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Supplementary Materials 

In the following tables and figures, we describe the details about the analysis and results reported in the original 

manuscript. In Sup Table 1 we report the main characteristics of the population analyzed in this study, stratified 

according to several clinical parameters. In Sup Table 2‒5 we reported, for each radiomic features set (namely 

“whole set”, “original set”, “LoG set”, and “wavelet set”), the specific subset of features that were consistently 

selected by the genetic algorithm (GA) in all the four pain classification tasks. In Sup Table 6‒10 we reported, for 

each classification task (namely “lesion type”, “CPP”, “DD”, “dysmenorrhea”, and “dyschezia”), the specific subset 

of graphomic features selected by the GA, linked with a short description of their meaning according to network-

theory. In Sup Figure 1-5 we reported, for each input features set (namely “whole radiomic”, “original radiomic”, 

“LoG radiomic”, “wavelet radiomic”, and “graphomic”), the top ten feature importances evaluated by averaging the 

penalized LR weights across all iterations of the leave-one-out cross-validation (LOO-CV), for each classification 

task. 
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Baseline characteristics of the study population. 

  Total (n = 61) 

Age (years), mean ± std  37.02 ± 6.39 

BMI (kg/m2), mean ± std  22.63 ± 4.01 

Previous hormonal therapy* 

None 9 (14.75%) 

POP 42/52 (80.77%) 

COC 7/52 (13.46%) 

LNG-IUS 3/52 (5.77%) 

Previous abdominal surgery 

None 27 (44.26%) 

Gynecological not for endometriosis 8/34 (23.47%) 

Gynecological for endometriosis 15/34 (44.18%) 

Non gynecological 11/34 (32.35%) 

Main indication to surgery 

Pain 28 (45.90%) 

Infertility 8 (13.11%) 

Organ damage 25 (40.98%) 

Pre-operative symptoms  

≥ NPRS 5 

Dysmenorrhea** 31 (50.82%) 

Deep dyspareunia 32 (52.46%) 

Chronic pelvic pain 17 (27.87%) 

Periovulatory pain 10 (16.39%) 

Dyschezia 22 (36.07%) 

Dysuria 6 (9.84%) 

Endometriosis localization 

Ovary monolateral 19 (31.15%) 

Ovary bilateral 8 (13.11%) 

Bladder 14 (22.95%) 

Round ligament 4 (6.56%) 

Torus uterinum 15 (24.59%) 

Rectovaginal septum 23 (37.70%) 

Rectosigmoid tract 49 (80.33%) 

Vagina 14 (22.95%) 

Parametrium right 8 (13.11%) 

Parametrium left 9 (14.75%) 

Periureteral right 4 (6.56%) 

Periureteral left 7 (11.47%) 

USL right 9 (14.75%) 

USL left 11 (18.03%) 

USL bilateral 14 (22.95%) 

Segmented lesions 

Bladder 7 (50%) 

Torus uterinum 1 (6.67%) 

Rectovaginal septum 3 (13.04%) 

Rectosigmoid tract 44 (89.79%) 

Vagina 5 (35.71%) 

Parametrium right 4 (50%) 

Parametrium left 3 (33.33%) 

Periureteral right 1 (25%) 

Periureteral left 1 (14.28%) 

USL right 12 (52.17%) 

USL left 8 (32%) 

Sup Table 1: Baseline characteristics of the study population. POP: progestogen-only pill; COC: combined oral contraceptive; LNG-IUS: 

levonorgestrel releasing intra uterine system; NPRS: numerical pain rating scale; USL: uterosacral ligament. 

* Taken for at least three months immediately before surgery 

** Defined as pain during menstruation or during spotting during progestin therapy  
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GA-selected radiomic features from the “whole set” for all the four pain classification 

Category Class Complete feature name 

O
ri

g
in

al
 

Shape original_shape_SurfaceArea 

GLCM 
original_glcm_Autocorrelation 

original_glcm_SumEntropy 

GLSZM original_glszm_ZoneEntropy 

NGTDM original_ngtdm_Busyness 

L
o

G
 

First order 

log-sigma-0-5-mm-3D_firstorder_Mean 

log-sigma-1-5-mm-3D_firstorder_Kurtosis 

log-sigma-1-5-mm-3D_firstorder_TotalEnergy 

log-sigma-2-0-mm-3D_firstorder_InterquartileRange 

log-sigma-2-0-mm-3D_firstorder_Mean 

log-sigma-2-0-mm-3D_firstorder_MeanAbsoluteDeviation 

GLCM 

log-sigma-0-5-mm-3D_glcm_Idn 

log-sigma-0-5-mm-3D_glcm_JointEntropy 

log-sigma-0-5-mm-3D_glcm_SumEntropy 

log-sigma-1-0-mm-3D_glcm_InverseVariance 

log-sigma-1-5-mm-3D_glcm_Idm 

GLRLM 

log-sigma-0-5-mm-3D_glrlm_GrayLevelNonUniformityNormalized 

log-sigma-1-0-mm-3D_glrlm_ShortRunEmphasis 

log-sigma-1-5-mm-3D_glrlm_ShortRunHighGrayLevelEmphasis 

log-sigma-1-5-mm-3D_glrlm_ShortRunLowGrayLevelEmphasis 

log-sigma-2-0-mm-3D_glrlm_LongRunEmphasis 

log-sigma-2-0-mm-3D_glrlm_RunPercentage 

GLSZM 

log-sigma-0-5-mm-3D_glszm_GrayLevelVariance 

log-sigma-0-5-mm-3D_glszm_LargeAreaHighGrayLevelEmphasis 

log-sigma-1-5-mm-3D_glszm_LargeAreaEmphasis 

log-sigma-1-5-mm-3D_glszm_LargeAreaLowGrayLevelEmphasis 

log-sigma-1-5-mm-3D_glszm_SizeZoneNonUniformityNormalized 

NGTDM 
log-sigma-1-0-mm-3D_ngtdm_Contrast 

log-sigma-1-5-mm-3D_ngtdm_Busyness 

GLDM 
log-sigma-1-0-mm-3D_gldm_DependenceEntropy 

log-sigma-2-0-mm-3D_gldm_GrayLevelVariance 

W
av

el
et

 

First order 

wavelet-HHH_firstorder_Median 

wavelet-HHH_firstorder_Skewness 

wavelet-HLL_firstorder_Skewness 

wavelet-LHH_firstorder_RobustMeanAbsoluteDeviation 

wavelet-LHH_firstorder_TotalEnergy 

wavelet-LHL_firstorder_Entropy 

wavelet-LLH_firstorder_Maximum 

wavelet-LLH_firstorder_Minimum 

GLCM 

wavelet-HHL_glcm_Correlation 

wavelet-HLH_glcm_SumAverage 

wavelet-HLL_glcm_Idmn 

wavelet-LHH_glcm_JointEntropy 

wavelet-LHL_glcm_JointAverage 

wavelet-LLH_glcm_JointEntropy 

wavelet-LLH_glcm_SumAverage 

wavelet-LLL_glcm_Idm 

wavelet-LLL_glcm_SumSquares 

GLRLM 

wavelet-HHH_glrlm_RunVariance 

wavelet-HHH_glrlm_ShortRunEmphasis 

wavelet-HHL_glrlm_GrayLevelNonUniformityNormalized 

wavelet-HHL_glrlm_RunLengthNonUniformity 

wavelet-HLL_glrlm_RunEntropy 
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wavelet-LHH_glrlm_GrayLevelVariance 

wavelet-LHH_glrlm_LongRunEmphasis 

wavelet-LHL_glrlm_RunPercentage 

wavelet-LHL_glrlm_ShortRunEmphasis 

wavelet-LLH_glrlm_RunLengthNonUniformity 

wavelet-LLL_glrlm_LongRunHighGrayLevelEmphasis 

GLSZM 

wavelet-HHH_glszm_SizeZoneNonUniformity 

wavelet-LHH_glszm_SizeZoneNonUniformity 

wavelet-LHH_glszm_SmallAreaEmphasis 

wavelet-LHL_glszm_LargeAreaEmphasis 

wavelet-LLH_glszm_LargeAreaLowGrayLevelEmphasis 

wavelet-LLL_glszm_LargeAreaLowGrayLevelEmphasis 

NGTDM 
wavelet-HLL_ngtdm_Complexity 

wavelet-LLH_ngtdm_Complexity 

GLDM 

wavelet-HHH_gldm_DependenceNonUniformity 

wavelet-HHL_gldm_GrayLevelNonUniformity 

wavelet-HHL_gldm_LargeDependenceHighGrayLevelEmphasis 

wavelet-LHL_gldm_SmallDependenceEmphasis 

wavelet-LLH_gldm_GrayLevelVariance 

wavelet-LLL_gldm_DependenceNonUniformity 

Sup Tab 2: GA-selected radiomic features for pain classification. List of radiomic features selected from the “whole set” for all the four 

pain classification targets. 

GA-selected radiomic features from the “original set” for all the four pain classification 

Category Class Complete feature name 

O
ri

g
in

al
 

Shape original_shape_Maximum2DDiameterColumn 

First order original_firstorder_Variance 

GLCM 

original_glcm_Autocorrelation 

original_glcm_Idmn 

original_glcm_JointEnergy 

GLRLM 
original_glrlm_LongRunLowGrayLevelEmphasis 

original_glrlm_LowGrayLevelRunEmphasis 

GLSZM 

original_glszm_LargeAreaHighGrayLevelEmphasis 

original_glszm_LowGrayLevelZoneEmphasis 

wavelet-HHL_gldm_GrayLevelNonUniformity 

wavelet-HHL_gldm_LargeDependenceHighGrayLevelEmphasis 

wavelet-LHL_gldm_SmallDependenceEmphasis 

wavelet-LLH_gldm_GrayLevelVariance 

wavelet-LLL_gldm_DependenceNonUniformity 

Sup Tab 3: GA-selected radiomic features for pain classification. List of radiomic features selected from the “original set” for all the four 

pain classification targets. 
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GA-selected radiomic features from the “LoG set” for all the four pain classification 

Category Class Complete feature name 

L
o

G
 

First order 

log-sigma-0-5-mm-3D_firstorder_MeanAbsoluteDeviation 

log-sigma-0-5-mm-3D_firstorder_Uniformity 

log-sigma-1-0-mm-3D_firstorder_90Percentile 

log-sigma-1-0-mm-3D_firstorder_MeanAbsoluteDeviation 

GLCM 

log-sigma-0-5-mm-3D_glcm_ClusterProminence 

log-sigma-0-5-mm-3D_glcm_ClusterTendency 

log-sigma-1-0-mm-3D_glcm_Imc2 

log-sigma-1-0-mm-3D_glcm_SumAverage 

log-sigma-2-0-mm-3D_glcm_DifferenceEntropy 

GLRLM 

log-sigma-1-0-mm-3D_glrlm_HighGrayLevelRunEmphasis 

log-sigma-1-0-mm-3D_glrlm_LongRunHighGrayLevelEmphasis 

log-sigma-1-5-mm-3D_glrlm_RunEntropy 

log-sigma-2-0-mm-3D_glrlm_HighGrayLevelRunEmphasis 

log-sigma-2-0-mm-3D_glrlm_LongRunLowGrayLevelEmphasis 

log-sigma-2-0-mm-3D_glrlm_ShortRunEmphasis 

GLSZM 

log-sigma-0-5-mm-3D_glszm_LargeAreaLowGrayLevelEmphasis 

log-sigma-1-0-mm-3D_glszm_LargeAreaEmphasis 

log-sigma-1-0-mm-3D_glszm_ZonePercentage 

log-sigma-1-5-mm-3D_glszm_LowGrayLevelZoneEmphasis 

log-sigma-1-5-mm-3D_glszm_ZonePercentage 

NGTDM log-sigma-1-5-mm-3D_ngtdm_Contrast 

log-sigma-2-0-mm-3D_ngtdm_Contrast 

GLDM 
log-sigma-1-5-mm-3D_gldm_LargeDependenceLowGrayLevelEmphasis 

log-sigma-2-0-mm-3D_gldm_SmallDependenceLowGrayLevelEmphasis 

Sup Tab 4: GA-selected radiomic features for pain classification. List of radiomic features selected from the “LoG set” for all the four pain 

classification targets. 
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GA-selected radiomic features from the “wavelet set” for all the four pain classification 

Category Class Complete feature name 

W
av

el
et

 

First order 

wavelet-HHL_firstorder_Maximum 

wavelet-HLL_firstorder_Entropy 

wavelet-LHH_firstorder_Entropy 

wavelet-LHL_firstorder_InterquartileRange 

wavelet-LHL_firstorder_Kurtosis 

wavelet-LHL_firstorder_Median 

wavelet-LHL_firstorder_Range 

wavelet-LLL_firstorder_90Percentile 

wavelet-LLL_firstorder_Entropy 

GLCM 

wavelet-HHH_glcm_ClusterProminence 

wavelet-HHH_glcm_InverseVariance 

wavelet-HHL_glcm_ClusterShade 

wavelet-HLH_glcm_MaximumProbability 

wavelet-HLL_glcm_Imc2 

wavelet-LHH_glcm_DifferenceAverage 

wavelet-LHL_glcm_Id 

wavelet-LHL_glcm_SumAverage 

wavelet-LLH_glcm_SumSquares 

GLRLM 

wavelet-HHL_glrlm_GrayLevelVariance 

wavelet-HLL_glrlm_GrayLevelVariance 

wavelet-HLL_glrlm_LowGrayLevelRunEmphasis 

wavelet-LLH_glrlm_RunLengthNonUniformityNormalized 

wavelet-LLL_glrlm_ShortRunLowGrayLevelEmphasis 

GLSZM 

wavelet-HHH_glszm_GrayLevelNonUniformityNormalized 

wavelet-HHL_glszm_SmallAreaLowGrayLevelEmphasis 

wavelet-HLH_glszm_SizeZoneNonUniformityNormalized 

wavelet-HLL_glszm_GrayLevelNonUniformityNormalized 

wavelet-LHH_glszm_SizeZoneNonUniformity 

wavelet-LHH_glszm_ZonePercentage 

wavelet-LHL_glszm_HighGrayLevelZoneEmphasis 

wavelet-LHL_glszm_LowGrayLevelZoneEmphasis 

wavelet-LLL_glszm_LargeAreaEmphasis 

NGTDM 

wavelet-HLH_ngtdm_Busyness 

wavelet-HLL_ngtdm_Strength 

wavelet-LLH_ngtdm_Complexity 

wavelet-LLH_ngtdm_Contrast 

GLDM 

wavelet-HHH_gldm_LargeDependenceHighGrayLevelEmphasis 

wavelet-HHL_gldm_DependenceEntropy 

wavelet-HHL_gldm_LargeDependenceHighGrayLevelEmphasis 

wavelet-LHH_gldm_DependenceVariance 

wavelet-LLH_gldm_SmallDependenceHighGrayLevelEmphasis 

Sup Tab 5: GA-selected radiomic features for pain classification. List of radiomic features selected from the “wavelet set” for all the four 

pain classification targets. 
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GA-selected graphomic features for lesion type classification 

Class Complete feature name Description 

T
o

p
o

lo
g
y
 

NumberOfNodes Number of nodes of the skeleton graph 

NumberOfPendantNodes Number of pendant nodes of the skeleton graph, i.e. nodes with only 1 link 

NumberOfConnectedComponents Number of connected components in which is split the skeleton graph 

NumberOfMaximalCliques 
Number of maximal cliques, i.e. subset of nodes such that every two distinct vertices in the 

clique are adjacent, of the skeleton graph 

S
p

at
ia

l 

AverageShortestPathLength The average shortest path length is the sum of path lengths between all pairs of nodes 

cdm_x X coordinate of the center of mass of the skeleton graph 

node_top10_distance_min 
Minimum of the distribution of distances of the top 10 most central nodes in relation to the 

center of mass 

node_eccentricity_average 
Average of the distribution of eccentricity score, i.e. its shortest path distance from the farthest 

other node in the graph 

node_eccentricity_median 
Median of the distribution of eccentricity score, i.e. its shortest path distance from the farthest 

other node in the graph 

node_eccentricity_min 
Minimum of the distribution of eccentricity score, i.e. its shortest path distance from the 

farthest other node in the graph 

node_eccentricity_max 
Maximum of the distribution of eccentricity score, i.e. its shortest path distance from the 

farthest other node in the graph 

node_density_median 
Median of the distribution of spatial node density, evaluated using a Gaussian kernel density 

estimator 

node_density_max 
Maximum of the distribution of spatial node density, evaluated using a Gaussian kernel 

density estimator 

C
en

tr
al

it
y
 

degree_exponential_fit_KS Kolmogorov-Smirnov score of the exponential fit of the degree distribution 

node_betweenness_average Average of the distribution of betweenness centrality score of graph nodes 

node_betweenness_median Median of the distribution of betweenness centrality score of graph nodes 

node_betweenness_max Maximum of the distribution of betweenness centrality score of graph nodes 

node_closeness_std Standard deviation of the distribution of closeness centrality score of graph nodes 

node_closeness_min Minimum of the distribution of closeness centrality score of graph nodes 

node_closeness_max Maximum of the distribution of closeness centrality score of graph nodes 

node_clustering_std Standard deviation of the distribution of clustering centrality score of graph nodes 

node_degree_median Median of the distribution of degree centrality score of graph nodes 

node_harmonic_std Standard deviation of the distribution of harmonic centrality score of graph nodes 

node_harmonic_max Maximum of the distribution of harmonic centrality score of graph nodes 

node_pagerank_std Standard deviation of the distribution of pagerank centrality score of graph nodes 

node_pagerank_max Maximum of the distribution of pagerank centrality score of graph nodes 

Sup Table 6: GA-selected graphomic features for lesion type classification. List of graphomic features selected for the lesion type 

classification target and related description. 
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GA-selected graphomic features for CPP classification 

Class Complete feature name Description 

T
o

p
o

lo
g
y
 

NumberOfNodes Number of nodes of the skeleton graph 

NumberOfEdges Number of edges of the skeleton graph 

NumberOfPendantNodes Number of pendant nodes of the skeleton graph, i.e. nodes with only 1 link 

ModularityScore 
Modularity score, i.e. strength of division of a network into modules, of the 

skeleton graph 

NumberOfMaximalCliques 
Number of maximal cliques, i.e. subset of nodes such that every two distinct 

vertices in the clique are adjacent, of the skeleton graph 

S
p

at
ia

l 

cdm_x X coordinate of the center of mass of the skeleton graph 

node_top10_distance_average 
Average of the distribution of distances of the top 10 most central nodes in 

relation to the center of mass 

node_top10_distance_median 
Median of the distribution of distances of the top 10 most central nodes in 

relation to the center of mass 

node_no_pendant_distance_median 
Median of the distribution of distances of the central nodes (no pendant) in 

relation to the center of mass 

node_no_pendant_distance_std 
Standard deviation of the distribution of distances of the central nodes (no 

pendant) in relation to the center of mass 

node_pendant_distance_min 
Minimum of the distribution of distances of pendant nodes in relation to the 

center of mass 

node_eccentricity_median 
Median of the distribution of eccentricity score, i.e. its shortest path distance 

from the farthest other node in the graph 

C
en

tr
al

it
y

 

degree_exponential_fit_lambda 

Fit parameters of the degree distribution as exponential; the characterization 

of the degree distribution provides hints about the nature of the underlying 

graph; an exponential degree distribution is typical of Barabasi graph 

node_betweenness_median Median of the distribution of betweenness centrality score of graph nodes 

node_betweenness_std 
Standard deviation of the distribution of betweenness centrality score of graph 

nodes 

node_closeness_average Average of the distribution of closeness centrality score of graph nodes 

node_closeness_median Median of the distribution of closeness centrality score of graph nodes 

node_degree_max Maximum of the distribution of degree centrality score of graph nodes 

node_harmonic_average Average of the distribution of harmonic centrality score of graph nodes 

node_harmonic_median Median of the distribution of harmonic centrality score of graph nodes 

node_pagerank_min Minimum of the distribution of pagerank centrality score of graph nodes 

node_pagerank_max Maximum of the distribution of pagerank centrality score of graph nodes 

Sup Table 7: GA-selected graphomic features for CPP classification. List of graphomic features selected for the CPP pain classification 

target and related description. 
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GA-selected graphomic features for DD classification 

Class Complete feature name Description 

T
o

p
o

lo
g
y
 NumberOfNodes Number of nodes of the skeleton graph 

NumberOfPendantNodes Number of pendant nodes of the skeleton graph, i.e. nodes with only 1 link 

EulerNumber 
The Euler number is a topological invariant which resume in a unique number the 

topological space's shape or structure regardless of the way it is bent 

S
p

at
ia

l 

node_top10_distance_min 
Minimum of the distribution of distances of the top 10 most central nodes in relation to the 

center of mass 

node_top10_distance_max 
Maximum of the distribution of distances of the top 10 most central nodes in relation to the 

center of mass 

node_no_pendant_distance_average 
Average of the distribution of distances of the central nodes (no pendant) in relation to the 

center of mass 

node_no_pendant_distance_median 
Median of the distribution of distances of the central nodes (no pendant) in relation to the 

center of mass 

node_no_pendant_distance_std 
Standard deviation of the distribution of distances of the central nodes (no pendant) in 

relation to the center of mass 

node_pendant_distance_average Average of the distribution of distances of pendant nodes in relation to the center of mass 

node_pendant_distance_median Median of the distribution of distances of pendant nodes in relation to the center of mass 

node_eccentricity_min 
Minimum of the distribution of eccentricity score, i.e. its shortest path distance from the 

farthest other node in the graph 

node_density_std 
Standard deviation of the distribution of spatial node density, evaluated using a Gaussian 

kernel density estimator 

C
en

tr
al

it
y
 

degree_exponential_fit_lambda 

Fit parameters of the degree distribution as exponential; the characterization of the degree 

distribution provides hints about the nature of the underlying graph; an exponential degree 

distribution is typical of Barabasi graph 

degree_exponential_fit_KS Kolmogorov-Smirnov score of the exponential fit of the degree distribution 

degree_powerlaw_fit_KS Kolmogorov-Smirnov score of the powerlaw fit of the degree distribution 

node_betweenness_std Standard deviation of the distribution of betweenness centrality score of graph nodes 

node_closeness_average Average of the distribution of degree closeness centrality score of graph nodes 

node_closeness_min Minimum of the distribution of closeness centrality score of graph nodes 

node_clustering_std Standard deviation of the distribution of clustering centrality score of graph nodes 

node_degree_average Average of the distribution of degree centrality score of graph nodes 

node_harmonic_min Minimum of the distribution of harmonic centrality score of graph nodes 

node_pagerank_median Median of the distribution of pagerank centrality score of graph nodes 

node_pagerank_std Standard deviation of the distribution of pagerank centrality score of graph nodes 

Sup Table 8: GA-selected graphomic features for DD classification. List of graphomic features selected for the DD pain classification target 

and related description. 
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GA-selected graphomic features for dysmenorrhea classification 

Class Complete feature name Description 

T
o

p
o

lo
g

y
 

NumberOfPendantNodes Number of pendant nodes of the skeleton graph, i.e. nodes with only 1 link 

NumberOfMaximalCliques 
Number of maximal cliques, i.e. subset of nodes such that every two distinct vertices in the 

clique are adjacent, of the skeleton graph 

S
p

at
ia

l 

AverageShortestPathLength The average shortest path length is the sum of path lengths between all pairs of nodes 

cdm_x X coordinate of the center of mass of the skeleton graph 

cdm_y Y coordinate of the center of mass of the skeleton graph 

node_top10_distance_average 
Average of the distribution of distances of the top 10 most central nodes in relation to the 

center of mass 

node_top10_distance_std 
Standard deviation of the distribution of distances of the top 10 most central nodes in relation 

to the center of mass 

node_top10_distance_min 
Minimum of the distribution of distances of the top 10 most central nodes in relation to the 

center of mass 

node_no_pendant_distance_std 
Standard deviation of the distribution of distances of the central nodes (no pendant) in 

relation to the center of mass 

node_no_pendant_distance_max 
Maximum of the distribution of distances of the central nodes (no pendant) in relation to the 

center of mass 

node_pendant_distance_median Median of the distribution of distances of pendant nodes in relation to the center of mass 

node_pendant_distance_max Maximum of the distribution of distances of pendant nodes in relation to the center of mass 

node_eccentricity_median 
Median of the distribution of eccentricity score, i.e. its shortest path distance from the 

farthest other node in the graph 

node_eccentricity_std 
Standard deviation of the distribution of eccentricity score, i.e. its shortest path distance from 

the farthest other node in the graph 

node_eccentricity_min 
Minimum of the distribution of eccentricity score, i.e. its shortest path distance from the 

farthest other node in the graph 

FractalDimension 
The fractal dimension is a term invoked in the science of geometry to provide a rational 

statistical index of complexity detail in a pattern 

node_density_min 
Minimum of the distribution of spatial node density, evaluated using a Gaussian kernel 

density estimator 

C
en

tr
al

it
y
 

degree_exponential_fit_lambda 

Fit parameters of the degree distribution as exponential; the characterization of the degree 

distribution provides hints about the nature of the underlying graph; an exponential degree 

distribution is typical of Barabasi graph 

node_closeness_average Average of the distribution of degree closeness centrality score of graph nodes 

node_closeness_median Median of the distribution of degree closeness centrality score of graph nodes 

node_clustering_max Maximum of the distribution of clustering centrality score of graph nodes 

node_degree_average Average of the distribution of degree centrality score of graph nodes 

node_degree_median Median of the distribution of degree centrality score of graph nodes 

node_harmonic_average Average of the distribution of harmonic centrality score of graph nodes 

node_harmonic_std Standard deviation of the distribution of harmonic centrality score of graph nodes 

node_harmonic_max Maximum of the distribution of harmonic centrality score of graph nodes 

node_pagerank_max Maximum of the distribution of pagerank centrality score of graph nodes 

Sup Table 9: GA-selected graphomic features for dysmenorrhea classification. List of graphomic features selected for the dysmenorrhea 

pain classification target and related description. 
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GA-selected graphomic features for dyschezia classification 

Class Complete feature name Description 

T
o

p
o

lo
g
y
 

EulerNumber 
The Euler number is a topological invariant which resume in a unique number the topological 

space's shape or structure regardless of the way it is bent 

NumberOfEdges Number of edges of the skeleton graph 

NumberOfNodes Number of nodes of the skeleton graph 

NumberOfMaximalCliques 
Number of maximal cliques, i.e. subset of nodes such that every two distinct vertices in the 

clique are adjacent, of the skeleton graph 

NumberOfPendantNodes Number of pendant nodes of the skeleton graph, i.e. nodes with only 1 link 

S
p

at
ia

l 

cdm_x X coordinate of the center of mass of the skeleton graph 

node_no_pendant_distance_std 
Standard deviation of the distribution of distances of the central nodes (no pendant) in relation 

to the center of mass 

node_no_pendant_distance_min 
Minimum of the distribution of distances of the central nodes (no pendant) in relation to the 

center of mass 

node_no_pendant_distance_max 
Maximum of the distribution of distances of the central nodes (no pendant) in relation to the 

center of mass 

node_pendant_distance_ 

average 
Average of the distribution of distances of pendant nodes in relation to the center of mass 

node_pendant_distance_min Minimum of the distribution of distances of pendant nodes in relation to the center of mass 

node_eccentricity_min 
Minimum of the distribution of eccentricity score, i.e. its shortest path distance from the 

farthest other node in the graph 

FractalDimension 
The fractal dimension is a term invoked in the science of geometry to provide a rational 

statistical index of complexity detail in a pattern 

node_density_average 
Average of the distribution of spatial node density, evaluated using a Gaussian kernel density 

estimator 

node_density_median 
Media of the distribution of spatial node density, evaluated using a Gaussian kernel density 

estimator 

C
en

tr
al

it
y
 

degree_exponential_fit_lambda 

Fit parameters of the degree distribution as exponential; the characterization of the degree 

distribution provides hints about the nature of the underlying graph; an exponential degree 

distribution is typical of Barabasi graph 

node_betweenness_median Median of the distribution of betweenness centrality score of graph nodes 

node_betweenness_std Standard deviation of the distribution of betweenness centrality score of graph nodes 

node_betweenness_max Maximum of the distribution of betweenness centrality score of graph nodes 

node_closeness_median Median of the distribution of closeness centrality score of graph nodes 

node_degree_average Average of the distribution of degree centrality score of graph nodes 

node_degree_median Median of the distribution of degree centrality score of graph nodes 

node_degree_std Standard deviation of the distribution of degree centrality score of graph nodes 

node_harmonic_average Average of the distribution of harmonic centrality score of graph nodes 

node_pagerank_median Median of the distribution of pagerank centrality score of graph nodes 

node_pagerank_min Minimum of the distribution of pagerank centrality score of graph nodes 

node_pagerank_max Maximum of the distribution of pagerank centrality score of graph nodes 

Sup Table 10: GA-selected graphomic features for dyschezia classification. List of graphomic features selected for the dyschezia pain 

classification target and related description. 
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Confidence intervals on performance metrics 

This section reports the 95% confidence intervals (CI) associated with each performance metric, for each 

combination of input features and target, for the leave one group out (LOGO) and leave one out (LOO) cross-

validation strategies. 95% CIs were estimated via a bootstrap procedure with 1000 samples. 

Features Type BA MCC Sensitivity Specificity 

Whole Rad. [0.588, 0.764] [0.158, 0.495] [0.500, 0.786] [0.622, 0.818] 

Original Rad. [0.511, 0.680] [0.021, 0.333] [0.357, 0.667] [0.588, 0.769] 

LoG Rad. [0.640, 0.802] [0.269, 0.568] [0.500, 0.500] [0.718, 0.879] 

Wavelet Rad. [0.600, 0.784] [0.186, 0.532] [0.500, 0.800] [0.639, 0.842] 

Graphomics [0.652, 0.798] [0.279, 0.549] [0.583, 0.857] [0.650, 0.822] 

Sup Table 11: 95% confidence intervals of performance metrics for lesion type classification. Lower and upper bounds of 95% confidence 

intervals for balanced accuracy (BA), Matthews’ correlation coefficient (MCC), sensitivity, and specificity, for the lesion type classification 

task, on different input features’ type sets. 

Features Type BA MCC Sensitivity Specificity 

Whole Rad. [0.494, 0.773] [-0.014, 0.533] [0.227, 0.727] [0.674, 0.907] 

Original Rad. [0.481, 0.749] [-0.037, 0.468] [0.308, 0.765] [0.564, 0.837] 

LoG Rad. [0.513, 0.780] [0.029, 0.560] [0.222, 0.722] [0.692, 0.925] 

Wavelet Rad. [0.490, 0.758] [-0.020, 0.498] [0.222, 0.722] [0.650, 0.891] 

Graphomics [0.792, 0.950] [0.509, 0.850] [0.818, 1.000] [0.694, 0.925] 

Sup Table 12: 95% confidence intervals of performance metrics for CPP classification. Lower and upper bounds of 95% confidence 

intervals for balanced accuracy (BA), Matthews’ correlation coefficient (MCC), sensitivity, and specificity, for the CPP classification task, on 

different input features’ type sets. 

Features Type BA MCC Sensitivity Specificity 

Whole Rad. [0.607, 0.832] [0.214, 0.658] [0.564, 0.867] [0.556, 0.875] 

Original Rad. [0.604, 0.823] [0.209, 0.643] [0.560, 0.853] [0.545, 0.885] 

LoG Rad. [0.590, 0.812] [0.180, 0.621] [0.514, 0.852] [0.562, 0.870] 

Wavelet Rad. [0.645, 0.853] [0.290, 0.706] [0.588, 0.900] [0.583, 0.903] 

Graphomics [0.631, 0.837] [0.263, 0.675] [0.615, 0.921] [0.518, 0.862] 

Sup Table 13: 95% confidence intervals of performance metrics for DD classification. Lower and upper bounds of 95% confidence 

intervals for balanced accuracy (BA), Matthews’ correlation coefficient (MCC), sensitivity, and specificity, for the DD classification task, on 

different input features’ type sets. 

Features Type BA MCC Sensitivity Specificity 

Whole Rad. [0.546, 0.800] [0.092, 0.595] [0.480, 0.885] [0.628, 0.897] 

Original Rad. [0.664, 0.889] [0.322, 0.754] [0.526, 0.895] [0.650, 0.919] 

LoG Rad. [0.537, 0.782] [0.071, 0.547] [0.421, 0.833] [0.545, 0.824] 

Wavelet Rad. [0.633, 0.863] [0.253, 0.704] [0.600, 0.947] [0.636, 0.895] 

Graphomics [0.622, 0.854] [0.244, 0.694] [0.389, 0.800] [0.667, 0.909] 

Sup Table 13: 95% confidence intervals of performance metrics for dyschezia classification. Lower and upper bounds of 95% confidence 

intervals for balanced accuracy (BA), Matthews’ correlation coefficient (MCC), sensitivity, and specificity, for the dyschezia classification 

task, on different input features’ type sets. 
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Features Type BA MCC Sensitivity Specificity 

Whole Rad. [0.635, 0.862] [0.274, 0.715] [0.645, 0.935] [0.538, 0.864] 

Original Rad. [0.699, 0.900] [0.403, 0.799] [0.696, 0.962] [0.606, 0.923] 

LoG Rad. [0.589, 0.814] [0.180, 0.637] [0.607, 0.906] [0.467, 0.812] 

Wavelet Rad. [0.655, 0.869] [0.316, 0.743] [0.700, 0.957] [0.519, 0.862] 

Graphomics [0.653, 0.853] [0.312, 0.709] [0.654, 0.938] [0.531, 0.867] 

Sup Table 14: 95% confidence intervals of performance metrics for dysmenorrhea classification. Lower and upper bounds of 95% 

confidence intervals for balanced accuracy (BA), Matthews’ correlation coefficient (MCC), sensitivity, and specificity, for the dysmenorrhea 

classification task, on different input features’ type sets. 

 

Confusion matrices for performance evaluation on the classification tasks 

This section reports the confusion matrices’ plots, grouped by classification task. 

 

Sup Figure 1: Confusion matrices (CM) for lesion type classification. a. CM for graphomics features as input. b. CM for whole radiomic 

features as input. c. CM for original radiomic features as input. d. CM for LoG radiomic features as input. e. CM for wavelet radiomic features 

as input. 
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Sup Figure 2: Confusion matrices (CM) for CPP classification. a. CM for graphomics features as input. b. CM for whole radiomic 

features as input. c. CM for original radiomic features as input. d. CM for LoG radiomic features as input. e. CM for wavelet radiomic 

features as input. 
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Sup Figure 3: Confusion matrices (CM) for DD classification. a. CM for graphomics features as input. b. CM for whole radiomic features 

as input. c. CM for original radiomic features as input. d. CM for LoG radiomic features as input. e. CM for wavelet radiomic features as 

input. 

Sup Figure 4: Confusion matrices (CM) for dyschezia classification. a. CM for graphomics features as input. b. CM for whole radiomic 

features as input. c. CM for original radiomic features as input. d. CM for LoG radiomic features as input. e. CM for wavelet radiomic 

features as input. 
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Sup Figure 5: Confusion matrices (CM) for dysmenorrhea classification. a. CM for graphomics features as input. b. CM for whole 

radiomic features as input. c. CM for original radiomic features as input. d. CM for LoG radiomic features as input. e. CM for wavelet 

radiomic features as input. 

Confidence intervals on feature importance values 

This section reports the mean value and the 95% confidence intervals (CI) associated with the top 3 feature 

importance values. Feature importances were aggregated by considering the coefficient values obtained over cross-

validation iterations. 95% CIs were estimated by taking the 2.5th and 97.5th percentiles of the coefficient values over 

the CV procedure. 

Target Feature Name Mean value 95% CI 

Lesion type 

node_eccentricity_median -3.420 [-3.638, -2.923] 

node_top10_distance_min 2.416 [2.268, 2.625] 

node_betweenness_average 2.321 [1.990, 2.589] 

CPP 

cdm_x 1.266 [1.204, 1.373] 

node_pendant_distance_min -0.896 [-1.010, -0.853] 

node_eccentricity_median -0.890 [-1.024, -0.796] 

DD 

wavelet-HHL_glszm_GrayLevelVariance -0.693 [-0.742, -0.584] 

wavelet-LHL_firstorder_Kurtosis -0.547 [-0.580, -0.484] 

wavelet-

LHL_glszm_SmallAreaLowGrayLevelEmphasis 
-0.515 [-0.550, -0.457] 

Dyschezia 

original_glszm_LowGrayLevelZoneEmphasis 1.066 [0.926, 1.159] 

original_shape_Maximum2DDiameterColumn -1.036 [-1.155, -0.909] 

original_glrlm_RunLengthNonUniformity 0.749 [0.737, 0.903] 

Dysmenorrhea 

original_shape_Flatness -1.139 [-1.227, -1.085] 

original_glszm_SmallAreaEmphasis -1.030 [-1.177, -0.922] 

original_glszm_GrayLevelVariance 0.931 [0.779, 0.992] 
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Sup Table 15: Mean values and 95% confidence intervals of the top 3 feature importance values for each classification task. Mean 

values over CV iterations. Lower and upper bounds of 95% confidence intervals are estimated via percentiles on coefficients’ values over 

CV iterations. For each classification task, the input features set considered is the one yielding the highest results in terms of balanced 

accuracy, following the results presented in Figure 4. 

Performance metrics for nested cross-validation strategy 

This section reports the performance metrics (mean and standard deviation) obtained by using a nested stratified CV 

approach rather than a LOO/LOGO-CV. Results are compatible with the ones from the other CV strategies, although 

slightly lower and more unstable, as expected due to the small sample size. 

Features Type BA MCC Sensitivity Specificity 

Whole Rad. 0.573 ± 0.137 0.130 ± 0.256 0.569 ± 0.191 0.578 ± 0.095 

Original Rad. 0.501 ± 0.138 0.011 ± 0.254 0.476 ± 0.176 0.526 ± 0.174 

LoG Rad. 0.654 ± 0.099 0.307 ± 0.199 0.552 ± 0.232 0.756 ± 0.113 

Wavelet Rad. 0.610 ± 0.149 0.207 ± 0.290 0.586 ± 0.209 0.634 ± 0.098 

Graphomics 0.700 ± 0.098 0.345 ± 0.133 0.698 ± 0.173 0.701 ± 0.075 

Sup Table 16: Mean and standard deviation of performance metrics for lesion type classification. Performance metrics (balanced 

accuracy BA, Matthews’ correlation coefficient MCC, sensitivity, and specificity) were evaluated via a stratified nested CV for the lesion type 

classification task, on different input features’ type sets. 

Features Type BA MCC Sensitivity Specificity 

Whole Rad. 0.551 ± 0.124 0.081 ± 0.243 0.400 ± 0.276 0.703 ± 0.063 

Original Rad. 0.586 ± 0.232 0.131 ± 0.425 0.517 ± 0.410 0.656 ± 0.089 

LoG Rad. 0.592 ± 0.088 0.169 ± 0.157 0.433 ± 0.193 0.750 ± 0.043 

Wavelet Rad. 0.521 ± 0.131 0.039 ± 0.244 0.367 ± 0.155 0.675 ± 0.156 

Graphomics 0.799 ± 0.119 0.544 ± 0.188 0.850 ± 0.300 0.747 ± 0.093 

Sup Table 17: Mean and standard deviation of performance metrics for CPP classification. Performance metrics (balanced accuracy BA, 

Matthews’ correlation coefficient MCC, sensitivity, and specificity) were evaluated via a stratified nested CV for the CPP classification task, 

on different input features’ type sets. 

Features Type BA MCC Sensitivity Specificity 

Whole Rad. 0.560 ± 0.143 0.120 ± 0.285 0.500 ± 0.188 0.620 ± 0.124 

Original Rad. 0.648 ± 0.134 0.300 ± 0.270 0.643 ± 0.204 0.653 ± 0.109 

LoG Rad. 0.628 ± 0.033 0.268 ± 0.064 0.529 ± 0.143 0.727 ± 0.129 

Wavelet Rad. 0.616 ± 0.089 0.239 ± 0.180 0.571 ± 0.181 0.660 ± 0.142 

Graphomics 0.473 ± 0.143 -0.075 ± 0.319 0.486 ± 0.296 0.460 ± 0.235 

Sup Table 18: Mean and standard deviation of performance metrics for DD classification. Performance metrics (balanced accuracy BA, 

Matthews’ correlation coefficient MCC, sensitivity, and specificity) were evaluated via a stratified nested CV for the DD classification task, 

on different input features’ type sets. 

Features Type BA MCC Sensitivity Specificity 

Whole Rad. 0.639 ± 0.108 0.294 ± 0.219 0.510 ± 0.128 0.768 ± 0.148 

Original Rad. 0.686 ± 0.158 0.369 ± 0.297 0.650 ± 0.307 0.721 ± 0.142 

LoG Rad. 0.585 ± 0.107 0.174 ± 0.216 0.610 ± 0.233 0.561 ± 0.139 

Wavelet Rad. 0.731 ± 0.023 0.458 ± 0.053 0.690 ± 0.073 0.771 ± 0.090 

Graphomics 0.625 ± 0.085 0.266 ± 0.195 0.600 ± 0.138 0.650 ± 0.200 

Sup Table 19: Mean and standard deviation of performance metrics for dyschezia classification. Performance metrics (balanced accuracy 

BA, Matthews’ correlation coefficient MCC, sensitivity, and specificity) were evaluated via a stratified nested CV for the dyschezia 

classification task, on different input features’ type sets. 
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Features Type BA MCC Sensitivity Specificity 

Whole Rad. 0.669 ± 0.157 0.340 ± 0.319 0.771 ± 0.086 0.567 ± 0.271 

Original Rad. 0.717 ± 0.113 0.463 ± 0.230 0.767 ± 0.170 0.667 ± 0.236 

LoG Rad. 0.521 ± 0.117 0.021 ± 0.273 0.643 ± 0.074 0.400 ± 0.226 

Wavelet Rad. 0.638 ± 0.094 0.285 ± 0.187 0.743 ± 0.130 0.533 ± 0.163 

Graphomics 0.581 ± 0.121 0.180 ± 0.277 0.629 ± 0.330 0.533 ± 0.125 

Sup Table 20: Mean and standard deviation of performance metrics for dysmenorrhea classification. Performance metrics (balanced 

accuracy BA, Matthews’ correlation coefficient MCC, sensitivity, and specificity) were evaluated via a stratified nested CV for the 

dysmenorrhea classification task, on different input features’ type sets. 
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Sup Figure 6: Strip plots of the top 10 feature importances (penalized LR weights averaged over LOO-CV) for each classification task, 

with whole radiomic features set as input. a. Top 10 whole radiomic features for lesion type classification (LOGO-CV). b. Top 10 whole 

radiomic features for CPP classification. c. Top 10 whole radiomic features for DD classification. d. Top 10 whole radiomic features for 

dyschezia classification. e. Top 10 whole radiomic features for dysmenorrhea classification. 

 

 

Sup Figure 7: Strip plots of the top 10 feature importances (penalized LR weights averaged over LOO-CV) for each classification task, 

with original radiomic features set as input. a. Top 10 original radiomic features for lesion type classification (LOGO-CV). b. Top 10 

original radiomic features for CPP classification. c. Top 10 original radiomic features for DD classification. d. Top 10 original radiomic features 

for dyschezia classification. e. Top 10 original radiomic features for dysmenorrhea classification. 
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Sup Figure 8: Strip plots of the top 10 feature importances (penalized LR weights averaged over LOO-CV) for each classification task, 

with LoG radiomic features set as input. a. Top 10 LoG radiomic features for lesion type classification (LOGO-CV). b. Top 10 LoG radiomic 

features for CPP classification. c. Top 10 LoG radiomic features for DD classification. d. Top 10 LoG radiomic features for dyschezia 

classification. e. Top 10 LoG radiomic features for dysmenorrhea classification. 

 

 

Sup Figure 9: Strip plots of the top 10 feature importances (penalized LR weights averaged over LOO-CV) for each classification task, 

with wavelet radiomic features set as input. a. Top 10 wavelet radiomic features for lesion type classification (LOGO-CV). b. Top 10 
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wavelet radiomic features for CPP classification. c. Top 10 wavelet radiomic features for DD classification. d. Top 10 wavelet radiomic features 

for dyschezia classification. e. Top 10 wavelet radiomic features for dysmenorrhea classification. 

 

 

Sup Figure 10: Strip plots of the top 10 feature importances (penalized LR weights averaged over LOO-CV) for each classification 

task, with graphomic features as input. a. Top 10 graphomic features for lesion type classification (LOGO-CV). b. Top 10 graphomic 

features for CPP classification. c. Top 10 graphomic radiomic features for DD classification. d. Top 10 graphomic features for dyschezia 

classification. e. Top 10 graphomic features for dysmenorrhea classification. 

  



 
 

22 
 

Radiomic Feature Explanation 

This section provides a brief explanation of the most important radiomic features selected by the model for each 

case. Since the classification was performed using a Leave-One-Out Cross-Validation (LOO-CV) strategy, the most 

significant features were identified by counting how often each feature appeared in the top three across all iterations. 

For each set of radiomic features, the most frequent features are discussed, with an attempt to explain the clinical 

aspect represented by each feature that the model deemed most important. 

Each classification task is discussed in a separate paragraph, with the top features for each category (Original, Log-

Sigma, and Wavelet) reported separately. Additionally, the features obtained by aggregating all categories are also 

presented and analyzed. 

Lesion Type 

Feature Set Feature Name Frequency 

Whole 

W_LHL-firstorder-Skewness 1.00 

W_HHH-glszm_SmallAreaHighGrayLevelEmphasis 0.99 

LoG_1-5mm-glcm_ClusterShade 0.96 

Original 

glrlm_GrayLevelNonUniformityNormalized 0.99 

glszm_LargeAreaLowGrayLevelEmphasis 0.68 

shape_Sphericity 0.63 

LoG 

1-5-mm-3D_firstorder_Minimum 0.99 

1-0-mm-3D_glcm_MCC 0.68 

1-0-mm-3D_glszm_ZoneEntropy 0.63 

Wavelet 

LHL_firstorder_Skewness 1.00 

LLH-glrlm_LongRunHighGrayLevelEmphasis 0.97 

HHH_glszm_SmallAreaHighGrayLevelEmphasis 0.68 

From the table, it can be observed that the top 3 features for each feature set are listed, along with their frequency of 

appearance in the top 3 across all CV iterations. Notably, the skewness of the gray level (GL) histogram from the 

volume filtered with a wavelet (LHL filter in each direction) emerges as a highly important feature. This feature 

appears in the top 3 for all LOO-CV iterations, both when only wavelet features are used and when aggregating all 

feature types. This feature quantifies the distribution symmetry, suggesting that, in a particular denoised (wavelet 

with low pass filter in two directions and high pass filter in the other direction) volume version, one of the two lesion 

classes exhibits symmetric GL distribution, while the other presents asymmetry. 

The asymmetry in the GL (or derived quantities) distribution seems to be an important characteristic, as it is 

consistently observed, albeit with slight variations, in the LoG_1.5mm-glcm_ClusterShade feature. Across the 

different categories, the size of homogeneous areas with high or low GL values is also considered, as indicated by 

features such as “LLH-glrlm LongRunHighGrayLevelEmphasis”, “glszm LargeAreaLowGrayLevelEmphasis”, and 

“W_HHH-glszm SmallAreaHighGrayLevelEmphasis”. The last one quantifies the joint distribution of small areas 

with high GL; since the high pass filtered wavelet image is a representation of details and noise, this feature could 

be related to the texture of inhomogeneity. 

A feature with this meaning is not selected in the top 3 only in the case of the LoG feature set. 

Finally, as shape features are included only in the original feature set, it is worth pointing out that the sphericity of 

the lesion appears in the top 3 in 63% of the cross-validation folds when using the original feature set. 
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DD - Deep Dyspareunia 

Feature Set Feature Name Frequency 

Whole 

LoG-1-5mm-glszm_GrayLevelVariance 1.00 

W-HHL_glszm_GrayLevelVariance 0.95 

LoG-1-5mm-glszm_GrayLevelNonUniformityNormalized 0.93 

Original 

gldm_LargeDependenceLowGrayLevelEmphasis 0.98 

shape_Flatness 0.85 

shape_Maximum2DDiameterColumn 0.49 

LoG 

1-5-mm-3D_glszm_GrayLevelVariance 1.00 

1-5-mm-3D_glszm_SmallAreaEmphasis 0.98 

0-5-mm-3D_glszm_SizeZoneNonUniformityNormalized 0.98 

Wavelet 

LHL_glszm_SmallAreaLowGrayLevelEmphasis 1.00 

HHL_glszm_GrayLevelVariance 0.98 

LHL_firstorder_Kurtosis 0.98 

For the DD classification, the most prominent feature class (8 out of 12 features) is associated with the Gray Level 

Size Zone Matrix (GLSZM), which provides information about the number of connected voxels with the same GL. 

Features computed from this matrix enable the quantification of the distribution, size, and intensity prominence of 

homogeneous areas. The top features from both the entire feature set and the LoG feature set belong to this class. 

The only feature set that does not include GLSZM features is the original feature set, which is also the only one 

containing shape-related features by feature set construction. Therefore, texture-related features become more 

important only when filtered to extract specific information, such as edge details at certain scales, as depicted by the 

two different scales (0.5 and 1.5 mm as values of sigma) of the selected LoG features. 

It is worth noting that a high importance is placed on the variance of the GL distribution across different uniform 

zones (Gray Level Variance), which describes the difference in GL between various regions. Furthermore, the 

variability in the size of these uniform zones is also a key consideration. Since the greatest discriminative power 

comes from these features, it can be inferred that the primary differences related to DD classification are associated 

with these characteristics.  
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CPP - Chronic Pelvic Pain  

Feature Set Feature Name Frequency 

Whole 

wavelet-LLH_firstorder_Minimum 0.98 

1-5-mm-3D_firstorder_Maximum 0.69 

HHH_glszm_SizeZoneNonUniformity 0.48 

Original 

glrlm_ShortRunEmphasis 1.00 

gldm_DependenceNonUniformityNormalized 0.98 

gldm_LargeDependenceLowGrayLevelEmphasis 0.97 

LoG 

1-5-mm-3D_firstorder_Maximum 0.98 

1-5-mm-3D_gldm_DependenceVariance 0.95 

1-5-mm-3D_glszm_SmallAreaLowGrayLevelEmphasis 0.92 

Wavelet 

HLH_firstorder_Skewness 1.00 

LLH_firstorder_Minimum 0.98 

HHL_glszm_SmallAreaLowGrayLevelEmphasis 0.75 

In the case of CPP classification, it is noteworthy that the top three features selected exhibit robustness across 

different CV folds when considering individual feature sets (i.e., original, LoG, or wavelet). However, when utilizing 

the complete radiomic feature set, only the maximum GL value from the wavelet-filtered image is consistently chosen 

(in 98% of the folds), while the other two top features appear less frequently. This observation suggests that different 

features may provide overlapping information. As for the DD case, one of the most frequent top 3 features is related 

to the size of the homogeneous zones in the high pass filtered image, hence related to details and noise. 

The prominence of the maximum GL value indicates that one of the two classes tends to have higher peak intensity 

values. Additionally, emphasis is placed on the distribution of small areas with uniform gray levels within the images. 

This aligns with findings in radiomic analyses, where features like Gray Level Non-Uniformity (GLN) and Size-

Zone Non-Uniformity (SZN) measure the variability of GL intensity values and the distribution of zone sizes, 

respectively. 

A lower GLN value indicates more homogeneity in intensity values, while a lower SZN value suggests more 

homogeneity in size zone volumes. 

Moreover, looking at the LoG features, it is worth noting that all the selected features belong to the same scale of 

sigma (1.5 mm). This could indicate that details around 3 mm size (according to the Nyquist-Shannon theorem) are 

informative about this classification task. 
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Dyschezia 

Feature Set Feature Name Frequency 

Whole 

LoG-0-5-mm-3D_glszm_SmallAreaHighGrayLevelEmphasis 0.98 

W-LHL_glszm_SmallAreaHighGrayLevelEmphasis 0.95 

LoG-0-5-mm-3D_glszm_SmallAreaEmphasis 0.82 

Original 

shape_Maximum2DDiameterColumn 1.00 

glszm_LowGrayLevelZoneEmphasis 1.00 

glrlm_RunLengthNonUniformity 0.90 

LoG 

0-5-mm-3D_glszm_SmallAreaHighGrayLevelEmphasis 0.95 

2-0-mm-3D_glszm_GrayLevelVariance 0.88 

1-0-mm-3D_glszm_LowGrayLevelZoneEmphasis 0.74 

Wavelet 

LHL_glszm_HighGrayLevelZoneEmphasis 1.00 

LHL_glszm_SmallAreaHighGrayLevelEmphasis 0.95 

HLH_glcm_ClusterShade 0.79 

In this analysis, the Gray Level Size Zone Matrix (GLSZM) emerges as the predominant feature class, being the 

most frequent features included in the top-3 in 9 out of 12 cases. When considering only the LoG and the whole 

feature sets, the top three features consistently belong to the GLSZM category. Notably, no features derived from the 

original image are selected when evaluating the entire feature set collectively. This observation underscores the 

significance of texture features, particularly those capturing image edges at various scales. In this case, three different 

scales (0.5, 1.0, and 2.0 mm) are selected, suggesting that findings with different sizes (1, 2 and 4 mm) significantly 

contribute to the classification task. 

The Small Area High Gray Level Emphasis (SAHGLE) feature, extracted from the LoG-filtered image with a sigma 

value of 0.5 mm, frequently ranks among the top features. A lower sigma value in the LoG filter emphasizes fine 

details, enhancing the detection of small variations and texture non-uniformities. SAHGLE quantifies the joint 

distribution of smaller size zones with higher GL values, providing insight into the texture's homogeneity. The 

prominence of SAHGLE suggests that the model places considerable importance on the homogeneity of GL 

distributions, particularly on regions characterized by small, uniform areas with high GL values. 
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Dysmenorrhea 

Feature Set Feature Name Frequency 

Whole 

W-LHL_glszm_SmallAreaLowGrayLevelEmphasis 1.00 

original_shape_Elongation 0.97 

wavelet-LLL_firstorder_Kurtosis 0.69 

Original 

shape_Flatness 1.00 

glszm_SmallAreaEmphasis 0.98 

glszm_GrayLevelVariance 0.97 

LoG 

2-0-mm-3D_firstorder_InterquartileRange 0.97 

1-5-mm-3D_firstorder_Maximum 0.90 

2-0-mm-3D_glcm_ClusterShade 0.80 

Wavelet 

LHL_glszm_SmallAreaEmphasis 1.00 

LLL_firstorder_Kurtosis 0.95 

LHL_firstorder_Skewness 0.70 

In this analysis, an increased frequency of first-order features is observed, particularly those related to the asymmetry 

of the GL distribution and its deviation from a normal distribution. Additionally, emphasis is placed on the 

distribution of small areas, especially those with high GL intensity when considering the entire feature set. 

Focusing on the complete feature set, both the distribution of small areas and the lesion's shape appear to have 

significant discriminative power, especially concerning the lesion's elongation. Furthermore, the deviation of the GL 

distribution from a normal distribution in the denoised images (low pass filtered along all axes) ranks among the top 

three features, suggesting notable differences in GL distribution between the two classes. 

Examining the individual feature sets reveals that the original set accounts for both shape and small homogeneous 

area distributions. Wavelet features provide valuable information regarding the GL distribution of the filtered image, 

emphasizing its asymmetry and deviation from normality. In contrast, the LoG set focuses on different aspects, such 

as the range of GL values in the edge-enhanced image and texture homogeneity. 

  



 
 

27 
 

Conclusion 

In summary, we have analyzed the most important radiomic features for each classification task and attempted to 

provide clinical explanations of their significance. It is noteworthy that features derived from the Gray Level Size 

Zone Matrix (GLSZM) are prominent across nearly all classification tasks. These features describe zones of 

connected voxels with the same gray level, characterized by volume, distribution of small and large areas, voxel 

intensity distribution, and their combinations. This could be related to the underlying histopathological differences, 

such as microscopic architecture and hemosiderotic deposits, which may differ between glandular and fibrotic tissue. 

It is also noteworthy that features related to lesion shape are not selected in three out of four classification cases, 

when considering all the features (original, LoG and Wavelet). This indicates that the textural information captured 

after filter application is more informative than lesion shape features.  

Moreover, considering the selected LoG features, it is possible to note that, for some classification targets, the most 

discriminative features are related to a specific scale, suggesting that specific details are informative for the task, 

while for other classification targets, more than one scale is selected, meaning that different details at different scales 

are required to achieve the best segmentation. 

Finally, the high frequency of occurrence of some features in the top 3 across the LOO CV schema suggests that 

those specific features are informative and a robust estimator for the classification. 

Even if a clear explanation of the meaning of these features is not possible, we have proposed some insights about 

the relationship between the selected radiomic features and the characteristics considered by radiologists, thus 

improving the machine learning model's explainability. 

 

 

Full list of extracted radiomic features 

This section presents a list of all the radiomic features extracted from the images (or, in case of features from the 

“shape” class, from the segmentation volume). Each of these features was then extracted on different versions of the 

image: original image, LoG-filtered versions of the image, and wavelet-filtered versions of the image.  

Class  Feature name  

Shape 

Elongation  

Flatness  

Least Axis Length  

Major Axis Length  

Maximum 2D Diameter (Column)  

Maximum 2D Diameter (Row)  

Maximum 2D Diameter (Slice)  

Maximum 3D Diameter  

Voxel Volume  

Mesh Volume  

Minor Axis Length  

Sphericity  

Surface Area  

Surface Area to Volume Ratio  
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First Order 

10th Percentile  

90th Percentile  

Energy  

Entropy  

Interquartile Range  

Kurtosis  

Maximum  

Mean Absolute Deviation  

Mean  

Median  

Minimum 

Range 

Robust Mean Absolute Deviation 

Root Mean Squared (RMS) 

Skewness 

Total Energy 

Uniformity 

Variance 

Gray Level Co-occurrence Matric (GLCM) 

Autocorrelation 

Cluster Prominence 

Cluster Shade 

Cluster Tendency 

Contrast 

Correlation 

Difference Average 

Difference Entropy 

Difference Variance 

Inverse Difference (Id) 

Inverse Difference Moment (Idm) 

Inverse Difference Moment Normalized (Idmn) 

Inverse Difference Normalized (Idn) 

Informational Measure of Correlation 1 (Imc1) 

Informational Measure of Correlation 2 (Imc2) 

Inverse Variance 



 
 

29 
 

Joint Average 

Joint Energy 

Joint Entropy 

Maximal Correlation Coefficient (MCC) 

Maximum Probability 

Sum Average 

Sum of Squares 

Gray Level Size Zone Matrix (GLSZM) 

Gray Level Non-Uniformity 

Gray Level Non-Uniformity Normalized 

Gray Level Variance 

High Gray Level Zone Emphasis 

Large Area Emphasis 

Large Area High Gray Level Emphasi 

Large Area Low Gray Level Emphasi 

Low Gray Level Zone Emphasis 

Size-Zone Non-Uniformity 

Size-Zone Non-Uniformity Normalized 

Small Area Emphasis 

Small Area High Gray Level Emphasis 

Small Area Low Gray Level Emphasis 

Zone Entropy 

Zone Percentage 

Zone Variance 

Gray Level Run Length Matrix (GLRLM) 

Gray Level Non-Uniformity 

Gray Level Non-Uniformity Normalized 

Gray Level Variance 

High Gray Level Run Emphasis 

Long Run Emphasis 

Long Run High Gray Level Emphasis 

Long Run Low Gray Level Emphasis 

Low Gray Level Run Emphasis 

Run Entropy 

Run Length Non-Uniformity 

Run Length Non-Uniformity Normalized 
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Run Percentage 

Run Variance 

Short Run Emphasis 

Short Run High Gray Level Emphasis 

Short Run Low Gray Level Emphasis 

Neighboring Gray Tone Difference Matrix 

(NGTDM) 

Busyness 

Coarseness 

Complexity 

Contrast 

Strength 

Gray Level Dependence Matrix (GLDM) 

Dependence Entropy 

Dependence Non-Uniformity 

Dependence Non-Uniformity Normalized 

Dependence Variance 

Gray Level Non-Uniformity 

Gray Level Variance 

High Gray Level Emphasis 

Large Dependence Emphasis 

Large Dependence High Gray Level Emphasis 
Large Dependence Low Gray Level Emphasis 

Low Gray Level Emphasis 

Small Dependence Emphasis 

Small Dependence High Gray Level Emphasis 

Small Dependence Low Gray Level Emphasis 

 

Full list of extracted graphomic features 

This section presents a list of all the graphomic features extracted from the segmentation mask. 

Class  Feature name  

Topology 

Number of Nodes  

Number of Edges  

Edge Weights* 

Self Links 

Euler Number 

Number of Isolated Nodes 
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Number of Pendant Nodes 

Number of Connected Components 

Number of Maximal Cliques 

Modularity Score 

Centrality 

Node Degree Centrality* 

Node Betweenness Centrality*  

Node Clustering Coefficient* 

Node Closeness Centrality* 

Node Page Rank Centrality* 

Node Harmonic Centrality* 

Degree Powerlaw Fit 

Degree Exponential Fit 

Spatial 

Node Density Statistics* 

Fractal Dimension 

Average Shortest Path Length 

Eccentricity* 

Center Of Mass† 

Distance Most Central Nodes* 

Distance No Pendant Nodes* 

Distance Pendant Nodes* 

* = 5 features each: average, median, standard deviation, minimum, maximum 
† = one feature per each of three directions (x, y, z) 
 


