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Supplementary Table 1
Contains a list of the evaluated

first order features along with their respective equations and descriptions.

First Order Feature Equation Description

.. Minimum temperature value within the selected ROl in a
Minimum Temperature N/A pixel to pixel basis.
Maximum Temperature N/A Maximum temperature value within the selected ROl in a

pixel to pixel basis.

Mean Temperature

Mean =

Sumof All Values

Total Numberof Values

Averaged temperature value

The middle value from a set of ordered temperature values

Median NIA acquired from the selected ROI
Mode N/A The most reoccurring temperature value within the
selected ROI
Entropy S=-);P;LogP; It measures the level of uncertainty of our system.
N -
SKewness 01 = w Is the measure of symmetry of the data set (ie. The
s distribution of temperature values within the ROI)
N T, . .
Kurtosis Kurtosis = T (a-DYN It measures whether the data are heavy tailed or light

sS4

tailed.

P: probability; s: Standard deviation; Y: Mean; N: Number ofdata points.







Supplementary Table 2
Contains a list of the evaluated GLRLM features along with their respective equations and descriptions (adapted from pyradiomics).

GLRLM Feature Equation Description GLRLM Feature Equation Description
Ng Ny
> paileG -
% PG116) o
Short Run Zz 1Z Ji Me_asqres_short run Run Variance | Where, Measures run length of
Emphasis (SRE) distriuitions .Of (RV) pixels variance
2 2 p(l, Ji)) homogenous pixels. Ng Ny '
k=" p(ijle)
i=1j=1
Ng Ny
p(i, jl6) Measures run length
Long Run Z Z 1 P(i,j10)j* Mdeiztsrlijt;ﬁfigﬂrs]gor:n Run Entropy ZZ log,(p(i,jl0) + €) randomness and
Emphasis (LRE) 2i=1 ijlp(i' i16) homogenous pixels. (RE) Where dlstrlbtiélc\jglsof grey
€ = A small possitive number
N, Ny e )2 N, <N, P(i,j|6
Grey level Non- Y9 (ijl P(i,j |9)) Measures grey values Low Grey Level PN j=1% Measures low grey
Uniformity (GLN) p— — S|mllar|t|e_s _betwgen the Run Emphasis T Ievel_va_llue d!strlbutlon
Zi=12j;1P(l,]|9) pixels within an image. (LGLRE) ZijlzjilP(i,jW) within an image.
Grey level Non- Ng (alNy s )2 Hiah Grav Level Ng 5Nr 5ci i10y:2 M high
Uniformity 2 (20, PGi.j10)) _ igh Gray Level |y »'% p(;,j|0)i easures higher grey
Normalized - — Normalized GLN. Run Emphasis Py — Ievel_va_llue d!strlbutlon
(GLNN) %=1 ;5 P(J19) (HGLRE) DI (NI within an image.
N, N o 2 Short Run Low N, p(l ]|9) Measures short run
Run Length Non- | X j=1(2i=g1 P(i,j |9)) sirl\rfi;aﬁtliggs t:sg/vlgggt[lhe Grey Level zl P length joint
Uniformity (RLN) ZI-VLq y PG, j|6) pixels within an image. Emphasis Z- S P(lJ|9) d_lstrlbutlon of pixels,
1=14j=1 (SRLGLE) i=14j=11 " with lower grey levels.

Ng: be the number of discrete intensity values in the image; N;: be the number of discreet run lengths in the image; P(i, j|6): be therun length matrix foran arbitrary direction; p(i, j|6)= P“Z'?)

run length matrix; N,: be the number of discreet run lengths in theimage; 6: Angle.

normalized




Supplementary Table 2 (Cont.)

Contains a list of the evaluated GLRLM features along with their respective equations and descriptions (adapted from pyradiomics).

GLRLM Feature Equation Description GLRLM Feature Equation Description
Run Length Non- N, N o 2 Short Run High Nr P(i,j|6)i? Measures short run
Uniformity 2l (Zii P(,j |9)) Normalized RLNN Grey Level E 2 length joint distribution
Normalized Ny <Ny 0 . 2 ' Emphasis . of pixels, with higher
(RLNN) (T2}, PGj10) (SRHGLE) Zi:lz'— P(0j16) grey levels.
Ny N, T Long Run Low Nr P(i, |6 Measures long run
Run Percentage X P(i,j|6) Me?s#r;s thenic(jzlstri;?ultlon Grey Level Z % length joint distribution
(RP) ZZ OT homogenic pixels Emphasis - of pixels, with lower
i=1)= Within an image. (LRLGLE) z:i=121'=1p(l']|9) grey levels.
Ng Ny
ZZp(i,ﬂe)(i -
i=1 =1 Long Run High Ng Ny v oner s Measures long run
Grey level Where, in'}/é?]as?t@r?aﬂ;en}ééivgr Grey Level X2 2L, P, j18)i%) length joint distribution
Variance (GLV) Ng Ny the run length of pixels. (EQ&@EE) Z Z P(,j|6) of p');g'/ Yg\l;[gshlgher
= p(i.j10)i
i=1j=1

Ng: be the number of discrete intensity values in the image; N;: be the number of discreet run lengths in the image; P(i, j|6): be therun length matrix foran arbitrary direction; p(L]|9)—

length matrix; N;: be the number of discreet runlengthsin the image; 6: Angle; Ny: The number of pixels withinthe ROI.

LI )) normalized run




Supplementary Table 3

Contains a list of the evaluated GLCM features along with their respective equations and descriptions (adapted from MATLAB:

GLCM Feature Equation Description
Ng Ng
Energy (Ene) Z Z(p(i, N)? Measures an image’s homogenic patterns
i=1j=1
Yo N (i) Measures the closeness of the distribution of
Homogeneity (Hom) Z Z > the primitives/elements in the GLCM to the
= 1+@-) GLCM diagonal.

graycoprops(glcm, properties)).




Ng Ng

Measures the local grey tone intensity

Contrast (Con) Z Z(i - 2p(@,)) variations, prioritizing values away from the
i=1j=1 diagonal (i=j)
Ng ~Ng /1~
Correlation (Cor) 221 252 6N Y — ppty Measures neighbouring grey tone intensities
ox (D)ay(j) linear dependency.

Ng: The image’s number of discrete intensity values; P(i, j): Co-occurrence matrix foran arbitrary distance andangle; p(i, j) =

P

Y P(i, )

() p T W —
normalized co-occurrence matrix; p, (i) = ijl P(i,j),

N
L

marginal rows probability; p, (/) = Zivjl P(i, /), marginalcolumn probability; u, = Zivjl px (i, mean grey level intensity of p,; p, = Zj.vi’l p,(j)j mean gray level intensity of p,; o, : Standard

deviation ofp,; g, : Standard deviation ofp,,.




Supplementary Table 4
Contains a list of the evaluated GTDM features along with their respective equations and descriptions (adapted from pyradiomics).

GTDM Feature

Equation Description
Measures the average difference between
Coarseness 1 the center pixel and it’s surrounding
ZI-V_Q DiSi neighborhood to discern spatial rate of
=1 change.
Ng Ng Ng
ZZ pipi(i — )2 1 Z S, Measures spatial intensity change and is
gp( -4 ” Nyp & ' dependant on overall grey level dynamic
Contrast Wh =1= . range. Contrast is high when the spatial
ere, intensity change rate and dynamic range
are high.
pi #0,p; #0 g
N
2151 piSi
Ng «Ng . .
BUSVTIESS Yiz1 2 joq lipi = jpj] Measures the changes that occur from a
y Where, pixel to its neighbour.
Di * 0, p] *0
Ng Ng
1 . piS;i + ;i S; )
~ Z z li —j| % An image can be denoted as complex
Complexity vPi=1=1 Pi TP when the image is non-uniform and there
P Where, are many rapid changes in grey level
intensity.
pi #0,p; #0
T2 %2 (i + PG — )
i=14=1Pi T Pj J A measure of the of the texture
Z’_\’_g S; primitive/elements of an image. The more
Strength Where =1 defined and visible these
’ primitive/elements are, the higher the
pi #0,p; #0 strength value.

== grey level probability; n; : The number of sets of segmented pixels pertaining togrey level 7; N,: The number of pixels within the ROL N,: The total number of pixels within the ROI;

= The total numberof sets of segmented pixels that are equal to X n;, where N, , <N,;; Ng: The image’s number ofdiscrete intensity values; Ng,: Numberof grey levels (p; # 0);

S:{Z"‘Iz — Al forn; #0
0forn; =0

, the summation of grey level 7absolute differences; A: Surface area of mesh (mm?).
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