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Abstract
Anaplastic lymphoma kinase (ALK)-positive (ALKD) patients exhibit unique clinical characteristics. It would be
beneficial to effectively predict their treatment outcome. We assessed the performance of the radiomic
signature from nonesmall-cell lung cancer for predicting ALKD patient outcomes using the least absolute
shrinkage and selection operator Cox regression model. Its performance was impaired when used for ALKD

patients treated with tyrosine kinase inhibitors (TKIs). Therefore, developing special signatures for patients
treated with TKIs might be needed.
Background: The purpose of the study was to investigate the potential of a radiomic signature developed in a general
nonesmall-cell lung cancer (NSCLC) cohort for predicting the overall survival of anaplastic lymphoma kinase (ALK)-
positive (ALKþ) patients with different treatment types. Materials and Methods: After test-retest in the Reference
Image Database to Evaluate Therapy Response data set, 132 features (intraclass correlation coefficient > 0.9) were
selected in the least absolute shrinkage and selection operator Cox regression model with a leave-one-out cross-
validation. The NSCLC radiomics collection from The Cancer Imaging Archive was randomly divided into a training set
(n ¼ 254) and a validation set (n ¼ 63) to develop a general radiomic signature for NSCLC. In our ALKþ set, 35 patients
received targeted therapy and 19 patients received nontargeted therapy. The developed signature was tested later in
this ALKþ set. Performance of the signature was evaluated with the concordance index (C-index) and stratification
analysis. Results: The general signature had good performance (C-index > 0.6; log rank P < .05) in the NSCLC
radiomics collection. It includes 5 features: Geom_va_ratio, W_GLCM_Std, W_GLCM_DV, W_GLCM_IM2, and
W_his_mean. Its accuracy of predicting overall survival in the ALKþ set achieved 0.649 (95% confidence interval [CI],
0.640-0.658). Nonetheless, impaired performance was observed in the targeted therapy group (C-index ¼ 0.573; 95%
CI, 0.556-0.589) whereas significantly improved performance was observed in the nontargeted therapy group (C-
index ¼ 0.832; 95% CI, 0.832-0.852). Stratification analysis also showed that the general signature could only identify
high- and low-risk patients in the nontargeted therapy group (log rank P ¼ .00028). Conclusion: This preliminary study
suggests that the applicability of a general signature to ALKþ patients is limited. The general radiomic signature seems to
be only applicable to ALKþ patients who had received nontargeted therapy, which indicates that developing special
radiomics signatures for patients treated with tyrosine kinase inhibitors might be necessary.
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Introduction
In the past few years, anaplastic lymphoma kinase (ALK)

rearrangements, either inversions or translocations, were iden-
tified as driver mutations in nonesmall-cell lung cancer
(NSCLC).1,2 An echinoderm microtubule-associated protein like
4 (EML4)-ALK fusion is the most common mutation and was
first identified by Soda et al in 2007.3 The EML4-ALK fusion
mainly occurs in young people, never-smokers, and light
smokers with lung adenocarcinoma.4 Patients with ALK rear-
rangements usually exhibit unique clinical characteristics. On-
cologists need effective tools to predict and improve their
treatment outcome.5

Radiomics is an emerging field that extracts advanced features
from noninvasive images using automatic algorithms to quantita-
tively characterize tumors. Radiomics assumes the underlying as-
sociation between multimodality images and pathophysiology.6-9

Various prognostic or predictive radiomic signatures have been
developed and well validated in NSCLC patients.10-17 These studies
suggest that radiomics could reveal tumor characteristics and thus be
a useful tool for oncologists.18

Signatures that are on the basis of common attributes of NSCLC
patients are called general radiomic signatures. It is unknown
whether a general radiomic signature could perform well in patients
with genetic mutations, because unlike typical patients, those with a
driver mutation have distinct clinical characteristics.19 Studies have
shown that a single radiomics signature can be applied to different
cancers.14,20 Aerts et al14 reported that a radiomic signature has a
fair performance in lung cancer patients (concordance index [C-
index] ¼ 0.65) and head-and-neck cancer patients (H&N1: C-
index ¼ 0.69; H&N2: C-index ¼ 0.69). This result indicates that a
Figure 1 Analysis Work Flow. The Radiomic Features Extraction Co

Abbreviations: ALK ¼ anaplastic lymphoma kinase; ICC ¼ intraclass correlation coefficient; LASSO ¼
number; NSCLC ¼ nonesmall-cell lung cancer; RIDER ¼ The Reference Image Database to Evalua
radiomic signature might be useful to general and unique (eg, ALK-
positive [ALKþ] patients).

Crizotinib is a selective inhibitor of ALK, and Shaw et al21

showed that crizotinib is superior to standard chemotherapy for
advanced stage patients with an ALK rearrangement. It is unknown
whether tyrosine kinase inhibitors (TKIs) would affect the accuracy
of a general radiomic signature if patients received targeted therapy.

The purpose of this study was to investigate the performance of a
general radiomic signature in ALKþ patients. First, we developed a
signature from NSCLC patients. Then, we investigated whether our
general radiomic signature could predict the overall survival (OS) of
patients with the ALK rearrangement. Last, we investigated the
effect of treatment types on the signature’s performance.

Materials and Methods
The main work flow is presented in Figure 1. First, we used the

Reference Image Database to Evaluate Therapy Response (RIDER)
data set to obtain stable features. Then, we used those features to
develop a general radiomics signature. This radiomics signature was
tested in our ALKþ patient cohort.

Patients
Ethical approval was obtained for this retrospective analysis, and

the requirement for informed consent was waived. Data from 2
cohorts of clinical patients from Dutch and Chinese cancer centers
were included. Dutch patients (n ¼ 317) in the NSCLC radiomics
collection received radiotherapy or chemoradiotherapy at the
Maastro Clinic.14,22,23 Their genetic profiles were not disclosed.
Their images, segmentation, and clinical data were downloaded
directly from The Cancer Imaging Archive Web site.
de Set Was Applied to 3 Different Data Sets

least absolute shrinkage and selection operator; m ¼ number of stable features; n ¼ patient
te Therapy Response.
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Patients treated at Fudan University Shanghai Cancer Center
(FUSCC) from June 2014 to December 2016 were reviewed. The
eligibility criteria were as follows: (1) patients were histologically
confirmed to have NSCLC, and their records could be retrieved
through the electronic medical record system; (2) patients received
only chemotherapy, radiochemotherapy, or targeted therapy; (3) the
pretreatment computed tomography (CT) and radiotherapy struc-
ture using the Pinnacle treatment planning system (8.0 m; Philips
Healthcare, Andover, MA) and MIM (version 6.6, MIM Software
Inc, Cleveland, OH) were available; and (4) ALK rearrangement
was confirmed in tumor samples using immunohistochemistry and
fluorescent in situ hybridization analysis.

A total of 54 patients met all of the inclusion criteria. Patients in
the ALKþ set were divided into a targeted therapy group (n ¼ 35)
and a nontargeted therapy group (eg, chemotherapy or chemo-
radiotherapy; n ¼ 19). Tumor staging was on the basis of the
American Joint Committee on Cancer Tumor, Node, Metastases
Staging Manual, 7th edition.

Follow-up
The end point of this study was OS, which was defined as the time

from the day of diagnosis until either the day of death (event) or until
the date that the patient was last known to be alive (censored).24

Computed Tomography Acquisition and Segmentation
In the ALKþ set, pretreatment CT was obtained with a Sensation

64 or a Biograph 16 positron emission tomography/CT scanner
(Siemens Healthineers) using a standard clinical scanning protocol.
Thoracic CT scans were acquired without intravenous contrast, and
images were reconstructed using the reconstruction kernels of B31f
or B30f. The primary tumor was delineated manually using MIM
software by an experienced oncologist. Boundaries with chest and
other soft tissues were identified first at the abdominal window
(width [W]: 400; length [L]: 50), then we changed to the lung
window (W: 1700; L: �300) for contouring. All of the delineations
were reviewed by another oncologist. The contours in the NSCLC
Radiomic Collection were also checked.

Features Extraction and Test-Retest Reliability
An in-house feature extraction code set on the basis of MATLAB

(version 2015b; Mathworks, Natick, MA) was used (see Supple-
mental Appendix A: Radiomic Features Extraction). Our in-house
radiomics codes could extract 873 features. Because of the size of
our training set (approximately 300), we only used the absolute type
in histogram features and average type in textural features. In total,
203 features were extracted from CT scans, and these features were
classified into 7 groups: (1) geometry features; (2) histogram fea-
tures; (3) gray level co-occurrence matrix-based features; (4) gray
level run-length matrix-based features25; (5) wavelet gray level
cooccurrence matrix-based features; (6) wavelet gray level run-
length matrix-based features; and (7) wavelet histogram-based fea-
tures (see Supplemental Table 1 in the online version).

TheRIDER test-retest data set26-28 was used tofind themost stable
features between 2 interval CT scans. In total 31 patients were
included. The primary tumor was segmented in test scans and retest
scans using the Grow Cut algorithm in 3D Slicer (version 4.7.0).29,30
- Clinical Lung Cancer November 2019
The segmentation results were examined by an experienced oncolo-
gist. Both scans of a single patient were extracted for radiomics features
according to in-house codes. Stability was assessed using the intraclass
correlation coefficient (ICC). In this study, a 2-way fixed effect, ab-
solute agreement, and single measurement model was selected for
ICC calculation.31 The ICC was defined as follows:

ICC ¼ MSR �MSE
MSR þ ðk � 1ÞMSE þ k

n ðMSC �MSE Þ
Equation 1

where MSR indicates the mean square for rows; MSE the mean
square for error; MSC the mean square for columns; n the
number of patients; and k the number of scans. Features with
ICC >0.9 were considered stable.

Statistical Analysis
Statistical analysis was performed using R software (version 3.3.2;

http://www.R-project.org). The reported significance levels were all
2-sided, and the statistical significance level was set at 0.05.

Construction of General Radiomics Signature. The NSCLC
Radiomic Collection was divided into training (80%) and validation
(20%) partition using the createDataPartition function in R studio.
We used the least absolute shrinkage and selection operator
(LASSO) Cox regression analysis with a leave-one-out cross-vali-
dation to develop our radiomic signature. The LASSO is a shrinkage
and selection method that implements a penalty function to reduce
variable dimension and restrict model size. After the general
radiomics signature was developed solely in the training set, we
calculated the corresponding radiomic index (Rad_index) for every
patient via a linear combination of features multiplied by their
coefficients.

Assessment of Prognostic Value of General Signature in ALKþ Pa-
tients.. The general radiomics signature was first assessed in the
NSCLC Radiomic Collection, and then tested in the ALKþ set.
The prognostic performance was quantified by using the C-index.
The C-index ranges from 0.5 to 1. The higher the C-index, the
better the signature. Stratification analysis was also used to eval-
uate the association with OS. Patients were classified into high-
risk or low-risk groups according to Rad_index. The optimal
threshold was determined by using the median value of Rad_index
in the training set. The log rank test was conducted to evaluate the
difference in survival curves between the high-risk and low-risk
groups.

Results
Clinical Characteristics

Detailed patient characteristics are shown in Table 1.
In the training set, the median survival was 18.1 months (0.95

confidence limit [CL], 16.0-23.4 months). Most of the patients in
the training set were male (71.3%). The median age at the begin-
ning of treatment was 69.9 years of age (range, 42.5-91.7 years). In
the validation set, the median survival was 18.2 months (0.95 CL,
14.4-30.2 months). Most of the patients were also male in the
validation set (63%), and the median age was 68.3 years of age
(range, 46.5-87.1 years).

http://www.R-project.org


Table 1 Patient Characteristics and Outcome are Presented for Each Data Set

Characteristic

NSCLC Radiomics Collection ALKD Set

Training Set (n [ 254) Validation Set (n [ 63)
Nontargeted Therapy
Group (n [ 19)

Targeted Therapy Group
(n [ 35)

Median Age (Range), Y 69.9 (42.5-91.7) 68.3 (46.5-87.1) 53 (24-77) 53 (33-77)

Sex

Female 73 (28.7%) 17 (27%) 8 (42.1%) 16 (45.7%)

Male 181 (71.3%) 46 (63%) 11 (57.9%) 19 (54.3%)

Overall Stage

I 64 17 0 0

II 20 6 1 0

III 169 40 8 8

IV 0 0 10 27

Histology

Adenocarcinoma 25 6 19 34

Squamous-cell carcinoma 76 15 0 1

NOS 43 13 0 0

Large-cell carcinoma 83 18 0 0

Overall Survival

Median (0.95 CL) 18.1 (16.0-23.4) 18.2 (14.4-30.2) 20.1 (NA)� NA�

Abbreviations: ALK ¼ anaplastic lymphoma kinase; CL ¼ confidence limit; NOS ¼ not otherwise specified; NSCLC ¼ nonesmall-cell lung cancer.
�The median survival or the 0.95 CL is unreachable.

Lyu Huang et al
In the ALKþ set, the median age was 53 years in both of the
subgroups. Using the KaplaneMeier estimate of potential follow-
up, the median follow-up period was 22.9 months (0.95 CL,
16.9-26 months).

Test-Retest Reliability
On the basis of the RIDER data set, we discovered 132 features

of high reliability (ICC > 0.9) and 4 features of poor reliability
(ICC < 0.5). Approximately 65% of the tested features had a high
reliability, 19% a good reliability (ICC ¼ 0.9-0.75), 14% a mod-
erate reliability (ICC ¼ 0.75-0.5), and 2% a poor reliability.
Detailed results are shown in Supplemental Figure 1 and
Supplemental Table 2 in the online version.

Construction of General Radiomics Signature
The 132 stable features were put into the LASSO Cox regression

model. When the lambda was set at 0.167, we obtained the most
simplified model. Five features with nonzero coefficients comprised
the general radiomics signature. They were: (1) W_His_mean; (2)
W_GLCM_IM; (3) W_GLCM_DV; (4) W_GLCM_Std; and (5)
Geom_va_ratio. The coefficient of each feature is presented in
Figure 2. The expansions are provided in Supplemental Table 3 in
the online version.

The Rad_index was defined as the following formula:
Rad_index ¼ 0.01634 � W_his_mean � 0.01389 �

W_GLCM_IM � 0.02765 � W_GLCM_DV � 0.02723 �
W_GLCM_Std þ 0.03799 � Geom_va_ratio.

The median value of Rad_index in the training set was 0.02056.
Accordingly, patients were classified into a high-risk (Rad_index �
0.02056) or low-risk (Rad_index < 0.02056) group.
Assessment of the Prognostic Value of the General
Signature in ALKþ Patients

The 5-feature signature had good performance in the training set
(C-index ¼ 0.632; 95% confidence interval [CI], 0.630-0.634) and
the validation set (C-index ¼ 0.621; 95% CI, 0.616-0.626). We
also observed a C-index of 0.649 (95% CI, 0.640-0.658) in the
ALKþ set. The nontargeted therapy group exhibited a higher C-
index (0.842; 95% CI, 0.832-0.852) than the targeted therapy
group (0.573; 95% CI, 0.589-0.556).

In the stratification analysis, the performance (log rank P ¼ .038)
in the validation set showed that the Rad_index could identify high-
risk or low-risk patients with NSCLC. However, in the ALKþ set,
only patients treated with nontargeted therapy could be accurately
classified into the correct groups (log rank P ¼ .0028). the
KaplaneMeier curves of high-risk and low-risk groups from all of
the data sets are shown in Figure 3. Calibration curve is presented in
Supplemental Figure 2 in the online version.
Discussion
In this study, we analyzed 203 radiomic features and developed a

general radiomics signature for NSCLC patients. This signature is
composed of 5 features. W_His_mean calculates the average of
grayscale value after wavelet transformation, which represents the
overall characteristics of the tumor. W_GLCM_IM,
W_GLCM_DV, and W_GLCM_Std are texture features that
represent the intratumor heterogeneity. Geom_va_ratio calculates
the ratio of volume to surface area and represents the tumor
compactness. The selected features are similar to those in other
proposed signatures for NSCLC.13,32-35 Features relating to
Clinical Lung Cancer November 2019 - e641



Figure 2 Five Features Selected From LASSO Cox Regression Analysis Are Presented. The Coefficient Indicates the Feature’s
Contribution to the Developed Cox Regression Model (Plotted on the X-Axis)
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compactness and intratumor heterogeneity were shown to have a
strong association with prognosis in NSCLC.

Previous studies on ALKþ tumors have focused on the associa-
tion between radiomic features and driver gene status.17,36,37 This
work investigated the prognosis of patients with the ALK rear-
rangements, which is distinctive in methodology.

We found that the general radiomic signature is applicable to
ALKþ patients under certain conditions. This signature could pre-
dict prognosis of patients treated with nontargeted therapy. How-
ever, it cannot make a good prediction for those treated with TKIs.
Figure 3 The Stratification Analysis Results in All Data Sets. We Use
Significant Results Are Observed in the Validation Set (P [

- Clinical Lung Cancer November 2019
As previously shown, conventional therapy damages all rapidly
dividing cells, whereas targeted therapy selectively destroys cancer
cells by interacting with a specific molecule and cutting off meta-
bolic pathways in the tumor. A general radiomic signature was
usually developed from the common attributes of NSCLC patients
who received conventional therapy. Notably, targeted therapy has a
different mechanism of action, which could result in a distinctive
outcome in ALKþ patients.21 This difference could be the reason
for general signature failure. Our study showed that for patients
treated with TKIs, it could be necessary to develop a special
d the Median of Rad_index in the Training Set as a Cutoff Point.
.035) and the Nontargeted Therapy Group (P [ .0028)
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radiomic signature. These radiomic signatures might differ
depending on the specific targeted therapy.

In addition, the KaplaneMeier curves in the targeted therapy
group showed that the outcome of predicted high-risk patients was
improved by targeted therapy. It further justified the standard form
of treatment and proved that targeted therapy is effective for pro-
longing patients’ lives.

Radiomics tools might help to tailor medical treatment to meet in-
dividual needs and facilitate the advent of an era of personalized therapy.
They have shown their prognostic value inmany studies.12-14,38,39 This
study is significant because it points out that general radiomic signatures
have limitations when applied to patients who received different types
of treatment. The general idea of improving signature performance is to
expand the data set and collect more patients. For general patients
treated with conventional therapy, this method could make radiomic
signaturemore representative and improve performance. However, our
study indicates that the general radiomic signaturemight still have poor
performance in patients treated with targeted therapy because of the
different mechanisms between targeted therapy and conventional
therapy. Thus, developing a special radiomics signature for a specific
group of patients treated with targeted therapy might be another viable
method. To that end, oncologists could benefit most from radiomics
when this special signature is combined with the general signature for
use.

Because of the low incidence of ALK rearrangements in NSCLC,
only 54 patients were included in our ALKþ set. The small data set
size is one of the limitations of our study. Meanwhile, we only
investigated patients with ALK rearrangements. There are other
driver genes, such as epidermal growth factor receptor (EGFR)
mutations. As we know, targeted therapy has different mechanisms
in killing tumors compared with conventional therapy. Even within
patients with gene mutations, the specific targets could be different.
This preliminary study cannot answer the question as to whether
there is an independent signature for all patients who had received
targeted therapy. It is possible that patients with ALK or EGFR
mutation need different signatures, because their specific targets and
subsequent mechanism might be different. More data are needed to
reveal how targeted therapy affects the performance of a general
radiomic signature, which is the focus of our ongoing work. We
believe that the implementation of radiomic analysis on these pa-
tients would in turn reveal the strength and weakness of radiomics.

Another limitation was the inconsistence in our training data set.
This data set included different resolution and contrast-enhanced or
nonecontrast-enhanced CT scans. The window width/level used
for the contouring were also slightly different. In the NSCLC
radiomics collections lung and mediastinum windows are used,
whereas in the ALKþ set only the lung window was used. We
believe these factors might introduce some bias and decrease model
performance.
Conclusion
A preliminary study on the applicability of a general radiomic

signature to ALKþ patients with different treatment types was
conducted. Our results indicate that it might be necessary in the
future to develop a special radiomic signature for patients treated
with targeted therapy.
Clinical Practice Points

� Previous research has identified the prognostic power of radio-
mics in NSCLC, but the conclusions developed from those
findings are only applied to general NSCLC patients.

� Patients with ALK rearrangements usually exhibit unique clinical
characteristics.

� Oncologists need effective tools to predict and improve their
treatment outcome.

� Thus, in our preliminary study we assessed the performance of a
radiomic signature developed in a general NSCLC for predicting
the OS of ALKþ patients with different treatment types.

� We found its performance was impaired when the signature was
applied to ALKþ patients who had received targeted therapy.

� That is to say, it could be necessary in the future to develop a
special radiomic signature for patients treated with targeted
therapy.

� In so doing, we hope that our research advances the development
of a high-performance signature for patients with driver
mutations.
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Supplemental Appendix A
RADIOMIC FEATURES EXTRACTION

Texture features were extracted by using in-house codes on Matlab
2015b (MathWorks, Natick, MA). In total, 203 features were
extracted. They are presented in Supplemental Table 2 in the online
version. The following equations define some of these features.
1) Gray-Level Co-occurrence Matrix (GLCM) Features

Notation. pði; jÞ ¼ i,jth entry in a normalized gray-tone spatial-
dependence matrix ¼ Pði; jÞ=R

Ng ¼ number of distinct gray levels in the quantized image
pxðiÞ ¼ ith entry in the marginal-probability matrix obtained by

summing the rows of pði; jÞ, ¼ PNg
j¼ 1

pði; jÞ

pyðjÞ ¼
XNg

i¼ 1

pði; jÞ

pxþyðkÞ ¼
XNg
j¼ 1

XNg
i¼ 1

iþj¼ k

pði; jÞ; k ¼ 2; 3.2 Ng

px�yðkÞ ¼
XNg
j¼ 1

XNg
i¼ 1

ji�jj ¼ k

pði; jÞ; k ¼ 0; 1; 2; 3.Ng � 1

(1) Contrast

f1 ¼
XNg�1

n¼ 0

n2
 XNg

j¼ 1

ji�jj ¼ k

XNg
i¼ 1

pði; jÞ
!

(2) Correlation

f2 ¼
P

i

P
jðijÞpði; jÞ � mxmy

sxsy

Where mx ;my; sx;sy are the means and standard deviations of
pxðiÞ and pyðjÞ

(3) Variance

f3 ¼
X
i

X
j

ði � mÞ2pði; jÞ
(4) Entropy

f4 ¼
X
i

X
j

pði; jÞlogðpði; jÞÞ

(5) Sum average

f5 ¼
X2Ng
i¼ 2

ipxþyðiÞ

(6) Sum variance

f6 ¼
X2Ng
i¼ 2

�
i � f7

�2
pxþyðiÞ

(7) Sum entropy

f7 ¼ �
X2Ng
i¼ 2

pxþyðiÞlog
�
pxþyðiÞ

�

(8) Difference variance

f8 ¼ variance of px�yðkÞ

(9) Difference entropy

f9 ¼ �
XNg�1

i¼ 0

px�yðiÞlog
�
px�yðiÞ

�

(10) and (11) Information measures of correlation

f10 ¼ HXY �HXY 1
maxfHX ;HY g

f11 ¼ ð1� exp½ � 2:0ðHXY 2�HXY Þ�Þ1=2

HXY ¼ �
X
i

X
j

pði; jÞlogðpði; jÞÞ

Where HX and HY are entropies of px and py , and

HXY 1 ¼ �
X
i

X
j

pði; jÞlog
�
pX ðiÞpyðjÞ

�
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HXY 2 ¼ �
X
i

X
j

pX ðiÞpyðjÞlog
�
pX ðiÞpyðjÞ

�

(12) Maximal correlation coefficient

f12 ¼ ðsecond largest eigenvalue of QÞ1=2

Where

Qði; jÞ ¼
X
k

pði; kÞpðj; kÞ
pX ðiÞpyðjÞ

2) Gray-Level Run Length Matrix (GLRLM) Feature

Notation. prðjÞ ¼ PM
i¼ 1

pði; jÞ

pgðjÞ ¼
XN
j¼ 1

pði; jÞ

(1) Short run emphasis (SRE)

SRE ¼ 1
nr

XM
i¼ 1

XN
J ¼ 1

pði; jÞ
j2

¼ 1
nr

XN
j¼ 1

prðjÞ
j2

(2) Long run emphasis (LRE)

LRE ¼ 1
nr

XM
i¼ 1

XN
j¼ 1

pði; jÞj2 ¼ 1
nr

XN
j¼ 1

prðjÞj2

(3) Gray-level nonuniformity (GLN)

GLN ¼ 1
nr

XM
i¼ 1

 XN
j¼ 1

pði; jÞ
!2

¼ 1
nr

XM
i¼ 1

pgðiÞ2

(4) Run length nonuniformity (RLN)

RLN ¼ 1
nr

XN
j¼ 1

 XM
i¼ 1

pði; jÞ
!2

¼ 1
nr

XN
j¼ 1

prðiÞ2
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(5) Run percentage (RP)

RP ¼ nr
np

In the GLRLM formulas 1 to 5, nr is the total number of runs
and np is the number of pixels in the image.

(6) Low gray-level run emphasis (LGRE)

LGRE ¼ 1
nr

XM
i¼ 1

XN
j¼ 1

pði; jÞ
i2

¼ 1
nr

XM
i¼ 1

pg ðiÞ
i2

(7) High gray-level run emphasis (HGRE)

HGRE ¼ 1
nr

XM
i¼ 1

XN
j¼ 1

pði; jÞi2 ¼ 1
nr

XN
j¼ 1

pgðiÞi2

(8) Short run low gray-level emphasis (SRLGE)

SRLGE ¼ 1
nr

XM
i¼ 1

XN
j¼ 1

pði; jÞ
i2j2

(9) Short run high gray-level emphasis (SRHGE)

SRHGE ¼ 1
nr

XM
i¼ 1

XN
j¼ 1

pði; jÞi2
j2

(10) Long run low gray-level emphasis (LRLGE)

LRLGE ¼ 1
nr

XM
i¼ 1

XN
j¼ 1

pði; jÞj2
i2

(11) Long run high gray-level emphasis (LRHGE)

LRHGE ¼ 1
nr

XM
i¼ 1

XN
j¼ 1

pði; jÞi2j2



Supplemental Figure 1 The Intraclass Correlation Coefficient (ICC) Distribution in Each Feature Group. We Counted the Number of
Features Within Different ICC Intervals (Binwidth: 0.025). Except for Gray-Level Run Length Matrix , Wavelet
Transformation Could Improve Feature Stability. The Dashed Line Represents the ICC Value of 0.9
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Supplemental Figure 2 Calibration Curve for 1-Year Survival in the Training, Validation, and ALKD Set

Abbreviation: ALK ¼ anaplastic lymphoma kinase.
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Supplemental Table 1 Four Types of Radiomic Features

Types
Feature Type 1. Geometry

Features
Feature Type 2. Histogram

Features

Feature Type 3. Texture Features

Feature Type 4. Wavelet
Features

Gray-Level Co-Occurrence
Matrix-Based Features

Gray-Level Run-Length
Matrix-Based Features

Number 3 9 20 11 160

Definition Volume Mean Contrast Short run emphasis Wavelet histogram feature

Area Median Correlation Long run emphasis Wavelet GLCM

VolumeArea_Ratio Variance Energy Gray-level nonuniformity Wavelet GLRM

Skewness Homogeneity Run length nonuniformity

Kurtosis Mean Run percentage

Minimum Variance Low gray-level run emphasis

Maximum Std High gray-level run emphasis

Std Dissimilarity Short run low gray-level emphasis

Range Entropy Short run high gray-level emphasis

Sum_average Long run low gray-level emphasis

Difference_average Long run high gray-level emphasis

Sum_variance

Difference_variance

Sum_Entropy

Difference_Entropy

Information_Measures_I

Information_Measures_II

Maximal_Correlation_Coefficient

Homogeneity_Original

Correlation_Original

A total of 203 radiomic features were extracted in this study.
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Supplemental Table 2 Test-Retest Results

ICC Geometry Histogram GLCM GLRLM W_GLCM W_GLRLM W_Histogram

�0.9 3 3 9 9 67 17 24

0.75-0.9 0 5 10 1 3 11 8

0.5-0.75 0 1 0 1 10 13 4

<0.5 0 0 1 0 0 3 0

Abbreviations: GLCM ¼ Gray-Level Co-occurrence Matrix based features; GLRLM¼ Gray-Level Run Length Matrix based features; W_GLCM ¼ Wavelet transformed Gray-Level Co-occurrence Matrix
based features; W_GLRM ¼ Wavelet transformed Gray-Level Run Length Matrix based features; W_histogram¼ Wavelet transformed histogram based features.
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Supplemental Table 3 The Selected Features’ Abbreviations

Geom_va_ratio Geometry feature_volume to area ratio

W_GLCM_Std Wavelet transformed GLCM_Standard deviation

W_GLCM_DV Wavelet transformed GLCM_Difference Variance

W_GLCM_IM2 Wavelet transformed GLCM_Information Measures II

W_his_mean Wavelet transformed Histogram_mean
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