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Table S1. Summary of the radiomics features.

Category feature (number) Name
Intensity (13) SUVmax. SUVpeak. SUVmean. SUVstd. SUVvar.
SUVenergy. AUC CSH. Mean. Variance. Skewness.
Kurtosis. Energy. Entropy-histogram
Textural (88)
GLCM Energy. Entropy. Difference entropy. Sum entropy.
Variancel. Variance2. Sum variance. Max Possibility.
Contrast. Dissimilarity. Homogeneityl. Homogeneity?2.
Correlation. DiffVar. Autocorrelation. Cluster prominence.
Cluster shade. Cluster tendency. ICM1. ICM2. InVar. IDMN.
IDN. Sum Averagel. Sum Average2. Agreement
GLRLM SRE. LRE. GLN. RLN. RP. LGRE. HGRE. SRLGE. SRHGE.
LRLGE. LRHGE. GLV. RLV
GLSZM SZE. LZE. GLN. ZSN. ZP. LGZE. HGZE. SZLGE. SZHGE.
LZLGE. LZHGE. GLV. ZSV
NGTDM Coarseness. Contrast. Busyness. Complexity. Strength
GLGLM SGE. LGE. GLF. GaLN. GP. LGGE. HGGE. SGLGE.
SGHGE. LGLGE. LGHGE. GrLV. GaLV
NGLDM Entropy. Energy. SNE. LNE. NNU
TS BWS. MasSpe
TFC Coarseness. Mean Convergence. Variance
TFCM Code Entropy. Code Similarity. Contrast. SAM. IDM.
Homogeneity. Intensity. Entropy
Abbreviation:
Intensity

e SUV: standard uptake value

e AUC_CSH: Area under the curve of the cumulative SUV-volume histogram

GLCM (gray level co-occurrence matrix)
e DiffVar: difference variance

Table A1. Summary of the radiomics features (continuation)

InVar: inverse variance

IDN: inverse difference normalized
GLRLM (gray level run length matrix)
SRE: short run emphasis

LRE: long run emphasis

GLN: gray-level non-uniformity
RLN: run-length nonuniformity
RP: run percentage

LGRE: low gray-level run emphasis
HGRE: high gray-level run emphasis
SRLGE: short run low gray-level emphasis

ICM1: informational measure of correlationl
ICM2: informational measure of correlation2

IDMN: inverse difference moment normalized




SRHGE: short run high gray-level emphasis
LRHGE: long run high gray-level emphasis
GLV: gray-level variance
RLV: run-length variance

GLSZM (gray level size zone matrix):

SZE: small zone emphasis

LZE: large zone emphasis

GLN: gray-level non-uniformity

ZSN: zone-size nonuniformity

ZP: zone percentage

LGZE: low gray-level zone emphasis

HGZE: high gray-level zone emphasis
SZLGE: small zone low gray-level emphasis
SZHGE: small zone high gray-level emphasis
LZLGE: large zone low gray-level emphasis
LZHGE: large zone high gray-level emphasis
GLV: gray-level variance

ZSV: zone-size variance

NGTDN (neighborhood gray tone difference matrix)
GLGLM (gray-level run-length matrix)

SGE: short gap emphasis

LGE: long gaps emphasis

GLF: gray level fluctuation

GaLN: gap length nonuniformity

GP: gap percentage

LGGE: Low Gray-Level Gap Emphasis

HGGE: High Gray-Level Gap Emphasis
SGLGE: Short Gap Low Gray-Level Emphasis
SGHGE: Short Gap High Gray-Level Emphasis
LGLGE: Long Gap Low Gray-Level Emphasis
LGHGE: Long Gap High Gray-Level Emphasis
GrLV: Gray-Level Variance

GaLV: Gap- Length Variance

NGLDM (neighboring gray level dependence matrix)

SNE: Small number emphasis
LNE: Large number emphasis
NNU: number nonuniformity

TS (texture spectrum)

BWS: black white symmetry
MasSpe: Max spectrum

TFC (texture feature coding)
TFCM (texture feature coding method)

SAM: Second angular moment
IDM: inverse difference moment



Table S2. Formulas and Description of some image features

Morphological Features

Shape and Size based features

Parameter Formula Description
vV Quantifies how close
Compactness = 3 an object to the
Compactness \/EAE smoothest shape. the

Where V denote the volume and A denote the
surface area of the volume of interest (VOI)

circle

Surface area

N
1
SA = Zzlaibi X aicl-l
i=1

Where N is the total number triangle (coved surface
area) and a. b. c are edge vectors

The surface area of
the ROI

%4

Convexity = 7

Measures ratio of the
ROI volume
contained within the

Convexity Where V denote tumor volume and V' denote convex
hull volume tumor to the
u calculated convex
hull volume
1 Measures of the
36m x (V?)3
Sphericity Sphericity = ") roundness of the ROI

Where A denote area and V denote tumor volume

Maximum 3D

See description in the next column

Measures of the
maximum 3D ROI
diameter. It is
measured as the

Physical based

diameter largest pairwise
Euclidean distance.
between surface
voxels of the ROI
) ) ) A The ratio of the
Spherical disproportion = Py surface area of the
'Spherlca.l Where R is the radius of a sphere with the same RO to the surface
disproportion volume as the ROL area of a sphere with
the same volume as
the ROI
A Surface to volume
Surface to SVR = % ratio
volume ratio Where A is area and V is volume
(SVR)
Volume = R * number of voxels Volume of tumor
Where R denote the 3d image resolution (RO
g
S
E Volume
&




Textural Features

Where X denote the 3d image matrix with N voxel.

Parameter Formula Description
Maximum Max = max(X(i)) Measures maximum
Where X denote the 3d image matrix intensity value of a
histogram
Minimum Min = min(X(i)) Measures minimum
Where X denote the 3d image matrix intensity value of a
histogram
Median . X(i) Measures median
Median = > intensity value of a
Where X denote the 3d image matrix histogram
Mean 1 N Measures mean
Mean = _Z X() ir}tensity value of a
N - histogram
Where X denote the 3d image matrix with N voxel.
Variance 1 N Measures squared
Variance = _z X)) — %) distances of each
N —1¢ value of a histogram
— =1 from the mean
% Energy N Measures squared
§ Energy = Z X(i)2 magnitude value of a
= - histogram
% Where X denote the 3d image matrix with N voxel.
g Standard 1 N 1/2 Measures afmount of
< fati . = variation of a
g“ deviation Std = (mz x(@) — x)2> histogram.
@ i=1
T Where X denote the 3d image matrix with N voxel.
;m-: Skewness E(x—p)? Measures asymmetry
= Skewness = 3 of a histogram.
§ Where u is the mean of x. o is the standard
E deviation of x. E is the expectation operator.
e Kurtosis ] E(x — p)* Measures
2 Kurtosis = gt “peakedeness” ofa
£ Where u is the mean of x. o is the standard E;;:gg:ﬁ)(ﬂamess of
= deviation of x. E is the expectation operator.
Root mean Measures the square-
square (RMS) root of the mean of

the squares of the
values of the
histogram. This
feature is another
measure of the
magnitude of a
histogram

Inter quartile

IQR = Q3 — 0y

Measures of
variability. based on

range Where Q4 denote the 3¢ quartile of histogram. Q, anat )
denote the I quartile of histogram dividing a histogram

q g into quartiles
Range Range = range(X(i)) Measures difference

between the highest
and lowest voxel
values of a histogram




Entropy Ny Measures irregularity
Entropy = — Z P(i) log, P(i) of a histogram.
i=1
Where P denote the first order histogram with N,
discrete intensity levels.
Uniformity Ny Measures uniformity
Uniformity = Z P(i)2 of a histogram.
i=1
Where P denote the first order histogram with N,
discrete intensity levels.
Percentile ) nt" percentile . Measures intensity
Percentile = — o0 X(@) value at the 2.5" .
25h 50t 75%  and
97.5% percentile on
histogram
Autocorrelation Ng Nyg Measures of the
. _ o magnitude of the
Autocorrelation = z Z ijP(i.j) fineness and
i=1j=1 coarseness of texture
Cluster Cluster tendency = Measures of the
tendency Ng Ng homogeneity of
L. 2., GLCM
z Z[" +]— Uy — Hy] P(l-])
i=1j=1
Maximum Maximum probability = max{P(i.j)} Measures maximum
probability Valuc? of GLCM
matrix
Contrast Ng Nyg Measures of the local
_ . .. intensity variation of
Contrast = Z le —JjI1?P(i.)) GLCM
@ i=1j=1
e Difference Dif ference entropy Measures entropy of
E — entropy Ng-1 proce.:ssed GLCM
QL matrix Px-y
= £ Z Poy(i) 10ga [Py (D]
E 8
3 Dissimilarity Ng Ng Measures differences
" o
E § Dissimilarity = Z le —JIPGi.)) of entries in GLCM
E 2 i=1j=
© 8 Energy Ng Ng Measures of the
g N
&) 2 homogeneity of
g< Energy = Z Z[P(l ] GLCM
% i=1 j=
Entropy Ng Ng Measures irregularity
Entropy ==Y ) P(ij)logoPG.p)] | M
i=1j=1
Homogeneityl Ng Ng Measures closeness
P@i.j) of GLCM
Homogeneityl = z Z
1+1]i—Jjl
Informational IMC1 = HXY HXYl Secondary measure
measure of - max{HX. HY} of Homogeneity1
correlation 1
(IMC1)
Sum entropy 2Ng Sum of neighborhood
_ . . intensity value
Sum entropy = — z Py () log, [Pxﬂ,(L)] differences
i=2




Variance

Ng Ng

Variance = Z Z(i — Ux)?P(i. )

i=1j=1

Measures dispersion
of the parameter
values around the
mean of the
combinations of
reference and
neighborhood pixels

Sum average

2Ng

Sum average = Z[ipx+y(i)]

i=2

Measures the
relationship between
occurrences of pairs
with lower and higher
intensity values

Sum variance

2N,

Sum variance = Z(l SA)?Pyiy (D)

Higher order features

Where P(m.n) is the intensity size zone matrix

Inverse Ng Ng P(i )
. L]
variance inverse variance = Z z >
li = Jjl
i=1j=
Inverse Ng Ng Measures the local
Difference IDMN = Z Z P(i.j) homogeneity of an
— |2 image
l g
Moment =4 11+(| ]|)
Normalized
(IDMN)
Where P(i.j) is the gray level co-occurrence matrix for (§ = 1.a = 0).
Ng is the number of discrete intensity value in the image.
N is the number of voxels in the ROL
w is the mean of P(i.j).
(D) = Z?’jl P(i.j) are the marginal row probabilities.
py () = Z;Vfl P(i.j) are the marginal column probabilities.
Uy IS the expected value of marginal row probability.
Uy is the expected value of marginal column probability.
0y, is the standard deviation of .
ay is the standard deviation of p,,.
N, N, PR . .
Pey(0) = 512, 509 P(ij) i +) = k.k = 23...2N,,.
Ng N, SNy
Dr—y(k) = ZiflzjflP(z.j) Jdi—jl=kk=01...N;,—1
HX = — Z?’fl P..(i) log,[p,(i)] is the entropy of Py.
HY = ; Z;V% P, (i) loga[py(0)] is the entropy of P,,.
HXY =-%.9 Z}.fi P(i.j) log,[P(i.))] is the entropy of P(i.})
Ny N, .. . .
HXY1=-3%2 %2 P(i.j) log (p:(Dpy ().
Higher-order features
Parameter Formula Description
Size-zone 1 M [N 12 Variability in the size
variability — P(m.n)
o
»n m=1Ln=1 |
=
% Intensity 1 N M 12 Variability in the
8ot variability — Z Z P(m.n) Intensity
o o
2 n=1Ltm=1 g
<
Ra)
N
2]
-4

O represents the number of homogeneous areas in the tumor.

M is the number of distinct intensity values.

N is the size of the homogeneous area in the matrix P(m.n)




Table S3. Univariate Analysis

No. Variable p-value (2-side)
Clinical variables
1 Age 0.472
2 T 0.005
3 N 0.039
4 Histology 0.531
5 ER 0.000
6 PR 0.000
7 Her2-new 0.003
8 Grading 0.024
9 Ki-67 0.005
Metabolic variables
10 SUV_peak 0.001
11 SUV mean 0.018
12 SUV min 0.262
13 SUV_ max 0.017
14 SUV_StdDev 0.083
Image features
15 Mean PET 0.042
16 Min PET 0.838
17 Max PET 0.041
18 Sum PET 0.000
19 Std Dev PET 0.121
20 Variance PET 0.256
21 Skewness PET 0.668
22 Kurtosis PET 0.057
23 Energy PET 0.009
24 Energy PET.1 0.985
25 Correlation PET 0.000
26 Clusterprominence PET 0.776
27 ICMI1 PET 0.001
28 Variance PET.1 0911
29 C.MaxPossibility PET 0.056
30 SGE PET 0.000
31 GLF PET 0.000
32 SGLGE PET 0.809
33 LGHGE PET 0.000
34 GrLV PET 0.000
35 GaLV PET 0.000
36 Energy PET.2 0.000
37 GLV PET 0.004
38 RLV PET 0.000
39 ZP PET 0.000
40 SZHGE PET 0.005
41 LZLGE PET 0.001
42 LZHGE PET 0.001
43 GLV PET.1 0.000
44 Contrast PET.1 0.000
45 Complexity PET 0.209
46 Coarseness PET 0.000
47 Variance PET.2 0.001




Table S3 Univariate Analysis (continuation)

No. Variable p-value (2-side)
48 CodeEntropy PET 0.027
49 Contrast PET.2 0.000
50 IDM PET 0.106
51 Entropy PET.3 0.027
52 BWS PET 0.000
53 MaxSpe PET 0.043
54 Skewness CT 0.193
55 Kurtosis CT 0.243
56 Entropy CT.1 0.191
57 Correlation CT 0.156
58 Clusterprominence CT 0.084
59 Clustershade CT 0.015
60 Sumentropy CT 0.063
61 ICMI1 CT 0.812
62 ICM2 CT 0.307
63 Variance CT.1 0.029
64 C.MaxPossibility CT 0.109
65 IDN CT 0.003
66 GLF CT 0.309
67 GaLN CT 0.000
68 SGLGE CT 0.020
69 SGHGE CT 0.933
70 LGLGE CT 0.299
71 LGHGE CT 0.000
72 GrLV _CT 0.238
73 GaLV _CT 0.137
74 Energy CT.2 0.246
75 GLN _CT 0.000
76 SRLGE CT 0.001
77 RLV CT 0.493
78 SZE CT 0.004
79 ZSNv CT 0.000
80 ZP CT 0.005
81 SZLGE CT 0.000
82 LZLGE CT 0.390
83 LZHGE CT 0.000
84 GLV CT.1 0.147
85 ZSV CT 0.000
86 Strength CT 0.000
87 Contrast CT.1 0.001
88 Busyness CT 0.002
89 Complexity CT 0.329
90 Variance CT.2 0.000
91 CodeSimilarity CT 0.086
92 Contrast CT.2 0.008
93 IDM_CT 0.039
94 BWS CT 0.003
96 MaxSpe CT 0.115




Figure S1. Cross-validated estimation of the best alpha parameters for Lasso. The mean
squared error was used as the cross-validation (CV) score, where higher values are better
than lower values. Alpha was determined to be 0.0064. Lasso = least absolute shrinkage
and selection operator, std = standard deviation.

CV score +/- std error

10 103 102 107?
alpha



Table S4. Selected features by Lasso (no ranked by predictive importance)

SVM (13)
'Kurtosis PET' 'PR' 'A-Grading' 'Side (R=1, L=2)' 'A-ER' 'Her2' 'Her2 META'
'Skewness_CT' 'PR-MET' 'BWS_PET' 'P53''SUV_max' 'T'

Naive-Bayes (5)
'Kurtosis PET' 'PR' 'A-Grading' 'Side (R=1, L=2)" 'A-ER'

Random Forest (14)
'Kurtosis PET' 'PR' 'A-Grading' 'Side (R=1, L=2)'" 'A-ER' 'Her2' 'Her2 META'
'Skewness CT' 'PR-MET' 'BWS _PET''P53''SUV_max''T''M'

Logistic Regression (47)

'Kurtosis PET' 'PR' 'A-Grading' 'Side (R=1, L=2)' 'A-ER' 'Her2' 'Her2 META'
'Skewness CT' 'PR-MET' 'BWS PET' 'P53' 'SUV_max' 'T'" 'M' 'Contrast PET.2'
'Contrast CT.2' 'Variance CT.2' 'Variance PET.2' 'N' 'Age at Diagnose' 'LZLGE CT'
'Strength CT' 'BWS _CT' 'Kurtosis CT' 'ER-META' 'ZSV_CT' 'Variance PET'
'ZSNv_CT' 'SGHGE CT' 'Min PET' 'Std Dev PET' 'Complexity PET' 'GLN_CT'
'Mean PET' 'SZHGE PET' 'Max PET' 'LGHGE PET' 'Complexity CT' LZHGE PET'
'LGHGE_CT' 'Clustershade CT' 'GLV_CT.1" 'Clusterprominence PET' 'GLV_PET.1'
'Sum_PET' 'Clusterprominence CT' 'LZHGE CT'

KNN (15)
'Kurtosis PET' 'PR' 'A-Grading' 'Side (R=1, L=2)'" 'A-ER' 'Her2' 'Her2 META'
'Skewness_ CT' 'PR-MET' 'BWS_PET' 'P53' 'SUV_max' 'T''M' 'Contrast PET.2'

AdaBoost (12)
'Kurtosis PET' 'PR' 'A-Grading' 'Side (R=1, L=2)'" 'A-ER' 'Her2' 'Her2 META'
'Skewness CT' 'PR-MET' 'BWS_PET' 'P53' 'SUV_max'

Neural Network (14)
['Kurtosis PET' 'PR' 'A-Grading' 'Side (R=1, L=2)' 'A-ER' 'Her2' 'Her2 META'
'Skewness_ CT' 'PR-MET' 'BWS _PET' 'P53''SUV_max' 'T'

Lasso = least absolute shrinkage and selection operator

10



Figure S2. Predictor importance for models with Lasso

Predictive Importance of Difeferent Predictors

LGHGE_CT
PR

ZSNv_CT
Energy PET.2
ER

SGE_PET
Correlation_PET
BWS_PET
Sumentropy CT

Max_PET

Name of Predictor Variable
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SRLGE_CT
SUV_peak

ER-META
Ki-67-META
PR-MET

M

0.00 0.02 004 0.06 0.08
Predictive Importance



