segmentation Chal-
lenge (KiTS19) from University of Minnesota Health, 
USA [28], which was published on TCIA, Public Access 
on December 18, 2019. Only 191 patients were included 
in our study whose post-operative surgical pathology 
report revealed that the tumor was RCC for second 
external validation [28].

All of the data sets contain clinical information, such as 
age, gender, stage, and overall survival outcomes. Table 1 
shows the baseline characteristics of patients as well as CT 
image data. We also listed all the subject’s identifiers of each 
cohort in Supplementary Table S1.
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Radiomics Feature Extraction

Tumor segmentation was performed by the author of the 
datasets with CT scan images coming from different insti-
tutes and different image preprocessing (Table  1). The 
extraction of radiomics features from CT images in this work 
was implemented using 3D Slicer software [29]. To extract 
radiomics characteristics that satisfied the IBSI standards, 
the Pyradiomics library in Python was employed. Custom-
izing bin width is set at 25; in each set of CT images of 
one patient, we obtained 851 radiomics features, which can 
be split into four categories dubbed tumor intensity, shape, 
texture, and wavelet filters.

Feature Selection and Best Model Construction

In the training set, pairwise correlations were performed to 
eliminate redundant radiomics features and avoid over-fitting 
or bias during analysis. The LASSO regression model is 
used to find the top important features [30]. Univariable Cox 

proportional hazard models were constructed on radiomics 
features refined by LASSO to find the radiomics signatures. 
Risk scores were calculated by the following formula [30–32]:

where n denotes the number of radiomics signature features, 
and � is regression coefficient of each radiomics signature 
computed by the multivariable Cox proportional hazard 
model. Finally, to validate the robustness of the risk score 
for the survival prediction task, we applied it to the testing 
and two external validation sets.

Assess the Radiomics Signature and Clinical 
Parameter Integration’s Effectiveness

For the purpose of evaluating the effectiveness in predicting 
survival, we combined models to evaluate survival progno-
sis, including clinical parameters (age, gender, stage) and 

Risk Score =

n
∑

i=1

(β × radiomics signature value)

Fig. 1  Flow chart of identified CT-based radiomics signatures uniform for overall survival prediction
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radiomics signatures model. We compared the performance 
of the models against each other and to find the best model 
in predicting survival [33, 34].

Statistical Analysis

Before constructing the model, all radiomics features were 
normalized using the z-score normalization. We employed 
Pearson’s correlation analysis to measure the correlation of 
every radiomics feature pairs in the training set [35, 36]. If 
the correlation coefficient between two features is greater 
than 0.7, which illustrated a high correlation, we determined 
to exclude one with lower correlation coefficient to the sur-
vival outcome and retain the more significant one. Top fea-
ture importance was found by LASSO regression model 
using the “glmnet” package. Risk score for each patient was 
calculated using the best model radiomics signatures by the 
Est.PH function in the “survC1” package. The Kaplan–Meier 
curve was plotted to visualize the stratification of patients 
as high- or low-risk group following the median risk score. 
The iAUC was obtained for each predictive model using 
the “risksetROC” and “SurvC1” package. Bootstrapped 
resampling with 1000 repetitions was used to calculate the 
differences in iAUC between the multivariable predictive 
models; if the 95% CI of the iAUC difference did not contain  
a zero value, the difference was judged statistically signifi-
cant. Risk prediction abilities were assessed by graphing the 

Brier score prediction error curves across survival times by 
the “pec” package in R [33, 34, 37, 38]. All analyses were 
performed in R (version 3.3.0) and Python (version 3.8). 
We defined “statistical significance” as the p-value of the 
measurement less than 0.05.

Results

Patient’s Characteristics

The four data sets in this study are extracted from TCIA 
which are information about cancer patients from three dif-
ferent organ locations: lung, kidney, and head and neck. The 
mean age of patients is lung 1 training set 68.01, lung 2 
testing set 68.97, head and neck validation set 61.96, and 
kidney validation set 58.06. The male gender predominates 
in all data sets. The majority of the lung 1 training set was 
stage IIIb; accounting for 42%, the lung 2 testing set was 
stage I (66.2%). Similarly, the kidney validation set at the 
stage I is predominated (67%). The head and neck valida-
tion set at stage IVa accounted for the majority, 49.6%. The 
shortest median overall survival time is the lung 1 training 
set: 548.00 days (260.25, 1414.25), and the median of the 
longest overall survival time is head and neck validation set 
2778.00 days (912.00, 3198.00) (Table 1).

Table 1  Summary of four data sets

Training set Testing set External validation set 1 External validation set 2

TCIA—NSCLC radiomics
Lung 1
(n = 420)

TCIA—NSCLC 
radiogenomics

Lung 2
(n = 157)

TCIA – head-neck-
radiomics-HN1

Head & neck
(n = 137)

TCIA – KiTS19
Kidney
(n = 191)

Modality Lung CT scan Lung CT scan Head & Neck CT scan Abdomen CT scan
Slice thickness (mm) 3 mm 0.625 to 3 mm 3 mm 1 to 5 mm
Segmentation algorithm Manual delineation Automatic segmentation and 

reviewed and edited by a 
thoracic radiologist

Manual delineation Manual delineation

Age (mean SD) 68.01 (10.08) 68.97 (9.52) 61.96 (8.76) 58.06 (14.25)
Gender men (%) 289 (68.8) 109 (69.4) 111 (81.0) 117 (61.3)
Stage (%) -
Tis 0 6 ( 3.8) 0 0
I 92 (22.0) 104 (66.2) 24 (17.5) 128 (67.0)
II 40 ( 9.5) 22 (14.0) 11 ( 8.0) 41 (21.5)
IIIa 111 (26.5) 16 (10.2) 23 (16.8) 2 ( 1.0)
IIIb 176 (42.0) 5 ( 3.2)
IVa 0 4 ( 2.5) 68 (49.6) 20 (10.5)
IVb 10 ( 7.3)
IVc 1 ( 0.7)
Overall survival time 

(median (IQR)) (days)
548.00 (260.25, 1414.25) 1315.00 (630.00, 1921.00) 2,778.00 (912.00, 3198.00) 800.00 (275.00, 1410.50)
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Feature Selection

After Pearson’s correlation pairwise selection, 95 radi-
omics features were maintained in the training set; the 
LASSO model was created to determine the most impor-
tant 15 features for predicting overall survival and continue 
to proceed to find radiomics feature signatures (Fig. 2).

Radiomics Signature Prognostic Model Construction

In the training set, a univariable Cox regression was built to 
determine radiomics signature model. Here, we acquired ten 
features significantly related to overall survival prediction 
(Table 2) (Fig. 3): original-shape-voxel-Volume (p = 4.55e-
06), Original-Shape-Major-Axis-Length (p = 0.000511), 
Original-gldm-Large-Dependence-emphasis (p = 0.00109), 
original-first-order-energy (p = 0.00102), wavelet-
HLL-glcm-correlation (p = 0.00574), wavelet-HLL-glszm-
GrayLevelNonUniformityNormalized (p = 0.000458), 
wavelet-LHL-glcm-MCC (p = 0.0332), wavelet-LHL-first-
order-skewness (p = 0.00241), wavelet-LLH-glcm-Cluster-
Shade (p = 0.00642), wavelet-LLH-first-order-maximum 
(0.00134).

Establishment of a Risk Score for Predicting Overall 
Survival in the Training Set

The Cox coefficients of the ten radiomics signatures were 
used to produce the risk score. The median of the risk score, 
which has distinct expression patterns than the signatures of 
the radiomics characteristics, was used to separate patients 
into high- and low-risk groups (Fig. 3). It can be observed 
from the Kaplan–Meier curve (Fig.  4A) that high-risk 
patients experienced a diminished survival time than low-
risk ones (p < 0.0001).

The Radiomics Signature Model for Overall Survival 
Prediction Was Tested and Externally Validated

From the optimal radiomics signature gained from the 
training process, we further assessed its predicting robust-
ness in the testing set (lung 2) and two external valida-
tion sets (head and neck and kidney). A specific risk score 
for each patient in the testing and external validation set 
was formulated on ten radiomics signatures. In the lung 2 
cohort, the Kaplan–Meier curves illustrated that patients 
diagnosed with high-risk NSCLC came across with a 
shorter survival time than ones in the low-risk group 

Fig. 2  Feature selection: top fifteen features selected by LASSO in the training set
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Table 2  Univariable Cox 
regression analysis in the lung 1 
training set

*  < 0.05, ** < 0.01, *** < 0.001

Feature Hazard ratio p-value Concordance

Original shape voxel volume 1.000e + 00 (1.00–1.00) 4.55e-06 *** 0.583 (se = 0.016)
Original shape major axis length 1.005061 (1.002–1.008) 0.000511 *** 0.582 (se = 0.016)
Original shape elongation 0.7160 ( 0.3848–1.332) 0.292 0.517 (se = 0.017)
Original gldm large dependence emphasis 1.003723 (1.001–1.006) 0.00109 ** 0.571 (se = 0.016)
Original first-order energy 1.000e + 00 (1.00–1.00) 0.00102 ** 0.564 (se = 0.017)
Original first-order minimum 1.0004024 (0.9994–1.001) 0.438 0.485 (se = 0.016)
Wavelet HLL glcm correlation 0.1036 (0.02072–0.5175) 0.00574 ** 0.549 (se = 0.016)
Wavelet HLL glszm GrayLevelNonUni-

formityNormalized
343.630 (13.11–9006) 0.000458 *** 0.551 (se = 0.016)

Wavelet LHL glcm MCC 3.4081 (1.102–10.54) 0.0332 * 0.525 (se = 0.016)
Wavelet LHL first-order skewness 0.77914 (0.6632–0.9154) 0.00241 ** 0.557 (se = 0.016)
Wavelet LHL ngtdm strength 0.93152 (0.8665–1.001) 0.0545 0.571 (se = 0.017)
Wavelet LHH first-order skewness 0.98459 (0.6937–1.398) 0.931 0.499 (se = 0.017)
Wavelet LHH first-order mean 0.88519 (0.7761–1.01) 0.0692 0.531 (se = 0.016)
Wavelet LLH glcm ClusterShade 1.000e + 00 (0.9999–1) 0.00642 ** 0.545 (se = 0.016)
Wavelet LLH first-order maximum 1.0005368 (1.00–1.001) 0.00134 ** 0.565 (se = 0.016)

Fig. 3  Risk score distribution and ten features radiomics signatures expression in lung 1 training set. A Risk score distribution. B Two categories 
on the scatter plot: low-risk group (blue color) and high-risk group (red color). C Heat map of 10 radiomics signatures’ expression
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(p = 0.033) (Fig. 4B). In a similar result in the head and 
neck validation set and the kidney external validation set, 
the Kaplan–Meier curve showed that log-rank test p-value 
is 0.0099 and 0.014, respectively (Fig. 4C, D).

Evaluate the Efficiency of Integrating the Radiomics 
Signature Model and Clinical Model

The survival prediction performance of the model using 
iAUC indicated that the radiomics model was likely to 

become an independent parameter in survival prediction in 
all four data sets. The prediction of overall survival effi-
ciency is significantly increased when combining the radi-
omics model and clinical model. In lung 1 training set, over-
all survival iAUC of radiomics model and clinical models 
were 0.615 (95% CI 0.584, 0.646) and 0.549 (95% CI 0.511, 
0.587), respectively. When compared between the radiomics 
and clinical models, the iAUC difference is 0.066 (95% CI, 
0.016, 0.116); p = 0.0082. Combine of radiomics model with 
the clinical model increased iAUC to 0.621 (95% CI 0.588, 

Fig. 4  Survival function of risk score generated from CT-based radiomics signatures in A lung 1 training set, B lung 2 testing set, C kidney vali-
dation set, and D head and neck validation set
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0.654); this model compared with Radiomics model, iAUC 
difference is 0.006 (95% CI −0.019, 0.032]; p = 0.657; and 
compared with clinical model having iAUC difference is 
0.072 (95% CI −0.037, 0.107); p < 0.001 (Table3).

Overall survival iAUC of radiomics model in lung 2 test-
ing set showed not quite high result (0.586 [95% CI 0.493, 
0.679]). However, predictive performance increases when 
combined with clinical model (0.736 [95% CI 0.654, 0.819]).

In two external validation sets, the model performances 
measured by iAUC showed positive results that all the 
models (radiomics, clinical, and radiomics + clinical) can 
participate in overall survival prediction. In head and neck 
external validation set, overall survival iAUC of radiom-
ics, clinical, and radiomics + clinical models were 0.643 
(95% CI 0.563, 0.722), 0.693 (95% CI 0.614, 0.771), and 
0.732 (95% CI 0.655, 0.809), respectively. Kidney external 
validation set shows result of overall survival iAUC of 
radiomics, clinical, and radiomics + clinical models which 
were 0.719 (95% CI 0.598, 0.84), 0.761 (95% CI 0.621, 
0.901), and 0.834 (95% CI 0.722, 0.946) (Table 3).

In all three data sets, lung 2 testing set, head and neck 
validation set, and kidney validation set, when compared 
between radiomics-only and clinical + radiomics model, 
the iAUC differences were 0.150 (95% CI, 0.055, 0.245), 
p = 0.0018; 0.089 (95% CI, 0.016, 0.163), p = 0.016; and 
0.116 (95% CI, 0.004, 0.227], p = 0.041, respectively; all 
show a significant difference (Table 3).

The radiomics + clinical model exhibited the best iAUC 
(Fig. 5) and fewer prediction errors and showed lower pre-
diction errors when compared to the reference model in all 
data sets (Fig. 6).

Discussion

Cancer tumors in different organs might share some com-
mon image characteristic; our study learned to find the CT-
based radiomics signatures trained from one cancer data set 
in one specific organ (NSCLC patients in lung 1 training set) 
that can be applied to other organs (RCC in kidney external 

Table 3  Model performances measured by iAUC in the overall survival prediction

Model iAUC 95% CI iAUC difference 95% CI p

Lung 1 training set
   Radiomics 0.615 0.584–0.646
   Clinical 0.549 0.511–0.587
   Radiomics + clinical 0.621 0.588–0.654
   Radiomics + clinical vs. radiomics 0.006  −0.019–0.032 0.657
   Radiomics + clinical vs. clinical 0.072 0.037–0.107  < 0.001***
   Radiomics vs. clinical 0.066 0.016–0.116 0.0082**

Lung 2 testing set
   Radiomics 0.586 0.493–0.679
   Clinical 0.687 0.600–0.775
   Radiomics + clinical 0.736 0.654–0.819
   Radiomics + clinical vs. radiomics 0.150 0.055–0.245 0.0018**
   Radiomics + clinical vs. clinical 0.049  −0.009–0.106 0.09
   Radiomics vs. clinical −0.101  −0.239–0.036 0.149

Kidney external validation set
   Radiomics 0.719 0.598–0.84
   Clinical 0.761 0.621–0.901
   Radiomics + clinical 0.834 0.722–0.946
   Radiomics + clinical vs. radiomics 0.116 0.004–0.227 0.041 *
   Radiomics + clinical vs. clinical 0.073  −0.018–0.165 0.12
   Radiomics vs. clinical −0.042  −0.209–0.125 0.634

Head & neck external validation set
   Radiomics 0.643 0.563–0.722
   Clinical 0.693 0.614–0.771
   Radiomics + clinical 0.732 0.655–0.809
   Radiomics + clinical vs. radiomics 0.089 0.016–0.163 0.016*
   Radiomics + clinical vs. clinical 0.039  −0.013–0.091 0.149
   Radiomics vs. clinical −0.05  −0.151–0.051 0.331
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validation set and SCC in head and neck external validation 
set). In this work, we built the risk score generated from 
ten radiomics signatures on lung 1 training set, between 
high-risk and low-risk individuals; the Kaplan–Meier curve 
revealed a substantial difference in survival time similar to 
previous study [39], then we applied on three other data sets 
representing three cancers in 3 locations: NSCLC patients in 
lung 2 testing set, RCC patients in kidney external validation 
set, and HNSCC patients in head and neck external valida-
tion set and results show that 1 CT-based radiomics signa-
ture that training in NSCLC patient data set also plays a role 
in predicting survival for two other organs. A study by Aerts 
et al. [23] also shows the same results when the radiomics 
signature built on the same data set of lung 1 plays a similar 
role in predicting the SCC patients’ survival in the head neck 
1 data set. Xu et al. [24] also studied 2D and 3D radiomics 
signature sets across multiple organs; however, their study 
just used 2D and 3D features; in contrast, our study uses all 

groups of radiomics features (i.e., shape, textures, intensity, 
and wavelet); the more features, the better the chance to find 
features that share the same characteristics in cancers of dif-
ferent organs; thus, the possibility of acquiring a set of radi-
omics signatures that are specific to cancer at multiple sites 
will increase. Another author had a similar study compared 
with us; Lee et al. [25] built a set of radiomics signatures 
on three organs: lung, kidney, and brain, but only lung and 
kidney radiomics features were extracted from CT, another 
extracted from MRI; this study has the result that a set of 
radiomics signatures that trained on the lung data set cannot 
be used to predict survival in another organ cancer (kidney, 
brain); our results are in contrast to this author, which can 
explain the difference in the data set we used, so our study 
itself needs to be applied to more organ and more data sets 
to attest to the effectiveness of our research.

To further evaluate the efficacy of one CT-based radiom-
ics signature set for overall survival prediction in our study, 

Fig. 5  Time-dependent area under the curves. A Lung 1 training set. B Lung 2 testing set. C Kidney validation set. D Head and neck validation set
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in multivariable Cox proportional hazards, model perfor-
mance was measured (iAUC) for overall survival predic-
tion. Firstly, the radiomics signatures can stand alone when 
predicting survival through three different organ cancers. In 
the lung 1 training set, the iAUC value demonstrated that the 
radiomic model outperformed the clinical model (age, stage, 
and gender) in terms of prediction; Li et al. [36] and the 
previous study [14] showed a similar result, through our test-
ing set (lung 2) and external validation set (kidney and head 
and neck data sets), we found that radiomics model standing 
alone had a lower predictive value than clinical parameters 
(age, gender, and stage). Furthermore, combining radiomics 
models with clinical parameters, the performance increased 
and was the highest among the three models we used in 
the study. Our result is similar to some previous studies. 
Mo et al. [40] have the result that the combination radi-
omic–clinical model performed well in risk prediction of 
progression-free survival in hypo-pharyngeal cancer patients 

who were having chemo-radiotherapy. Khodabakhshi et al. 
[4] showed that combination model (clinical and radiomic) 
outperforms the clinical model in overall survival prediction 
in renal cell carcinoma. The XG-Boost model, which com-
bines radiomic features and clinical information, performed 
better than the other prediction models for overall survival 
prediction in RCC patients, followed by the study of Nazari 
et al. [19]. Other studies on brain cancer also show that com-
bined models (radiomics + clinical model, radiomics + clini-
cal + gene model) often give better predictive performance 
than individual models [33, 34].

Despite these encouraging results, significant limitations 
remain. First, because our findings were confined to three 
organs (lung, kidney, and head and neck), future research 
could expand on this method to include more organs. Sec-
ond, our study found that the radiomics model itself has 
the ability to independently predict survival proven through 
multiple organs data set; furthermore, when the radiomics 

Fig. 6  Predictor error curves of multivariable Cox models. A Lung 1 training set. B Lung 2 testing set. C Kidney validation set. D Head and 
neck validation set`
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model is combined with other models, specifically in this 
study when combined with clinical model, results showed 
an increase in predictive efficiency although in some data 
sets this increase was not statistically significant. In future 
studies, if there are more data, for example, gene data or 
more clinical variables such as pathology and treatment 
methods, we think that combining models will give signifi-
cantly increased efficiency when compared to single mod-
els (radiomics model). Third, this study’s data derives from 
several sources (lung 1-radiomics, lung 2 radio-genomics, 
head-and-neck squamous cell carcinoma (HNSCC), Kidney 
Tumor Segmentation Challenge (KiTS19)) so that the char-
acteristics of CT images, initial image processing, segmenta-
tion, and so on differed (Table 1) that may affect our results. 
However, to extract features from this data, we utilized the 
3D Slicer software and the pyradiomics package (satisfied 
the IBSI standards), which only partially guarantees the 
study’s conclusions. Still, somehow, these methods may 
not ultimately ensure that the radiomics features generated 
from these four data sets are harmonized. Texture features 
are particularly affected by CT scan acquisition parameters, 
so to avoid biases that may affect research results, we wish 
to analyze similar experiments on the data sets with the same 
CT acquisition technique, same institution, same machine, 
and same reconstruction filter in our future study. Fourth, 
the effect of adding radiomics model to clinical data varies, 
sometimes adding a minor benefit and other times adding a 
more significant benefit; maybe, our results are affected by 
some bias of the data’s original characteristics which come 
from several different sources.

Conclusion

We think that there is a possibility that the CT-based radiom-
ics signatures may predict overall survival in different sites 
of cancers. Further studies are required on a range of other 
different organs to support this hypothesis. CT-based radi-
omics signatures in NSCLC overall survival prediction also 
show the potential to be an independent predictor for over-
all survival prediction in other sites of cancers, and when 
combined with conventional clinical parameters, radiomics 
improved the prognostic value for predicting survival in dif-
ferent malignant tumors.
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