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Supplementary Figure 1: Overlap in stable unfiltered, wavelet and all features between tumour
entities at 1.5T (i.e., colorectal liver metastases (red), ovarian (yellow), and lung (blue) cancer)
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Supplementary Figure 2: Overlap in stable features between colorectal liver metastases at 1.5T (red)
and 3T (yellow):
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Supplementary Figure 3: Overlap in stable features between different MR-systems of Philips (red)
and GE (yellow):
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Supplementary Figure 4: Histogram of Spearman’s r values correlating feature values with tumour

volume:
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Supplementary Figure 5: Absolute value of Spearman’s r plotted as a function of the CCC:

Ovarian Lung
e X 2 X
— X - X
X x X
@ *g @ xX M
=1 IS} x X
x%% X X X
_ x < . X x X X<
© © x
2 o ] Xx 2 S X X
£ x £ x
I x X X X o X x X
3 < | x X X X xy % % X% g < | x %, RS X
o o % * X Q o x 3K X
%) x X x X X% X x §§ ) X X X< % X X X
X R X X x x XX x X SO Tk XX X7 x
X X X X X
o | B o 3 KX o xx LR
° o x o 5% X x * ° x RN N S SV
s x Xx X § x§& R x x x = x X X X X 2 X% X x
. xX X X x X * . X xR Xx XX
S 1.X x X X x % S x X X X
T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 -0.2 0.0 0.2 0.4 0.6 0.8 1.0
cce cce
Liver 1.5T Liver 3T
o | X o | <
- X - X
X X
. i ] 1
o * < X
x x X X
S e £ 5 o £
L Xx o Q4 X
£ x g x
T x X X X S x X X X
o < | x X % X xy x % X% o < x X XX X xy x % X%
S o X % o< % Qo % % o< X
a x X ox X X% X xgk o x X x X XX x B
X %X X X X X ¥X X X x
X X X X X X X X
o XXX X X * x ©x x o *xXX % x * x © X x
=1 :‘; & x X X>59< X xxx X ;o =] :(;( « y X XX“ Xyxx x =
& X X o X § xﬁ& X % X x o x § xﬁ& X< %
o x X X X % x ) o x X X X x X >
S 1.X X X % x % S 1.X X X x X %
T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

ccc Cccc



ith volume

ion wi

Features correlat

‘Shape_volumeNumber
Shape Shape_volumeDensity BE
Shape_volumeDensityBB
Shape_elongation

Shape_flatness
Shape_compactness2
Shape_compactness3
Shape_sphericity
Shape_centroidDistance
Shape_spherDisprop
‘Shape_asphericity
Shape_areaDensity BB
Shape_areaDensity BE
Shape_surfVolRatio
Shape_majoraxislength
‘Shape_maxDiameter2D2
‘Shape_maxDiameter3D
‘Shape_maxDiameter2D1
‘Shape_maxDiameter2D3
‘Shape_leastaxislength
Shape_minoraxislength
hape_surface

‘Shape_compactness

% Stats_p10
Intensity Stats Geod
tats_mean

Stats_rmeand

Stats_cov

Stats_rms

Stats_iqr

Stats_mediand

IH_mingradi
1H_gcod
1H_cov
IH_uniformity

NGTDM_strength
NGTDM_contrast

NGLDM NGTDM_coarseness
NGTDM_busyness

NGLDM_LGLDE

NGLDM_LGE

NGLDM_DV

NGLDM_LGSDE

NGLDM_GLNN

NGLDM_LDE

NGLDM_HGLDE

NGLDM_HGE

NGLDM_HGSDE

LoclInt NGLDM_DN

Locint. kGlobal

GLSZM Cocirt peakLocal
GLS.

GLSZM_SAE
GLSZM_SZNN
GLSZM_HISAE
GLSZM_HIE
GLSZM_LIE

GLSZM_ZE
GLSZM_INN
GLSZM_ZP
GLSZM_SzV
GLSZM_LAE
GLSZM_HILAE
GLSZM_SZN
GLRLM GLSZM_IN
GLRLM_LRLGE
GLRLM_LGRE
GLRLM_SRLGE

GLRLM_GLNN
GLRLM_RP
GLRLM_SRE

GLDZM

GLDZM_IV
GLDZM_HISDE

M_|

GLDZM_INN
GLDZM_zP
GLDZM_DZE
GLDZM_DZNN
GLDZM_SDE
GLDZM _DZN
GLDZM_LILDE
GLDZM_LDE
GLDZM_DzV
GLCM GLDZM_IN
GLCM_maxProb
GLCM_energy
GLCM_maxCorr
GLCM_clusShade
GLCM_clusProm
GLCM_entrop2
GLCM_autocorr
GLCM_sumEntro
GLCM_sumVar
GLCM_clusTend
GLCM_sumAvg
GLCM_average
GLCM_sumSquares
GLCM_correl1
GLCM_diffVar
GLCM_invDiffmomnor

GLCM,

_contrast
GLCM_invDiffnorm
GLCM_homogeneity1
GLCM_homogeneity2
GLCM_diffEntro
GLCM_dissimilar

GLCM_diffAvrg

GLCM_inverseVar

Fractal Fractal_average
Fractal_lacunarity

ctal_sd

E —
N —
E —
M —

0”
o

o]
%

Spearman's r

Supplementary Figure 6: Spearman
correlationss between the radiomics
features extracted from the test dataset for
all patients. The threshold for strong
correlation was set to r greater than 0.6.



Supplementary information 2: Mathematical description of extracted radiomics features.

Feature descriptions

* - Not described in IBSI feature definitions

Fractal Dimension features*
The Fractal Dimension (FD) of the image is computed as described by Al-Kadi and Watson (1).
Given the FD processed image I, with N elements:

1. Average
_1 Z I
average = N

2. Lacunarity
1
—E 12

1
nzZl

lacunarity = -1

3. Standard deviation
1 %
standard deviation = (mz:(l - I)2>

Where [ is the mean of I.

First-order Grey-level statistics

First-order Grey-level statistics describe the distribution of grey values within the volume. Let X
denote the three dimensional image matrix with N voxels, P the first order histogram, P (i) the
fraction of voxels with intensity level i and N; the number of discrete intensity levels.

1. Energy
N
energy = 2 X (i)?
i=1
Energy is also known as the sum of squares.

2. Entropy

Ny
entropy = 2 P(i)log, P(i)
i=1



Note: Defined by IBSI as Intensity Histogram Entropy.

3. Kurtosis

1 ; =
~ I () - B

(Lsr,ox@ - 02)

kurtosis =

where X is the mean of X.

Note: The IBSI feature definition implements excess kurtosis, where kurtosis is corrected by -3,
yielding 0 for normal distributions. The kurtosis presented above is not corrected, yielding a value 3
higher than the IBSI kurtosis.

4. Maximum
The maximum grey value of X.
maximum = max (X)

5. Mean
The mean grey value of X.

&

=— E X(i

mean N . 1 ()
i=

Mean ADC values of the entire cohort was calculated over the mean of each lesion

6. Mean absolute deviation
The mean of the absolute deviations of all voxel intensities around the mean intensity value.

N
1 —
mean absolute deviation = NE'X(D - X|
_ i=1
where X is the mean of X.

7. Median

The sample median of X, or the 50" percentile of X.
Median ADC values of the entire cohort was calculated over the mean of each lesion

8.  Minimum
The minimum intensity value of X.
minimum = min(X)

9. Range
The range of intensity values of X.
range = max(X) — min(X)

10. Root mean square (RMS)
The quadratic mean, or the square root of the mean of squares of all voxel intensities.
Y X(@@)?

RMS = [——
N



11. Skewness

I (@) - X

(oo -5

skewness = 3

where X is the mean of X.

12. Standard deviation *
1/2

N
1 _
standard deviation = (mz:(X(i) - X)2>
i=1

where X is the mean of X.

13. Robust mean absolute deviation

The mean absolute deviation (0) of only those voxels in X with a grey value between the 10™ and 90™
percentile.

14. 10" percentile
The 10" percentile of X, a robust alternative to the minimum grey value (8).

15. 90" percentile
The 90" percentile of X, a robust alternative to the maximum grey value (4).

16. Interquartile range
The interquartile range is defined as the 75™ minus the 25" percentile of X.

17.  Uniformity
N;
uniformity = 2 P(i)?
i=1
Note: Defined by IBSI as Intensity Histogram Uniformity.

18. Variance
1 N
. - X (i —X 2
variance N 12( () )
i=

where X is the mean of X. Variance is the square of the standard deviation (12).

Intensity histogram features
Intensity histogram features describe the distribution of grey values within the volume, after

discretization into intensity level bins was applied. Let:

Xq = {Xaq1,Xq2, -, Xan,} be the set of discretized intensity values of the Ny, voxels in the volume of
interest,
H = {nq, n,, ... } be the histogram with frequency count n; of each discretized intensity level i in Xy,



Ny be the number of discretized intensity values (bins) in the volume of interest,
p; be the occurrence probability for each bin i of the histogram N, where p; = n;/N,,.

1. Coefficient of variance (cov)
standard deviation

cov =
mean

2. Energy

Ny
energy = E:Xd(j)2
j=1
Energy is also known as the sum of squares.

3.  Entropy
Ng

entropy = — 2 P(i)log, P(i)
i=1
4.  Interquartile range (iqr)
IQR = P75 — Pps
where P,5 and P, are the 25" and 75" percentile of X4, respectively.

5. Kurtosis
1 N, . =
N_vzjzl(Xd(]) - Xa)*

(Nivzyzl(xd(n - )?d>2)2

kurtosis =

where X is the mean of X,.

6. Maximum
The maximum discretized intensity value of X;.
maximum = max(X,)

7.  Maximum histogram gradient (maxgrad)
maxgrad = max(H")

Where H' is the histogram gradient, defined as:
H(i+1)—H@{-1)

H ={HQ2)-HQ), .., >

s H(Ny) = H(Ny — 1)}

8.  Maximum histogram gradient intensity level (maxgradi)
The discretized intensity level i corresponding to the maximum histogram gradient.

9. Mean
The mean discretized intensity value of X.

NU
1
= — ) X.(j
mean NVZ: a()
Jj=1



10. Mean absolute deviation (meand)
The mean of the absolute deviations of all discretized intensity levels around the mean of X;.

Ny
1 —
meand = —Ele(j) — X4l
N, 4
j=1
where X is the mean of X,.

11. Median
The sample median of X; or the 50™ percentile of X.

12. Median absolute deviation (mediand)
The dispersion from the median of X;.

N17
1
mediand = —EIXd(j) — M|
N,
Jj=1
where M is the median of X;;.

13. Minimum
The minimum discretized intensity value of X;.
minimum = min(X,;)

14. Minimum histogram gradient (mingrad)
mingrad = min(H")
Where H' is the histogram gradient, defined as:
Hi+1)—-H@{-1)
2

H ={H2)-HQ),.., , ey H(N;) = H(N, — 1)}

15. Minimum histogram gradient intensity level (mingradi)
The discretized intensity level i corresponding to the minimum histogram gradient.

16. Mode
The mode of X is the most frequently occurring discretized image level present. In case multiple bins
have the highest count n;, the mode is the smallest of those values.

17.  Uniformity
Ng

uniformity = 2 P(i)?
i=1

Note: Defined by IBSI as Intensity Histogram Uniformity.

18. Range
The range of bins in the histogram, i.e. the width of the histogram.
range = max(X;) — min (Xy)

19. Root mean square (RMS):



20. Robust mean absolute deviation (rmeand)
Similar to mean absolute deviation, but in this case only considering the set of intensity levels in the
range between the 10" and 90" percentile of X,;.

Nio-90

1 _
2 |Xd,10—90 0 - Xd,10—90|
j=1

rmeand =
Nig—90

where X;9_g¢ represents the set of Nyg_qo voxels in X; whose discretized intensity levels fall within
the range of the 10" till the 90™ percentile of X,;.

21. Skewness

TP a() - X0

skewness =

3
((F2m0u0) - %)

22. Standard deviation
1/2

Ny

1 _

71 E(Xd(j) - Xa)?
=1

standard deviation =
N,

23. Variance
The variance of X ;.

Ny

1 —

1 E(Xd(j) — Xg)?
=1

variance =
Ny

where X is the mean of X.

24. 10" percentile
The 10™ percentile of X,;.

25.  90™ percentile
The 90" percentile of X,.

26. Quartile coefficient of dispersion (qcod)

The quartile coefficient of dispersion is a robust alternative to the coefficient of variance.
P75 — Pys

P75 + P35

where P,5 and P, are the 25" and 75" percentile of X4, respectively.

qcod =

Local Intensity features *
Local Intensity (Loclnt) features are defined based on local intensity values around a center voxel (2).

1. Local intensity peak

Mean intensity level in a 1 cm® spherical volume, centered on the voxel with the maximum intensity
level in the volume of interest. In case multiple voxels contain the maximum intensity level, the
highest mean intensity level of all spherical volumes is used.



2.  Global Intensity peak

Similar to local intensity peak, but in this case the mean intensity level in a 1 cm’ spherical volume is
calculated for every voxel in the volume of interest. The highest mean intensity level of all spherical
volumes is selected as the global intensity peak feature.

Geometric features
Geometric features describe the shape and size of the volume of interest. Let VV be the volume and A

the surface area of the volume of interest. Let N be the total number of voxels, X = {)? 1,)_() 20 e ,)Z’) N}
the set of N Cartesian coordinate vectors and I = {I;, I, ..., Iy} the corresponding intensity values.

1. Asphericity
1

1 A3\3
asphericity (3671 V2>

2.  Centroid distance
The centroid distance is the Euclidean distance between the geometric centroid (Cy) and the centroid

weighing each voxel by its intensity value (C;). The centroid distance is a measure of how close the
high intensity values are to the geometric center.

N

1 -

Cg :N E Xi
i=1

Y
centroid distance = ||Cg - Ci”

3.  Compactness 1
Compactness is a measure of how much the volume resembles a sphere, as described by Aerts et al.

(3).

|4
compactness 1 = >
Vi A3
4.  Compactness 2
2
compactness 2 = 3671;
5.  Compactness 3
4
compactness 3 = 3
VrAz

A dimensionless alternative to Compactness (3), as described by Aerts et al. (3).

6. Maximum diameter
The maximum diameter is the largest pairwise difference between voxels on the surface of the
volume, in 3D and for each plane separately. The following diameters are calculated:

a. The maximum three-dimensional tumor diameter.

b. The maximum two-dimensional diameter of all transversal planes.



c. The maximum two-dimensional diameter of all sagittal planes.
d. The maximum two-dimensional diameter of all coronal planes.

7.  Major axis length

Axis lengths are measures of the extent of the volume along its three principle axis. Principle
component analysis (PCA) on the x, y and z coordinates of all voxels within the volume is used to
determine the three orthogonal eigenvectors and corresponding eigenvalues (Ayax> Aminor> Amin)-
The major axis length is the largest eigenvalue (4,,4,) as determined by PCA.

8.  Minor axis length
The largest eigenvalue (A,,in0r) as determined by PCA.

9.  Least axis length
The smallest eigenvalue (4,,;,) as determined by PCA.

10. Elongation

, Aminor
elongation = ——
max
11. Flatness
flatness = ——
max

12. Spherical disproportion (4)
Spherical disproportion is a measure of how much the volume resembles a sphere.
A

4mR?
Where A is the surface area and R is the radius of a sphere with the same volume as the tumor,

obtained through:
3 ;3V
R= |—
4r
13. Sphericity (4)

Sphericity is a measure of how much the volume resembles a sphere.

spherical disproportion =

1 2 1
n3(6V)3  (36mV?)3
A A

sphericity =

14. Surface area
The surface area is calculated by triangulation (i.e. dividing the surface into connected triangles,
which define the isosurface enclosing the volume) and is defined as:

- 1

surface area = 25 la;b;xa;c;|

i=1
Where N is the total number of triangles covering the surface and a, b and c are edge vectors of the
triangles.

15. Surface to volume ratio



A
surface to volume ratio = v

16. Volume

The volume is defined as the number of voxels within the volume multiplied by the voxel volume.
volume = Nv

Where v is the volume of a single voxel.

Note: In the IBSI feature definitions, a more precise approximation of the volume is used. That

method uses tetrahedrons consisting of the origin and faces in the ROI. Although the method

implemented here overestimates the volume, especially in small volumes, the difference will be

negligible in large ROIs.

Grey-Level Co-Occurrence Matrix based features
Grey-level co-occurrence matrix (GLCM) based features, as originally described by Haralick et al (5).

A normalized GLCM is defined as P(i, j; §, @), a matrix with size Ny XN, describing the second-order
joint probability function of an image, where the (i, j)th element represents the number of times the
combination of intensity levels i and j occur in two pixels in the image, that are separated by a
distance of § pixels in direction a, and N is the maximum discrete intensity level in the image. Let:

P(i,j) be the normalized (i.e. ), P(i,j) = 1) co-occurrence matrix, generalized for any § and « ,
P = %2, P(i,)),

py() = Zp%, P(L ),

Uy be the mean of p,, where p,, = Zlivfl Zyi’liP )

Hy be the mean of p,,, where y,, = Z;Vfl Zyi’le (%))

o, be the standard deviation of p,, where g2 = Z?’:‘ql Z?’flP (i, N — py)?
oy, be the standard deviation of p,,, where o = Zivfl Zyij(i,j)(]' — lhy)?
Pary(k) = 50 500 P(i, ). i+ = k. k = 2,3, .. 2N,

Pamy(k) = Do, 208 PG, = jl = Kok = 0,1, Ny = 1,

HXY1 = =39 379 P(L,)) In(py (Dpy (1)

HXY2 = = 379 37, pe(Dpy () In(px (Dpy (D)

HX = =) pIn(py)

HY = — 2 Dy ln(py)
1. Average (1)

RN EINIH)
2

average (u) =

Note that for a symmetrical GLCM, u = u, = u,.

2. Autocorrelation



10.

11.

Ng Ny

autocorrelation = Z Z ijP(i,j)

i=1j=1
Cluster Prominence
Ng Ng
cluster prominence = Z Z[t +j— Uy — uy]4P(i,j)
i=1j=1
Cluster Shade
Ng Ng
cluster shade = Z 2[1 +Jj = Uy — uy]3P(i,j)
i=1j=1
Cluster Tendency
Ng Ng
cluster tendency = Z 2[1 +J = Uy — uy]zP(i,j)
i=1j=1
Contrast (6)
Ng Ng Ng-1
contrast = Z Eli —jI12P(@, ) = Z k2 py_y (k)
i=1j=1 k=0
Correlation
Ng «Ng .. .. .
. Zi:lzjzl ljp(l,,]) _:uxMy
correlation =
Ox0y
Difference Average (ix—_y)
Ng-1
dif ference average (Uy—y) = Z kpsx—y
k=0

Difference Entropy
Ng-1

dif ference entropy = — Z Py (D) logz[Px_y(i)]

=0

Difference Variance
Ng-1

dif ference variance = Z (i— ,ux_y)sz_y(i)

=0

Dissimilarity
Ng Ng

dissimilarity = Z Eli —JjlP(, )

i=1 j=1



12. Energy (7)
Ng Ng

energy =3 3 )

i=1j=1
This feature is also called Angular Second Moment (ASM) and Uniformity (6).

13. Entropy (H)
Ng Ng

entropy (H) = — 2 2 P(i,j) log,[P(i, )]

i=1 j=1

14. Homogeneity 1
Ng Nyg

P(i
homogeneity 1 = 2 Z (.))
1+ i—jl

This feature is also called Inverse Difference (6).

15. Homogeneity 2 (7)
Ng Ng

P(i,
homogeneity 2 = Z Z T |(l i)]|2

This feature is also called Inverse Difference Moment (6).

16. Informational measure of correlation 1 (IMC1)
H — HXY1

IMC1l = ——
max{HX, HY}

Where H is the entropy (13).

17. Informational measure of correlation 2 (IMC2)
IMC2 = /1 — e=2(HXY2=H)

Where H is the entropy (13).

18. Inverse Difference Moment Normalized (IDMN)

Ng Ng
P(i,j
IDMN = 2 2 %
e L i—j
i=1j=11 + ( 5 )
Ng
19. Inverse Difference Normalized (IDN)
Ng Ng
IDN — Z 2 P@.J)
i=1 j= 11+(|l_]|>
20. Inverse variance
Ng Ng

_ P(i,)) ;
lTerT'SE varlance |l—]|2 )

i=1j=



21. Maximal Correlation Coefficient

maximal correlation coef ficient = \/second largest eigenvalue of Q
Ng
= P(i, K)P(j, k)
& px(Dpy (k)
22. Maximum Probability
maximum probability = max{P (i, )}

23. Sum average (SA)
2Ng

sum average (SA) = E[ipx+y(i)]

=2

24. Sum entropy
2Ng

sum entropy = — 2 Pyyy (D) logz[Px+y(i)]
i=2

25. Sum variance
2Ng

sum variance = E(i - SA)ZPx+y(i)
i=2

26. Variance (sum of squares)
Ng Ng

variance = 2 2(1' —w?P(3,j)

i=1 j=1

Grey-Level Run-Length matrix based features
Grey-level run-length matrix (GLRLM) based features, as described by Galloway et al. (8). Run
length metrics quantify grey level runs in an image. A grey level run is defined as the length in

number of pixels, of consecutive pixels that have the same grey level value. In a grey level run length
matrix p(i,j|0), the (i,j)th element describes the number of times j a grey level i appears
consecutively in the direction specified by 8. Let:

p(i,)) be the (i, j)th entry in the given run-length matrix p, generalized for any direction 6,

Ny the number of discrete intensity values in the image,

N, the maximum run length,

N, the total number of runs, where Ny = Zivfl Z?’;l p(i, j),

pr the sum distribution of the number of runs with run length j, where p,-(j) = Zivfl r(, ),
pg the sum distribution of the number of runs with grey level i, where py (i) = Z?’;l r(, ),

N,, the number of voxels in the image, where N,, = Z?’;l JjPr,

p(.J))

pn(i,j) the normalized run-length matrix, where p,(i,j) = T



U, the mean run length, where p, = Z?I:gl Z?’;ljpn(i,j),

Ug the mean grey level, where g = Zivfl Z?’;l ipn(i,)).

1. Short Run Emphasis (SRE)

Ny
1
SRE = — P_r
sj:1]
2.  Long Run Emphasis (LRE)
NT
1
e =LY o,
N ].:1

3.  Grey Level Non-Uniformity (GLN)
Ng
GLN = ! Z z
TN, LPe
=1

4. Grey Level Non-Uniformity Normalized (GLNN)
Ng

1
GLNN = —ZZ ps
N i=1
5. Run Length Non-Uniformity (RLN)
Ny
1
RLN = —Z 7
N £
j=1
6.  Run Length Non-Uniformity Normalized (RLNN)
NT
1
RLNN = — Z p?
N§ &
j=1
7. Run Percentage (RP)
N,
RP =—=
Np

8. Low Grey Level Run Emphasis (LGRE)
Ng
1
LGRE = — ) 2¢
Ny £ 2
=1

9. High Grey Level Run Emphasis (HGRE)

Ng
1 "
HGRE = N_sZ i“pg
i=



10. Short Run Low Grey Level Emphasis (SRLGE)

11. Short Run High Grey Level Emphasis (SRHGE)
Ng N

SRHGE = —2 zr: G ])l

i=1j=

12. Long Run Low Grey Level Emphasis (LRLGE)
Ng N,

LRLGE — _221)(1 JJ?

i=1j=

13. Long Run High Grey Level Emphasis (LRHGE)

Ng Ny
LRHGE = —ZZp(l Ni%j?
i=1j=
14. Grey level variance (GLV)
Ng Ny
GLV = D" > (i = ) Pulis])
i=1j=1
15. Run length variance (RLV)
Ng Ny
RLV = "> (= 1:)?Pu(ic))
i=1j=1
16. Run entropy (RE) (9)
Ng Ny
=" Puli,j16)10g2[pa(i, )]
i=1j=1

Grey-Level size-zone matrix based features

Grey-level size-zone matrix (GLSZM) based features, as described by Thibault et al. (10, 11). A grey
level size-zone matrix describes the amount of homogeneous connected areas within the volume, of a
certain size and intensity. The (i, j)th entry of the GLSZM p(i, j) is the number of connected areas of
grey level (i.e. intensity value) i and size j. GLSZM features therefore describe homogeneous areas
within the tumor volume, describing tumor heterogeneity at a regional scale (12). Let:

p(i,)) be the (i, j)th entry in the given GLSZM p,

Ny the number of discrete intensity values in the image,

N, the size of the largest, homogeneous region in the volume of interest,

N; the total number of homogeneous regions (zones), where Ng = Z?]:gl Z?’il p(i,)),

p, the sum distribution of the number of zones with size j, where p,(j) = Zjivfl r(, ),



pg the sum distribution of the number of zones with grey level i, where pg (i) = Z?’il r(i, ),

N,, the number of voxels in the image, where N,, = 2?21 JPz,

pn(i,j) the normalized size-zone matrix, where p, (i,j) = %,
U, the mean zone size, where p, = Zjivfl Z?’iljpn (i,j16),
Ug the mean grey level, where ug = Zivfl Z?’il ipn(i,j16).
1. Small area Emphasis (SAE)
Ny
1
SAE = — 2 —=
sj:1]
2. Large area Emphasis (LAE)
NZ
1
s =13,
S ]:1
3. Intensity Non-Uniformity (IN)
Ng

Ng
1
INN = — 2 pé
N i=1
5. Size-zone Non-Uniformity (SZN)
Ny
1
SZN = —Z p?
N &
j=1
6. Size-zone Non-Uniformity Normalized (SZNN)
NZ
1
SZNN = — 2 p2
S j:1
7. Zone Percentage (ZP)
NS
ZP =—
Np
8. Low intensity Emphasis (LIE)
Ng
LIE = — ?—g
i

9. High intensity Emphasis (HIE)



Ng
1 2
HIE = EE I“pg
=1

10. Low intensity small area Emphasis (LISAE)

Ng Ny
1 i,j
LISAE = —2 2 p.( ,])
Ny & o i%)2
i=1j=1
11. High intensity small area Emphasis (HISAE)
Ng Nz 2
1 i,j)i
HISAE = N—z:z:p( ,i)
Si=1j=1 J
12. Low intensity large area Emphasis (LILAE)
Ng Ny
1 i,
LILAE = —2 2 p( i)]
N £a £ i
i=1j=1
13. High intensity large area Emphasis (HILAE)
Ng Nz
- i poaNeD D
HILAE = p(i,))icj
Ny £ £
=1 j=1
14. Intensity variance (IV)
Ng Ny
W= - 1g)pali))
i=1j=1
15. Size-zone variance (SZV)
Ng Nz
SZV = )" (= 1)?Pu(i))
i=1j=1
16. Zone entropy (ZE)
Ng Ny
ZE =) puli, Noga[pa(i,))]
i=1j=1

Grey-Level distance-zone matrix based features
Grey-level distance-zone matrix (GLDZM) based features, as described by Thibault et al. (13). A grey
level distance-zone matrix describes the amount of homogeneous connected areas within the volume,

of a certain intensity and distance to the shape border. The shape border is defined by 6-connectedness
in 3D (i.e. a voxel is on the border, if at least one face is exposed). In contrast to the original definition
by Thibault et al. (13), the minimum distance to the border is 1, instead of 0 (i.e. voxels on the border
have a distance of 1), to allow for correct feature calculations. The (i, j)th entry of the GLDZM p(i, j)
is the number of connected areas of grey level (i.e. intensity value) i and minimum distance j to the



shape border. GLSZM features therefore describe the radial distribution of homogeneous areas within
the tumor volume. Let:

p(i,)) be the (i, j)th entry in the given GLDZM p,

Ny the number of discrete intensity values in the image,

N, the largest distance of a homogeneous region in the volume of interest to the shape border,

N, the total number of homogeneous regions (zones), where N = Z?]:gl Z?’fl p(i, ),
pgq the sum distribution of the number of zones with distance j, where p,(j) = Zivfl p(i, ),
pg the sum distribution of the number of zones with grey level i, where pg (i) = Z?’il r(i, ),
N,, the number of voxels in the image, where N,, = Z?’fl JPas

p@.j)

pn(i,j) the normalized size-zone matrix, where p, (i,j) = N
N

Uq the mean distance, where g = le.vfl Z?’fljpn(i,jW),

g the mean grey level, where pg = Zivfl Z?’fl ipn(i,j16).

1. Small distance Emphasis (SDE)

2. Large distance Emphasis (LDE)

3. Intensity Non-Uniformity (IN)

Ng
1
INN = —22 pé
N 4
i=1
5. Distance-zone Non-Uniformity (DZN)
N
1,
DZN = — 2 Pa
S j:1

7. Zone Percentage (ZP)



10.

11.

12.

13.

14.

15.

16.

Low intensity Emphasis (LIE)

High intensity Emphasis (HIE)
Ng
1 "
HIE = FSZ I“pg
i=1

Low intensity small distance Emphasis (LISDE)
Ng Ng

LISDE = —Z p(l ])

i=1j=

High intensity small distance Emphasis (HISDE)
Ng Ng

HISDE = —Z Z Pl ])l

i=1j=

Low intensity large distance Emphasis (LILDE)
Ng Ng

l
LILDE = _2 p(i J)J

i=1j=

High intensity large distance Emphasis (HILDE)
Ng Ng

HILDE = _ZZPO Di?j

i=1j=

Intensity variance (IV)
Ng Ng

W= (- 1) pali)

i=1j=1

Distance-zone variance (DZV)
Ng Ng

S2V = 3" (= 1) Pu(i))

i=1j=1
Distance-zone entropy (DZE)

Ng Ng

DZE = ) > puli.)logz[pa(ii))]

i=1 j=1



Neighborhood Grey tone difference matrix based features

Neighborhood Grey tone difference matrix (NGTDM) based features, as described by Amadasun and
King (14). The ith entry of the NGTDM s(i|d) is the sum of grey level differences of voxels with
intensity i and the average intensity A; of their neighboring voxels within a distance d. In contrast to

the original paper, a complete neighborhood is not required and 4; is determined over the valid
voxels. Let:

n; be the number of voxels with grey level i,

N, = Y, n;, the total number of voxels (defined as n? by Amadasun and King (14)),

Xnli — Al forn; >0

., generalized for any distance d,
0 otherwise

s(i) = {

Ny be the maximum discrete intensity level in the image,
p() = %, the probability of grey level i,

Ny, the total number of grey levels present in the image.

1. Coarseness
1

e+ 2,5 p(D)s(0)

coarseness =

Where ¢ is a small number to prevent coarseness becoming infinite.

2. Contrast
Ng Ng Ng
trast > Y p0p(I - | 1D s
contrast = | ——— p()p i—j — > s(i
Np(1 = Np) i=1j=1 Ny i=i
3. Busyness
N . .
Y5 ps@)

busyness = p(0) #0, p(j)#0

Ng oNg . /. PPN
Zi:gi Z}.fihp(l) —jr()I
4. Complexity

Ng Ng N N
complexity = Nizzli —Jl P@Ws@) + p(])s(])’ p(0) =0, p(j)#0

L r(D) +p()
5. Strength
8 208 @) + p()]G = )3 | |
strength = 5 ., p@=#0, p()#0
£+ Zifi s(@)

Neighboring Grey level dependence matrix based features

Neighboring Grey level dependence matrix (NGLDM) based features, as described by Sun and Wee
(15). NGLDM features are invariant under spatial rotation. The (i,j)th entry of the NGLDM
p(i,j|d, a) describes the number of neighborhoods with center voxel grey level (i.e. intensity value) i

and dependence (i.e. number of dependent voxels) k = j — 1. A neighborhood are all voxels within a



distance d from the center voxel. The center voxel and a neighboring voxel are dependent if their
absolute grey value difference < a, the dependency coarseness parameter. The features originally
specified by Sun and Wee are analogous to the GLRLM and GLSZM features, and the feature set is
extended accordingly. Let:

p(i,)) be the (i, j)th entry in the given NGLDM p, generalized for any d and a,

Ny the number of discrete intensity values in the image,

N, the maximum dependence value,
N, the total number of neighborhoods, where Ng = Zlivzgl Z?’il p(i,)),
pa the sum distribution of the number of neighborhoods with dependence j = k + 1, where py(j) =

N ..

Zijl p (l'])a

pg the sum distribution of the number of neighborhoods with center voxel grey level i, where pg (i) =
N .

YiLip@ D,

pn(i, ) the normalized NGLDM, where p,(i,j) = %,

Uq the mean dependence, where u, = Zivfl Zyiljpn(i,j|9),

Ug the mean grey level, where pg = Zivfl Z?’il ipn(i,j10).
Note: By definition, the number of voxels in the image (N) equals the total number of neighborhoods
(Ng), since in our implementation every voxel is considered to have a neighborhood. Feature

N S .
“dependence percentage” (N—S>, which is the equivalent to run-length feature “run percentage” (RP;
p

7), is therefore omitted, because it will always evaluate to 1.

1. Small Dependence Emphasis (SDE)

Ng
1
SDE = —2 ?—g
Ny &~ j
j=1
This feature is also called Small Number Emphasis (15).

2. Large Dependence Emphasis (LDE)

Ng
1
w5 =LY,
N 4
j=1

This feature is also called Large Number Emphasis (15).

3. Grey-level Non-Uniformity (GLN)
Ng
GLN = ! 2 z
TN, LPe
=1

4. Grey-level Non-Uniformity Normalized (GLNN)
Ng

1 2
GLNN = FZ p2

S i=1

5. Dependence Non-Uniformity (DN)



Ng
DN = ! 2 2
TN, 4 Pz
j=1
This feature is also called Number Nonuniformity (15).

6. Dependence Non-Uniformity Normalized (DNN)
Ny
1
DNN = —ZZ pz
N £
j=1

7. Low Grey-level Emphasis (LGE)

8. High Grey-level Emphasis (HGE)
Ng
1
HGE = —Z i’pg
N £ -
i=

9. Low Grey-level small Dependence Emphasis (LGSDE)

Ng Ng
1 i,j
LGSDE = —2 2 %
Ng £z £ i%j
i=1j=1
10. High Grey-level small Dependence Emphasis (HGSDE)
1 Ng Nd (. .) .2
i,j)i
HGSDE = N_EEP é
Si=1j=1 J
11. Low Grey-level large Dependence Emphasis (LGLDE)
1 Ng Nd (. .) .2
L
LGLDE = —EEP ,] J
Ny £ £ i2
i=1j=1
12. High Grey-level large Dependence Emphasis (HGLDE)
Ng Ng
_ i poaN D D
HGLDE = p(i,))icj
Ny £ £
i=1j=1
13. Grey-level variance (GLV)
Ng Ng
GLV = D" > (i = ) Pulis])
i=1j=1

14. Dependence variance (DV)



Ng Ng

DV =" G = ka)Pui))

i=1 j=1

15. Dependence entropy (DE), also called Entropy (15)
Ng Ng

DE = > pu(i, )logal pa(i. )]

i=1j=1

Note: the definition of entropy by Sun and Wee (15) uses the dependence counts (p) instead of the
dependence propabilities (py,).

16. Second moment (SM) (15)
N N .,
_ Zi:gl Z]’g1 p(i,j)?
= N
Note: for this feature, defined by Sun and Wee (15), there is no grey-level run-length equivalent

SM

Wavelet features
Wavelet transform effectively decouples textural information by decomposing the original image, in a

similar manner as Fourier analysis, in low— and high-frequencies. In this study a discrete, one-level
and undecimated three dimensional wavelet transform was applied to each CT and CBCT image,
which decomposes the original image X into 8 decompositions. Consider L and H to be a low-pass
(i.e. a scaling) and, respectively, a high-pass (i.e. a wavelet) function, and the wavelet decompositions
of X to be labeled as X;;7, Xr1n, Xiwn> Xouws Xuin> Xarw»> Xgar and Xggy. For example, Xy is then
interpreted as the high-pass sub band, resulting from directional filtering of X with a low-pass filter
along x-direction, a low pass filter along y-direction and a high-pass filter along z-direction and is
constructed as:

N, Np Ny

Xun@i k) = ) 3 N LOL@HOX G +p,j+a,k+7)

p=1q=1r=1
Where N; is the length of filter L and Ny is the length of filter H. The other decompositions are
constructed in a similar manner, applying their respective ordering of low or high-pass filtering in x, y
and z-direction. Wavelet decomposition of the image X is schematically depicted in Figure 7. Since
the applied wavelet decomposition is undecimated, the size of each decomposition is equal to the
original image and each decomposition is shift invariant. Because of these properties, the original
tumor delineation of the gross tumor volume (GTV) can be applied directly to the decompositions
after wavelet transform. In this study “Coiflet 1” wavelet was applied. For each decomposition we
computed the first order gray level statistics and the textural features (GLCM, GLRLM, GLSZM)).
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Figure 8: Schematic of the undecimated three dimensional wavelet transform applied to each CT/CBCT image. The original
image X is decomposed into 8 decompositions, by directional low-pass (i.e. a scaling) and high-pass (i.e. a wavelet) filtering:

Xere> Xoows Xews Xeaws Xuve> Xuow> Xup and Xgyy.
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