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Graph-radiomic learning (GrRAiL)
descriptor to characterize imaging
heterogeneity in confounding tumor
pathologies

Check for updates

Dheerendranath Battalapalli1,2, Apoorva Safai2, María Jaramillo2, Hyemin Um2,
GustavoAdalfoPinedaOrtiz2,UlasBagci3,ManmeetSinghAhluwalia4,Marwa Ismail2 &Pallavi Tiwari1,4,5

Distinguishing benign confounding pathologies from malignant neoplasms on routine imaging
remains a significant challenge in solid tumors. Radiomics approaches attempt to capture lesion
heterogeneity on clinical imaging (CT,MRI), but typically aggregate feature values across the region of
interest (ROI), losing the complex spatial relationships among intensity compositionswithin the lesion.
We present Graph-Radiomic Learning (GrRAiL), a new descriptor for characterizing intralesional
heterogeneity (ILH) on clinical MRI. GrRAiL (1) identifies clusters of sub-regions from per-voxel
radiomic measurements and (2) computes graph-theoretic measurements that quantify the spatial
associations of these radiomic clusters. The resulting weighted graphs capture higher-order spatial
relationshipswithin theROI to reliably distinguishconfoundingpathologies frommalignancies.GrRAiL
was evaluated on n = 947 subjects across three multi-institutional use-cases: distinguishing radiation
effects from tumor recurrence in glioblastoma (n = 106) and brain metastasis (n = 233), and
differentiating no+low- versus high-risk pancreatic intraductal papillarymucinous neoplasms (IPMNs)
(n = 608). GrRAiL consistently outperformed Graph Neural Networks, textural radiomics, and intensity
graph analysis, achieving cross-validation and test accuracies of 89% and 78% (glioblastoma), 84%
and 74% (metastasis), and 85% and 79% (IPMN), representing >10%, >13%, and >10% test-
accuracy improvements over comparative approaches, respectively.

A critical challenge in oncology is the frequent diagnostic ambiguity in
differentiating between benign confounding pathologies and malignant
neoplasms on clinical MRI scans1. For instance, in neuro-oncology, the
distinction between true tumor recurrence (TuR) and benign treatment-
related effects (i.e. psuedoprogression (PsP), radiation necrosis (RN)) on
post-treatment MRI scans, presents a well-known diagnostic dilemma2–4.
TuR and benign treatment effects exhibit similarMRI visual characteristics,
which often require invasive surgical interventions for a definitive
diagnosis5,6. Similarly, in the screening for pancreatic cancer, the early
identification of premalignant lesions represents a crucial strategy to
improvepatientprognosis.Despite an increaseddetection rate for incidental

pancreatic cysts, their accurate classification into “high-risk” and “low-to-
no-risk” categories remains a significant challenge7.

Fundamentally, malignant lesions are characterized by a complex and
distinct microenvironment organization with different tissue types dis-
bursed through the lesion, in contrast to benign lesions8,9. Thus, the ability to
analyze the subtle organizational structure of tumors and their underlying
heterogeneity could enable reliable discrimination of benign confounding
pathologies from malignant lesions. This noninvasive characterization
could also significantly impact clinical decision-making, thusmitigating the
need for unnecessary biopsies and treatments in patients with benign
conditions.
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Several approaches have attempted to capture surrogate markers of
lesion heterogeneity on imaging (e.g. MRI, CT) to distinguish between
confounding pathologies, including (1) radiomics that encompasses
intensity-based, textural, and topological characteristics of the lesion10–17,
and (2) deep learningmodels that extract complex features directly from the
images without the need for semantic segmentation, including convolu-
tional neural networks (CNN) and graph neural networks (GNN). While
deep learning approachesmaydemonstrate advantages over radiomicswith
larger training cohorts, DL approaches tend to be ‘opaque’ with regard to
feature interpretability.

Among radiomic techniques, the Gray Level co-occurrence Matrix
(GLCM) quantifies textural variations within the region of interest (ROI) at
a voxel-level, correlating imaging heterogeneity with tumor aggressiveness
across cancers18–28. However, a significant methodological limitation with
radiomic features, including GLCM, lies in the subsequent consolidation of
the texture maps into aggregated feature metrics (e.g., mean, mode,
kurtosis)29. Although these aggregated values seek to capture the ‘image-
based heterogeneity’ associated with disease aggressiveness, they inherently
lose the spatial information regarding the organization of different tissue
types in a lesion andmay not represent the distinct pathological variabilities
within the same lesion29.

For example, consider the radiomic expression maps in Fig. 1, which
represent textural patterns derived from GLCM feature maps for two
confounding pathologies (TuR, TrE). Visual inspection of these expression
maps reveals discernible spatial differences in lesion organization, reflected
by variations in the color distribution on the GLCM entropy expression
heatmaps from the segmented ROI. In a way, these radiomic feature
expression maps (Fig. 1h) are analogous to a subway map (Fig. 1j, k). The
radiomic maps often represent overlapping regions where different cell
populations interact, influencing heterogeneity, while subway maps
demonstrate spatial intersections across transfer stations withmultiple lines
converging. Unfortunately, both machine learning (ML) and DL classifiers
may not explicitly encode the spatial interactions of the ’sub-populations’
(i.e., clusters) within the ROI for reliable distinction of confounding
pathologies from malignant lesions. Consequently, there exists an oppor-
tunity to advance beyond aggregated feature values, by investigating
intensity composition and complex interrelationships within the tumor
microenvironment, at the spatial level. Such an approach could enable a
comprehensive characterization of the lesion’s inherent heterogeneity and

improve the distinction of confounding pathologies from malignant
tumors/cysts.

Recently, some studies have attempted to go beyond conventional
radiomic analysis to explore structural connectivity within the lesion and
how it impacts heterogeneity patterns and tumor behavior. For instance30,31,
explored the utility of graph theory approaches in characterizing primary
andmetastatic brain tumorheterogeneity byquantifying spatial interactions
within intratumoral sub-regions. In addition32, presented an automated
pipeline that leverages structural connectivity graphs derived from T1 and
DTI data, alongwith global graphmetrics, to classifymultiple sclerosis (MS)
patients into four clinical subtypes. Similarly, our group previously devel-
oped amethodcalledRADIomic Spatial TexturAl descripTor (RADISTAT)
to analyze spatial interactions within tumor regions29. RADISTAT cate-
gorized voxels into predefined sub-regions of low, intermediate, and high
radiomic expression and quantified pairwise adjacencies among these
regions toassess tumor spatial organization in the context of brain and rectal
cancer post-treatment response assessment.WhileRADISTATprovided an
important step toward capturing spatial heterogeneity, it quantified orga-
nization using three predefined heterogeneity levels and pairwise adjacency
counts, thereby constraining the analysis to local, fixed-resolution
interactions.

In this work, we present a new Graph Radiomic Learning approach
(GrRAiL) to comprehensively characterize imaging heterogeneity by (1)
identifying clusters of sub-regions based on per-voxel radiomic measure-
ments, followed by (2) computing graph-theoretic measurements that
analyze the spatial associations of the radiomic clusters. The weighted
graphs constructed via the GrRAiL descriptor capture the complexity of the
higher-order spatial relationships within the lesion microenvironment to
differentiate between confounding pathologies. A preliminary imple-
mentation of 3D GrRAiL was previously presented in ref. 33. Our current
work builds on the initial work to include a detailed analysis of the GrRAiL
algorithm with extended parameter sensitivity analysis. Additionally, we
perform extensive comparisons of GrRAiLwith state-of-the-art approaches
in the context of clinically relevant problems in brain and pancreatic lesions.
We summarize our key contributions as follows:

• Capturing the spatial organization of radiomic patterns within the
lesion environment on structural MRI scans through clustering
radiomic expressionmaps and generating graph theoretic features that
characterize the spatial interactions of the radiomic patterns within the

Fig. 1 | Radiomic feature expression maps and graph representations reveal
distinct spatial heterogeneity patterns that distinguish tumor recurrence from
pseudoprogression in glioblastoma. Panels a, d demonstrate Gd-T1w MRI scans
for TuR and PsP in glioblastoma studies, respectively. b, e Highlight the corre-
sponding GLCM entropy expression maps, while (c, f) are the histogram plots from
subjects with confirmed TuR and PsP, respectively. It is worth noting that while the
spatial distribution of the radiomic feature expressions in (b) and (e) is distinct, the

histogram distribution of the features in (c) and (f) appears similar, which could
potentially contribute to misclassification of confounding pathologies (i.e., TuR
versus PsP). h Represents a clustered GLCM radiomics map (with 3 clusters) cor-
responding to a (g) glioblastoma Gd-T1w MRI scan, and the analogy of capturing
spatial interactions across radiomic clusters via a graphical representation (i) with
that of a subway map shown in (j) and (k).
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lesion. GrRAiL descriptor thus quantifies the spatial connectivity of
“sub-populations” within the lesion (analogous to a subway system),
and their influence on disease malignancy.

• Evaluating GrRAiL’s efficacy across clinical challenges in: (a) differ-
entiating tumor recurrence (TuR) from radiation necrosis (RN) in
metastatic brain tumors after radiotherapy on a multi-institutional
cohort (n = 233 studies), (b) distinguishing TuR from pseudo-
progression (PsP) in glioblastoma on a multi-institutional cohort
(n = 106 studies), and (c) Classifying Intraductal Papillary Mucinous
Neoplasms (IPMNs), the most common pancreatic cysts, into no-risk
+ low-risk versus high-risk on a multi-institutional study comprising
T2w MRI scans from n = 608 studies.

Results
Experiment 1: Distinguishing tumor recurrence from pseudo-
progression in glioblastoma
GrRAiL analysis. Figure 2 illustrates qualitative 3D GLCM entropy
feature maps alongside their corresponding GrRAiL-generated graphs
for glioblastoma patients with lesions exhibiting TuR (a, d) and those
exhibiting PsP (g, j). The GrRAiL features appear to be capturing the
distinctive spatial patterns from the corresponding radiomic textural
maps across PsP (i, l) and TuR (c, f). For instance, lesions characterized as
PsP largely exhibited a markedly lower number of nodes and edges in the
graph, suggesting greater homogeneity within the lesion microenviron-
ment. Conversely, the larger n of nodes found in the graphs corre-
sponding to patients with TuR reflected higher heterogeneity within the
lesion microenvironment. These trends were consistently observed

across both training and test cohorts of patients with PsP and TuR
analyzed using GrRAiL.

Bar plots corresponding to the performance metrics (AUC, CV
accuracy, and test accuracy) for each radiomic featuremap are shown in
Fig. 3. Among the 13 radiomic maps, the GrRAiL feature from the
energy map achieved the highest AUC value (0.86), the difference
variance map yielded the highest CV accuracy (83% ± 10%), and the
difference average map yielded the highest test accuracy (78%), on the
test set. The top-performingmetrics in Fig. 3 are highlightedwith a delta
above the corresponding bar plot. The performance metrics of GrRAiL
are shown in Fig. 4a, b. The AUC value was 0.85, the CV accuracy was
89% ± 7%, and the accuracy on the test set was 78%. The SHAP sum-
mary plot in Fig. 4c highlights the top 10 GrRAiL features that sig-
nificantly contributed to the classification accuracies for distinguishing
PsP from TuR. In Fig. 4d–h, we highlighted the features with p value
≤0.01, indicated with a single asterisk above the box plot. These features
include the assortativity graph feature from the ICM2 expression map,
modularity from the energy expression map, network entropy from the
ICM2 expressionmap, average path length from the contrast expression
map, clustering coefficient from the homogeneity expression map, and
small-worldness from the homogeneity expression map. Comparison
of GrRAiL test-set accuracy metric with other comparative approaches
using z-statistics, and the corresponding p values are detailed in Sup-
plementary Table 7.

Ablation studies
Assessment of graph-derived adjacency matrices. The adjacency matrices
obtained for each graph from individual radiomic feature maps through

Fig. 2 | Classification performance metrics for GrRAiL, GraphSAGE, GCN-JK,
and radiomic methods across 13 GLCM features in the context of glioblastoma
tumors for the classification of TuR from PsP. The bar plots correspond to (a)

AUC values, b cross-validation accuracy values on the training data, as well as (c)
test accuracy values on unseen data from a different institution. Black upward-
pointing triangles indicate the best-performing feature in each panel.
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GraphSAGE and GCN-JK neural networks using more than 2 convolu-
tional layers (e.g., 5, 7) did not yield significant improvement; instead, the
accuracy values decreased. Thus, these two convolutional layers were used
for further analysis (Fig. 3). GraphSAGE achieved anAUCof 0.80 using the
contrast map. The entropy map yielded a test accuracy of 74%, and the
contrast map yielded the highest CV accuracy of 69.3% ± 11%. GCN-JK
achieved an AUC of 0.73 using the entropy map. The correlation map
yielded a CV accuracy of 66%± 2%, and a test accuracy of 73%, as shown in
Fig. 3. Furthermore, when the adjacency matrices from all 13 radiomic
feature maps were combined and fed into GraphSAGE and GCN-JK,
GraphSAGE achieved a CV accuracy of 59% ± 3%, its performance on the
test set was 64% and an AUC of 0.59. The GCN-JK model yielded a CV
accuracy of 62% ± 0.4%, a test accuracy of 66%, and an AUC of 0.61,
suggesting that the model may be limited in its ability to capture dis-
criminatory features across PsP andTuR (Fig. 4a, b). Results, when applying
the GAT and GIN schemes, are provided in Supplementary Table 2. Both
GAT and GIN yielded poor performance in distinguishing PsP from TuR,
compared to GrRAiL.

Assessment of radiomic features. Performancemetrics (AUC,CV accuracy,
and test accuracy) for each radiomic featuremaparedepictedusingbarplots
in Fig. 3. Among the 13 radiomic maps, the radiomic descriptors from the
homogeneitymap achieved the highestAUCvalue (0.63), while the contrast
map yielded the highest CV accuracy (79% ± 10%) and correlation map
achieved a test accuracy of (68%). Additionally, when the radiomic
descriptors from all 13 radiomic feature maps were combined into the
classification model, the performance metrics showed an increase in the
AUC and test accuracy values, as shown in Fig. 4a, b. The AUC value was
0.79, CV accuracy was 72% ± 13%, and the test accuracy was 69%. Overall,

combining features from all 13 radiomic maps significantly enhanced the
radiomic analysis performance but led to decreased performance for the
adjacency matrices. When comparing individual analyses, GrRAiL out-
performed both adjacency matrices and radiomic descriptors in the classi-
fication task.

Assessment of intensity graph analysis. The intensity graph analysis yielded
a cross-validation accuracy of 69% ± 11%, a test accuracy of 59%, and an
AUCvalue of 0.56, respectively. BothGrRAiL and the radiomic analysiswas
found to outperform the intensity graph analysis, with statistically sig-
nificant improvements in accuracy (p value = 0.04, z-score = 2.019) (Sup-
plementary Table 7). The performance metric values are provided
in supplementary Table 1.

Experiment 2: Distinguishing tumor recurrence from radiation
necrosis in metastatic brain tumors
GrRAiL analysis. Figure 5 illustrates qualitative 3D GLCM entropy
feature maps alongside their corresponding GrRAiL-generated graphs
for patients with brainmetastases. Similar to our findings in glioblastoma
tumors, GrRAiL effectively captured unique spatial patterns from the
radiomic texture maps across RN and TuR in metastatic brain tumors.
Lesions classified as RN typically exhibited fewer nodes and edges in their
graphs, indicating a higher degree of homogeneity within the lesion
microenvironment. In contrast, TuR graphs displayed a greater number
of nodes and edges, reflecting increased heterogeneity in lesions that
corresponded to tumor progression. These observations were consistent
across both training and test cohorts analyzed using GrRAiL. Perfor-
mance metrics (AUC, CV accuracy, and test accuracy) for each radiomic
featuremap are depicted using bar plots in Fig. 6. Among the 13 radiomic

Fig. 3 | GrRAiL outperforms comparative graph- and radiomics-based
approaches and identifies graph features that significantly discriminate tumor
recurrence from pseudoprogression in glioblastoma. Bar plots with (a) CV and
test accuracy, and bAUC values for graph features, GrRAiL, GraphSAGE, GCN-JK,
and Radiomics features, c SHAP summary plot for the top 10 features contributing
to the GrRAiL classification accuracy in distinguishing TuR from PsP in

glioblastoma tumors. The remaining box plots are based on the statistical sig-
nificance with p≤0.01 and include (d) ICM2 Assortativity, e Energy Modularity,
f ICM2 Network Entropy, g homogeneity Cluster coefficient, and h homogeneity
small worldness. A single asterisk indicates p ≤ 0.01. Each feature demonstrated
significant differences across TuR and PsP, highlighting the efficacy of GrRAiL
features in differentiating true tumor progression from PsP.
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maps, the GrRAiL features from the entropy map achieved the highest
AUC (0.81), and the highest CV accuracy (75% ± 11%), and the contrast
map yielded the highest test accuracy (78%). The top-performingmetrics
in Fig. 6 are highlighted with an delta above the corresponding bar plot.
The performance metrics of GrRAiL descriptor are shown in Fig. 7a, b.
We obtained anAUCof 0.86, CV accuracy of 84%± 6%, and test accuracy
of 74% in distinguishing RN from TuR in the metastatic brain tumor
cohort. The SHAP summary plot in Fig. 7c highlights the top 10 GrRAiL
features that significantly contributed to classification accuracy with a
focus on features that yielded a p value of ≤0.001, indicated by double
asterisks on the box plots. Statistical comparisons across GrRAiL and
other comparative approaches using z-statistics and the corresponding p
values, are provided in Supplementary Table 7.

Ablation studies
Assessment of graph-derived adjacency matrices. GraphSAGE achieved an
AUC of 0.71 using the correlation map. The difference variance map
resulted in a test accuracy of 62%, and the contrastmap achieved the highest
CV accuracy at 84% ± 16%. GCN-JK attained an AUC of 0.73 with the
correlation map, a CV accuracy of 77% ± 8% using the sum variance map,
and a test accuracy of 73% with the correlation map. However, when
adjacency matrices from all 13 radiomic maps were combined and input
into GraphSAGE and GCN-JK, the performance metrics declined.
GraphSAGE’s CV accuracy was 47% ± 5, its test accuracy dropped to 44%
with an AUC of 0.55. GCN-JK gave a CV accuracy of 55% ± 7% and a test

accuracy of 58%, and an AUC of 0.65, indicating relatively poor perfor-
mance in distinguishing TuR from RN in metastatic brain tumors (Fig. 7).
Results using the GAT and GIN schemes are provided in supplementary
Table 4. The statistical comparison of test accuracies revealed that GrRAiL
significantly outperformedGraphSAGE (p value = 0.0002, z-score = 3.786)
and GCN-JK (p value = 0.04, z-score = 2.05) (Supplementary Table 7).

Assessment of radiomic features. Performance metrics for each radiomic
featuremap are shown in Fig. 6. Among the 13 radiomicmaps, the contrast
map’s radiomic descriptors achieved the highest AUC of 0.69, the homo-
geneitymap yielded the highest CV accuracy at 72% ± 7%, and the contrast
map achieved a test accuracy of 66%. When we combined the radiomic
descriptors from all 13maps into the classificationmodel, there was a slight
increase inAUCand test accuracy, as shown inFig. 7.TheAUCimproved to
0.79, CV accuracywas 78%±12%, and test accuracywas 61%.However, the
overall performance remained lower compared to the GrRAiL features.

Assessment of intensity graph analysis. The intensity graph analysis yielded
a cross-validation accuracy of 73% ± 11%, a test accuracy of 55%, and AUC
value of 0.55. These performancemetrics indicate that both GrRAiL as well
as the radiomic analysis outperformed the intensity graph analysis. Besides,
there was a statistically significant difference between the test accuracies of
the GrRAiL approach and the intensity graph approach (p value = 0.017, z-
score = 2.37) (Supplementary Table 7). The performance metric values are
provided in Supplementary Table 3.

Fig. 4 | Representative metastatic brain tumor cases show distinct GLCM
entropy expression maps and GrRAiL-generated graph structures for tumor
recurrence versus radiation necrosis. Illustrates metastatic brain tumor cases
comparing tumor recurrence (TuR; top two rows) and radiation necrosis (RN;
bottom two rows). Panels a, d show Gd-T1w MR images and radiologist-provided
lesion ROIs for TuR cases, while g, j show the corresponding images and ROIs for
RN cases. Panels b, e and h, k show GLCM entropy maps within the lesion ROI,

where blue color indicate lower radiomic feature expression and red color indicate
higher radiomic feature expression. Panels c, f and i, l show the corresponding
GrRAiL-generated graph visualizations. In these graphs, nodes represent GMM-
derived radiomic subregions, node colors indicate distinct subregion labels, and
edges represent EMD dissimilarity weights between adjacent subregions. The cir-
cular graphs shown at the right are topology visualizations to highlight differences in
graph connectivity and complexity between TuR and RN cases.
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Experiment 3: Distinguishing no-risk + low-risk vs. high-risk
pancreatic IPMN lesions
GrRAiLanalysis. Figure 8 presents qualitative 3DGLCMentropy feature
maps and their corresponding GrRAiL-generated graphs for patients
categorized as having no-risk+ low-risk versus high-risk IPMN lesions.
Lesions in the no-risk + low-risk IPMNs category exhibited a lower
number of nodes and edges in their graph representations, suggesting a
more homogeneous tissue microenvironment. In contrast, patients
classified as high-risk displayed graphs with a significantly larger number
of nodes and edges, reflecting increased lesion heterogeneity.

Performance metrics (AUC, CV accuracy, and test accuracy) for each
radiomic featuremap are shown inFig. 9.Among the 13 radiomicmaps, the
difference average map yielded the highest CV accuracy of 84% ± 4.3%, the
homogeneity map achieved the highest test accuracy of 75%, and the dif-
ference variancemaps showed anAUCof 0.79. The top-performingmetrics
in Fig. 9 are highlighted with an delta. The performance of GrRAiL is
illustrated in Fig. 10, where we obtained anAUC value of 0.83, CV accuracy
of 85% ± 4.5%, and test accuracy of 79%. Figure 10 presents the SHAP
summary plot highlighting the top 10 GrRAiL features that contributed
significantly to classification accuracy, with features demonstrating p values
≤0.001 (indicated by double asterisks above the box plots) in distinguishing
no-risk + low-risk versus high-risk IPMN lesions. The z-statistics and the
corresponding p-values towards statistical comparisons across GrRAiL test
accuracy metric and other comparative approaches are detailed in Supple-
mentary Table 7.

Ablation studies
Assessment of graph-derived adjacency matrices. As presented in Fig. 10,
GraphSAGE achieved an AUC of 0.73 using the contrast map, while the

difference averagemap resulted in thehighestCVaccuracy of 80%±4%and
contrast map achieved a test accuracy of 73%. Similarly, GCN-JK achieved
an AUC of 0.73 using the contrast map, while the difference variance map
resulted in the highest CV accuracy of 80% ± 4% and the contrast map
achieved a test accuracy of 72.2%. Interestingly, when adjacency matrices
from all 13 radiomic maps were combined and input into GraphSAGE and
GCN-JK, the performance declined, where GraphSAGE’s CV accuracy
dropped to75.2%±5%and its test accuracydropped to65%withanAUCof
0.61. GCN-JK showed similar trends, with aCVaccuracy of 73.3%±7.4%, a
test accuracy of 68%, and an AUC of 0.57, demonstrating limited effec-
tiveness when adjacency matrices from multiple radiomic maps were
combined. Results using the GAT and GIN schemes are provided in Sup-
plementary Table 6. GrRAiL was found to statistically outperform Graph-
SAGE for identifying high-risk from no-risk+low-risk IPMNs on the test-
set (p-value = 0.02, z-score = 2.209) (Supplementary Table 7).

Assessment of radiomic features. Performance metrics for individual
radiomic feature maps are shown in Fig. 9. Among the 13 radiomic maps,
the energymapradiomic feature achieved thehighestAUCof 0.75,while the
difference average map yielded the highest CV accuracy of 85% ± 8%, and
the entropy map achieved a test accuracy of 72.14%. When radiomic fea-
tures from all 13 maps were combined, classification performances
improved slightly. As shown in Fig. 10, the AUC increased to 0.76, the CV
accuracy to 86% ± 5%, and the test accuracy to 71%. However, GrRAiL still
outperformed radiomic feature-based classification in every metric.

Assessment of intensity graph analysis. The intensity graph analysis
achieved a cross-validation accuracy of 83% ± 3.2%, a test accuracy of 61%,
and an AUC of 0.52. These performancemetrics indicate that both GrRAiL

Fig. 5 | Classification performance metrics for GrRAiL, GraphSAGE, GCN-JK,
and radiomic methods across 13 GLCM features in the context of metastasis
brain tumors for the classification of TuR from RN. Bar plots of (a) AUC values,

b cross-validation accuracy values on the training data, and c test accuracy values
reflecting the model’s ability to generalize to unseen data. Black upward-pointing
triangles indicate the best-performing feature in each panel.
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and radiomic feature analysis significantly outperformed the intensity graph
approach. Besides, therewas a statistically significant difference between the
test accuracies of the GrRAiL approach and the intensity graph approach
(p value = 0.005, z-score = 2.78) (SupplementaryTable 7). The performance
metric values are provided in Supplementary Table 5.

Discussion
In this work, we presented a new descriptor called Graph-Radiomic
Learning (GrRAiL), which leverages a combination of radiomic and graph-
based attributes to quantify the intratumoral heterogeneity, towards dis-
tinguishing confounding pathologies frommalignant lesions onMRI scans.

GrRAiL was employed to differentiate between tumor recurrence and
treatment-induced radiation effects in glioblastoma (GB) and metastatic
brain tumors, as well as to classify Intraductal papillary mucinous neo-
plasms, the most common cystic tumors in pancreatic cancer, according to
their risk level (no+low versus high-risk). This was achieved by using
radiomic expressionmaps that capture local heterogeneitywithin the tumor
region, and then connecting these heterogeneity patterns through a graph,
followed by extracting graph-theoretic measurements that construct
GrRAiL, to classify the different pathologies addressed in this work. Our
results showed that GrRAiL outperformed the state-of-the-art approaches,
e.g., the graph-derived adjacency matrices, in classifying the different
pathologies across brain and pancreatic lesions.Notably, our results support
the hypothesis that the global graph features that GrRAiL comprises may
capture the spatial interactions of lesion ‘sub-populations’, thus allowing for
effectively representing heterogeneity within the lesion. Our findings
demonstrated superior diagnostic performance compared to previous work

in differentiating the different pathologies evaluated in this study, as
detailed below.

It is worth contextualizing GrRAiL against our group’s earlier RADI-
STAT descriptor, which also sought to capture spatial heterogeneity from
radiomic expressionmaps. RADISTAT29 quantified spatial organization by
binning voxels into three predefined heterogeneity levels and counting
pairwise adjacencies among these binned regions. GrRAiL differs from
RADISTAT in three substantive ways (i) the number of radiomic clusters is
selected per scan by BIC rather than consolidated to three clusters (ii) the
graph is weighted by the 1-D Wasserstein distance between cluster-level
radiomic value distributions rather than by binary pairwise adjacency
counts and (iii) the resulting descriptor consists of global graph-topological
features (density, modularity, small-worldness, network entropy, network
resilience, and others) that characterize the entire tumor heterogeneity
network rather than local pairwise interactions.

In distinguishing tumor recurrence versus pseudoprogression in
glioblastoma, our results showed that Assortativity (Fig. 4d; p = 0.0049)-
whichmeasures the tendency of graph nodes to connect to other nodeswith
similar attribute values34-was higher in PsP than in TuR. In other words,
clusters of voxels with similar GLCM ICM2 values in pseudo-progression
lesions tended to form more tightly interconnected neighborhoods, which
may reflect localized, treatment-related homogeneity. By contrast, the lower
assortativity in true-progression graphs suggests that cluster centroids with
differing texture characteristics aremore likely to connect, consistent with a
more heterogeneous lesion architecture. Similarly, Energy Modularity
(Fig. 4e;p=0.012)-ametric of how cleanly a network can be partitioned into
distinct modules35-was elevated in PsP and reduced in TP. Higher mod-
ularity in pseudo-progression indicates stronger subnetwork organization,

Fig. 6 | GrRAiL outperforms comparative graph- and radiomics-based
approaches and identifies graph features that significantly discriminate tumor
recurrence from radiation necrosis in metastatic brain tumors. a Bar plots with
cross validation accuracy and test accuracy for GrRAiL, GraphSAGE, GCN-JK and
Radiomics features from metastasis cohort. b Bar plots with AUC values for graph
features, GraphSAGE, GCN-JK and Radiomics features from metastasis cohort.
c SHAP summary plot for the top 10 features contributing to the GrRAiL

classification accuracy in distinguishing TuR from RN in metastasis brain tumors.
The remaining box plots are based on the statistical significance with p ≤ 0.0001 and
include (d) Entropy average path length, e Entropy diameter, f Contrast average
path length, g Contrast assortativity and h Entropy network entropy. A double
asterisk indicates p ≤ 0.0001. Each feature demonstrates significant differences
between TuR and RN, highlighting the efficacy of graph-based features in differ-
entiating true tumor progression from RN.
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whereas the lower values in true progression could imply that the infiltrative
tumor growth may disrupt clear graph communities, making module
delineation more difficult. Finally, the Homogeneity Clustering Coefficient
(Fig. 4g; p = 0.008)-which quantifies the degree of local interconnectedness
among nodes sharing similar attributes36-was greater in PsP cases. Thismay
suggest that treatment-affected regions form compact clusters of similar
voxel intensities, while the more irregular and invasive growth patterns in
TP lesions may lead to reduced local clustering.

Our results demonstrated thatGrRAiL achieved aCVaccuracy of 89%,
a test accuracy of 78%, and an AUC value of 0.85 in classifying true pro-
gression from pseudo-progression in glioblastoma studies. While Patel
et al.37 focused on radiomic features from the multiparametric MRI scans
and reported an AUC of 0.80, our approach combined graph features from
all 13 radiomic maps, which significantly enhanced performance metrics.
Specifically, combining these features increased the AUC to 0.85 in glio-
blastoma studies and an AUC of 0.86 in metastatic brain tumors. This
indicates that integrating multiple radiomic-derived graph features may
provide amore comprehensive characterization of tumor heterogeneity and
improve the distinction of TuR from PsP. Other studies employing graph-
theory approaches, such as Cao et al.31, developed a multidimensional fra-
meworkcombining clinical factors, connectomics, and radiomics features to
distinguish tumor recurrence from treatment effects, achieving promising
results with an AUC of 0.89. In their approach, the tumor network was
modeled by treating each voxel as a node and applying an empirical
threshold of 0.1 to reduce unnecessary connections in the graph. However,
this thresholdingmayhave led to the loss of information byomittingweaker
but potentially significant connections within the tumor network.

Additionally, their model was trained and evaluated using leave-one-out
cross-validationwithout testing on cross-institutional data, whichmay limit
the generalizability of their findings. Lee et al.30 explored the association of
graph-based spatial features with the overall survival status of glioblastoma
patients. They grouped the tumor region into high and low-intensity
habitats based on MRI scans and constructed graphs by connecting these
regions, focusing primarily on the center slice of the tumor for graph con-
struction. By extracting graph features such as the minimum spanning tree
(MST) and gray-level run-length matrix (GRLM), they achieved AUC
values of 0.83 for MST and 0.77 for GRLM in predicting overall survival.
While their study demonstrated the utility of graph-based features in a
prognostic application, it was limited to a two-dimensional analysis of a
single slice, which may not capture the full complexity of tumor
heterogeneity.

In distinguishing tumor recurrence versus radiation necrosis in
Metastatic Brain Tumors, our metastatic brain tumor graphs showed that
the Entropy Average Path Length (Fig. 7d, p < 0.0001) and the Entropy
Diameter (Fig. 7e, p < 0.0001) were both greater in the TP cohort than in the
RN cohort. The average path length-calculated as the mean of all shortest
path distances between cluster centroid nodes-was higher in TuR lesions,
which may indicate that, on average, more graph steps are required to
traverse between typical texture clusters. The diameter, defined as the single
longest shortest path in the graph,was also larger inTuR, suggesting that the
most distant pair of clusters in TuR lesions could be separated by a wider
network span than in RN lesions. Together, these two measures-mean
versus maximum shortest path distance-may reflect a more dispersed

Fig. 7 | Representative pancreatic IPMN cases show distinct GLCM entropy
expression maps, GMM-derived cluster maps, and GrRAiL-generated graph
structures for high-risk versus no-risk/low-risk lesions. Illustrates pancreatic
IPMN cases comparing high-risk IPMNs (top two rows) and low-risk/no-risk +
low-risk IPMNs (bottom two rows). Panels a, e show T2w MR images and
radiologist-provided ROIs for high-risk cases, while (i,m) show the corresponding
images and ROIs for low-risk cases. Panels b, f and j, n) show GLCM entropy maps
within the lesion ROI, where blue color indicate lower radiomic feature expression

and red color indicate higher radiomic feature expression. Panels c, g and k, o show
the corresponding GMM-derived cluster maps, where different colors represent
distinct radiomic subregions. Panels d, h and l, p show the corresponding GrRAiL-
generated graph visualizations. In these graphs, nodes represent GMM-derived
radiomic subregions, node colors indicate distinct subregion labels, and edges
represent EMD dissimilarity weights between adjacent subregions. The circular
graphs shown at the right are topology visualizations to highlight differences in
graph connectivity and complexity between high-risk and low-risk IPMN cases.
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arrangement of texture clusters in TP compared to the relatively compact
network topology observed in RN38.

Overall, GrRAiL demonstrated a descent performance in distin-
guishing tumor recurrence (TuR) from radiation necrosis (RN) in
metastatic brain tumor cases, achieving a cross-validation accuracy of
84%, an external test accuracy of 74%, and an AUC of 0.86. Importantly,
GrRAiL was validated using a multi-institutional dataset consisting of
332 lesions from 233 patients, underscoring its clinical relevance and
potential generalizability. By contrast, many prior studies on this clin-
ical issue have been single-institutional with limited external
validation39. For instance, Basree et al.40 reported an AUC of 0.76 using
conventional radiomic features from a single-center cohort.
Additionally41, employed support vector machine (SVM) classifiers
based on radiomic features from pre- and post-contrast T1-weighted
and T2-FLAIR subtraction images in a two-center study involving 56
glioma patients, achieving a test accuracy of 93.3%, and an AUC of 0.94.
While these results appear impressive41, study faced several limitations,
including a relatively small sample size, and the absence of external
validation cohorts. In contrast, our approach not only leveraged
advanced graph-based metrics to capture spatial heterogeneity but also
benefited from a substantially larger dataset and external validation
across multiple institutions.

In distinguishing no-risk + low-risk versus high-risk pancreatic
intraductal papillary mucinous neoplasm lesions, contrast diameter, sum
entropy number of hubs, and energy network resilience emerged as the top
performing GrRAiL features to discriminate no + low versus high risk
IPMNs (p = 0.00022, 0.0024, and 0.008, respectively). The box plot for
contrast diameter shows higher values in the high risk group and lower

values in the low risk group, which may reflect greater heterogeneity and
spatial dispersion of texture clusters in high risk lesions. Similarly, a
markedly larger sum entropy number of hubs was observed in high risk
cases, suggesting a more heterogeneous and interconnected network
structure, whereas low risk lesions tended to exhibit fewer hubs and
potentially simpler topology. In contrast, energy network resilience was
higher in the low risk class (Fig. 10e), which could indicatemore uniform or
robust connectivity patterns compared with the reduced resilience seen in
high risk lesions. Notably, contrast derived graph features consistently
ranked among the strongest discriminators across all three use cases in our
study, suggesting they may effectively capture key aspects of tumor het-
erogeneity and its spatial organization.

Our GrRAiL framework achieved robust performance, demonstrating
a cross-validation accuracy of 85%, external test accuracy of 79%, and an
AUCof 0.83.Notably, GrRAiLwas validatedusing a significantly larger and
heterogeneous multi-institutional dataset (n=609), underlining its strong
generalizability and applicability to real-world clinical scenarios. In
contrast42, utilized conventional radiomic features extracted from CT scans
of a comparatively smaller, single-institution cohort (n = 103), obtaining an
internal validation mean AUC of 0.77, improving slightly to 0.81 with the
addition of clinical variables. Although43 reported higher external validation
AUCs (0.88 and 0.87) for predicting pathological grades of IPMN lesions
using MRI radiomics, their analysis was constrained by a smaller dataset
(n = 202),manual segmentationof lesions, exclusionof peritumoral regions,
and fewer clinical parameters,whichpotentially limit scalability andbroader
generalizability. Thus, while43 reported slightly higher AUC values, GrRAiL
may offer stronger overall performance in terms of dataset size, general-
izability, external validation rigor, and the integration of advanced graph-

Fig. 8 | Classification performance metrics for GrRAiL, GraphSAGE, GCN-JK,
and radiomic methods across 13 GLCM features in the context of IPMN for the
classification of high risk from no+ low risk lesions. Bar plots of (a) AUC values,

b cross-validation accuracy values on the training data, and c test accuracy values
reflecting the model’s ability to generalize to unseen data. Black upward-pointing
triangles indicate the best-performing feature in each panel.
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based metrics, potentially enhancing its clinical reliability and practical
utility in predicting high-risk lesions.

Although GrRAiL consistently demonstrated improved diagnostic
performance across different use-cases in brain and pancreatic neo-
plasms, there remains room for further improvement. In the current
study, GrRAiL was developed using post-contrast T1wMRI for the brain
tumor cohorts and T2w MRI for the IPMN cohort. Future work will
explore the integration ofmultimodal andmultiparametric imaging data,
including T1w, T2w, FLAIR, diffusion, and perfusion imaging, which
may further improve the diagnostic performance of the trained models.
We also aim to expand the application of GrRAiL to additional cancer
types and investigate advanced graph neural network architectures to
improve the performance of models that directly use graph-generated
adjacency matrices.

Beyond these clinical and modality-level extensions, the GrRAiL fra-
mework is not limited to GLCM feature maps. Since GrRAiL relies on
clustering spatially resolved voxel-wise values and constructing weighted
graphs over the resulting sub-regions, it may be extended to voxel-wise
maps derived from other radiomic feature families, including first-order,
GLRLM, GLSZM, GLDM, and NGTDM features, as well as quantitative
imaging maps such as ADC, perfusion, T1/T2 relaxation, or PET-
derived maps.

While we employed multi-institutional studies across different
experimental validations of GrRAiL, future studies would involve the study
pool to demonstrate consistent performance across institutions and disease
domains. GrRAiL may also be less suitable for very small lesions, highly

fragmented ROIs, poor-quality scans, or highly anisotropic acquisitions,
where stable clustering and graph construction may not be supported and
the resulting graphs may contain too few nodes or edges for reliable
topology-based measurements. In particular, the IPMN cohort had thicker
native through-plane resolution than the target isotropic grid used for 3D
GLCM feature-map extraction. Although isotropic resampling enabled a
unified 3D GrRAiL workflow across cohorts, it may introduce interpolated
through-plane information in highly anisotropic abdominal MRI acquisi-
tions and could influence voxel-wise 3D GLCM maps. Future work will
therefore evaluate acquisition-specific preprocessing strategies, including
coarser isotropic resampling, anisotropic feature extraction that preserves
native slice spacing, and 2D in-plane GLCM extraction for cohorts with
thick-slice imaging.

In addition, although the graph-based representation in GrRAiL may
reduce sensitivity to certain global intensity shifts by summarizing the
spatial organization and connectivity of clustered radiomic expression
patterns, this does not fully eliminate scanner, acquisition, or preprocessing-
related effects. ComBat harmonization was considered but was not applied
in the primary analysis. Future work will evaluate ComBat and related
harmonization strategies, including longitudinal ComBat and GAM-based
ComBat, to further quantify the reproducibility of GrRAiL features across
institutions44.

In this study, we presented and evaluated the Graph-Radiomic
Learning (GrRAiL) descriptor for distinguishing benign confounding
pathologies frommalignant neoplasms on clinicalMRI scans. By leveraging
graph representations of radiomic feature maps, GrRAiL seeks to capture

Fig. 9 | GrRAiL outperforms comparative graph- and radiomics-based
approaches and identifies graph features that significantly discriminate high-
risk from no-risk/low-risk IPMN lesions. a Bar plots with cross validation accu-
racy and test accuracy for GrRAiL, GraphSAGE, GCN-JK and Radiomics features
from IPMN cohort. b Bar plots with AUC values for graph features, GraphSAGE,
GCN-JK and Radiomics features from IPMN cohort. c SHAP summary plot for the
top 10 features contributing to the GrRAiL classification accuracy in distinguishing

high risk fromNo+ low risk lesions in IPMN patients. The remaining box plots are
based on the statistical significance with p ≤ 0.001 and include (d) sum variance
diameter, e energy network resilience, f sum entropy number of hubs, g difference
variance modularity, and h contrast diameter. A double asterisk indicates
p ≤ 0.0001. Each feature demonstrates significant differences between high-risk and
no + low-risk, highlighting the efficacy of GrRAiL features.
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the intricate spatial relationships within the lesionmicroenvironment, to be
able to reliably distinguish confounding pathologies from malignant neo-
plasms. Our multi-institutional analysis across different use cases encom-
passing glioblastoma, brain metastasis, and IPMN lesions cohorts

demonstrated thatGrRAiLmay serve as a surrogate image-basedbiomarker
for distinguishing between recurrent brain tumors and radiation-induced
treatment effects, as well as malignancies with no+low versus high-risk,

Fig. 10 | Workflow illustrating the GrRAiL framework and accompanying
ablation studies. a GrRAiL Framework: (1) Radiomic feature extraction: Compute
voxel wise gray level co-occurrence matrix (GLCM) feature maps within the seg-
mented region of interest. Heatmap overlay (red = high expression, blue = low). (2)
Subregion clustering: Apply Gaussian Mixture Modeling (GMM) to each radiomic
map; select optimal cluster count via Bayesian Information Criterion (BIC). (3)
Graph construction: Extract spatially connected radiomic sub-regions from each
clustered map using 3D 26-neighborhood connectivity, represent each sub-region
as a node, define edge weights as the 1-D EMD between the radiomic-value dis-
tributions of adjacent sub-regions (4) Graph theory feature extraction: Derive
weighted graph metrics (e.g., node degree, clustering coefficient, path length) to

quantitatively characterize spatial heterogeneity. (5) Classification: Perform feature
selection on the graph theory metrics and train a classifier to distinguish con-
founding pathologies. Ablation Studies:bintensity graph approach: Apply GMM
clustering directly on the raw ROI intensities (bypassing GLCM maps), construct
graphs from those clusters, extract graph theory features as inModule 4, and classify
via Random Forest. cRadiomics approach: Quantitative values were extracted from
Module 1 GLCM feature maps were fed directly into a Random Forest classifier for
classification. d Graph neural network approach: Follow the same clustering and
graph construction pipeline (as in GrRAiL pipeline), but instead of extracting hand
crafted graph metrics, input the full graph adjacency and node attribute matrices
into a Graph Neural Network for direct classification.

https://doi.org/10.1038/s41698-026-01649-x Article

npj Precision Oncology Article in Press

www.nature.com/npjprecisiononcology


outperforming conventional radiomic and SOTA graph-neural network-
based approaches, on clinical MRI scans.

Methods
Image notation
We define a GLCM feature expression map as I = (K, f), where K denotes a
spatial grid composed of voxels k 2 R3. Each voxel k∈K is associated with
a specific value of the radiomic feature f(k). The GLCM extraction para-
meters, including gray-level discretization, number of gray levels (Ng),
window size (W), stride (s), voxel distance (δ), direction set, boundary
handling, and directional aggregation strategy, are detailed in Section IIB.
Figure 11 illustrates an overview of the GrRAiL framework. The notations
and acronyms used throughout this paper are summarized in Table 1.

GLCM feature map extraction
Voxel-wise GLCM feature maps were computed within the lesion ROI
using a custom Python implementation based on NumPy and SciPy,
following Image Biomarker Standardisation Initiative (IBSI)
definitions45. Image intensities were normalized and discretized using
fixed-bin-number discretization into Ng gray levels. For each tumor
voxel, a local 3 × 3× 3 cubic windowwas centered on the voxel andmoved
across the ROI with a stride of s = 1 voxel. Co-occurrence pairs were
computed at a voxel distance of δ = 1 across 13 non-redundant 3D
directions corresponding to the 26-neighborhood. Counts from all
directionsweremerged into a single symmetric local GLCM, normalized,

and then used for feature calculation. The resulting voxel-wise GLCM
maps were used for clustering and graph-construction. A total of 13
GLCM feature maps I1, …, I13 were derived: energy, entropy, contrast,
correlation, homogeneity, sum average, sum variance, sum entropy,
difference entropy, difference average, difference variance, information
measure of correlation 1 (ICM1), and informationmeasure of correlation
2 (ICM2)46.

Clustering of radiomic feature expression maps
The clustering of I is performed using a modified Gaussian Mixture Model
(GMM) algorithm, to derive u clusters47. The objective is to robustly
delineate spatially contiguous regions in the radiomic expressionmap based
on similar-valued voxels inR3, in an unsupervised manner. Our modified
GMM approach assumes that the voxel intensities are generated from a
finite mixture of Gaussian distributions, each symbolizing a unique cluster.
The probability that a voxel kwith intensity vector xk belongs to cluster u is
defined by the following equation:

PðujxkÞ ¼
πuN ðxkjμu;ΣuÞPM
i¼1 πiN ðxkjμi;ΣiÞ

; ð1Þ

where πu denotes the prior probability of cluster u, andN ðxkjμu;ΣuÞ is the
Gaussian probability density function with mean μu and covariance Σu for
the uth component. To determine the most suitable number of clusters for
each individual radiomic expression map, we employ the Bayesian

Fig. 11 | Representative glioblastoma cases show distinct GLCM entropy
expression maps and GrRAiL-generated graph structures for tumor recurrence
versus pseudoprogression. Illustration of glioblastoma cases from the primary
brain tumor cohort comparing tumor recurrence (TuR; top two rows) and pseudo-
progression (PsP; bottom two rows). Panels (a, d) show Gd-T1w MR images and
radiologist-provided lesion ROIs for TuR cases, while (g, j) show the corresponding
images and ROIs for PsP cases. Panels b, e and h, k show GLCM entropy maps
within the lesion ROI, where blue colors indicate lower radiomic feature expression

and red colors indicate higher radiomic feature expression. Panels c, f and i, l show
the corresponding GrRAiL-generated graph visualizations. In these graphs, nodes
represent GMM-derived radiomic subregions, node colors indicate distinct sub-
region labels, and edges represent EMD dissimilarity weights between adjacent
subregions. The circular graphs shown at the right are topology-only visualizations
that highlight differences in graph connectivity and complexity between TuR and
PsP cases.
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Information Criterion (BIC). It is worth noting that the number of clusters
(u) resulting from this step can vary as a function of the unique expression
values in each I. Based on the GMM clustering, I is quantized to obtain a
cluster map Î ¼ ðK; gÞ, where every k 2 K̂u � K , g(k) is the average
radiomic feature value within cluster K̂u.

Graph construction
Our framework quantifies the clustered regions of radiomic expression
levels in Î to capture the spatial interactions among radiomic sub-regions.
After Gaussian mixture model (GMM)-based clustering, each voxel is
assigned to a radiomic cluster label. We then identify spatially connected
radiomic sub-regions within each clustered map using standard 3D 26-
neighborhood connectivity, inwhich two voxels are considered connected if
they share a face, edge, or corner.

Using these sub-regions, we construct an undirected weighted region-
adjacency graph (RAG) G = (V, E), where V is the set of nodes, with each
node representing one connected radiomic sub-region K̂u � K , andE is the
set of edges. An edge (vi, vj) ∈ E is created only when two sub-regions are
directly adjacent in the 3D tumor volume. For each node vi, we store the
empirical distribution of normalized radiomic feature values within that
sub-region, denoted as Dvi

. The weight of each edge is defined as the 1-D
Earthmover’s distance (EMD), between the radiomic-value distributions of

the two adjacent sub-regions:

wij ¼ EMD Dvi
;Dvj

� �
: ð2Þ

The EMD cost is therefore defined in radiomic feature space rather
than in Euclidean space. Spatial information is encoded implicitly through
the RAG topology, since edges exist only between physically adjacent 3D
sub-regions. The adjacency matrix of G is denoted by A = [Aij], where

Aij ¼
1; if ðvi; vjÞ 2 E;

0; otherwise :

�
ð3Þ

Construction of GrRAiL descriptor
From the resultingG, theGrRAiL descriptor is obtained for every subject by
computing the global features Q = [Q1, …, QN] for each radiomic map
I1,…, I13, where N = 15 is the total number of graph-theory based features
extracted from the constructed graphs to quantify the structural properties
of G. All global graph features are then concatenated across the extracted
radiomic expressionmaps per subject. The corresponding features and their
description are provided in Table 2.

Table 1 | List of the notations and acronyms used in this paper

Notation Description Notation Description

I Radiomic feature expression map (K, f) Î Clustered radiomic feature expression map (K, g)

Ng Number of gray levels used for GLCM discretization W Local window size for voxel-wise GLCM computation

s Stride used to move the local GLCM window δ Voxel distance used for GLCM co-occurrence computation

K Spatial grid inR3 k Voxel in K

f(k) Radiomic feature value at voxel k g(k) Average radiomic feature value within the cluster of k

K̂u
Set of voxels in the u-th cluster u Number of clusters (via BIC)

M Total number of GMM components πu Prior probability of component u

μu Mean vector of Gaussian component u Σu Covariance matrix of component u

N ðxk jμu;ΣuÞ Gaussian PDF for xk under component u P(u∣xk) Posterior probability that voxel k belongs to u

Dvi
Distribution of radiomic feature values within sub-
region vi

wij Edge weight; 1-D EMD between distributions Dvi
and Dvj

of adjacent sub-

regions.

G = (V, E) Undirected graph of nodes and edges Aij Adjacency matrix entry (1 if edge (i, j) exists)

Q = [Q1, …, Q15] Global graph-theoretic feature vector xk Intensity-feature vector at voxel k

Ii, i = 1, …, 13 The i-th GLCM feature map (energy, entropy, …, ICM2)

Acronyms

Acronym Full Form Acronym Full Form

GLCM Gray-Level Co-occurrence Matrix GNN Graph Neural Network

GMM Gaussian Mixture Model GIN Graph Isomorphism Network

BIC Bayesian Information Criterion GAT Graph Attention Network

RAG Region Adjacency Graph GCN-JK GCN with Jumping Knowledge

EMD Earth Mover’s Distance SOTA State-Of-The-Art

HIPAA Health Ins. Portability & Accountability Act T1w T1-weighted (MRI)

IRB Institutional Review Board PsP Pseudo-progression

TuR Tumor Recurrence RN Radiation Necrosis

IPMN Intraductal Papillary Mucinous Neoplasm T2w T2-weighted (MRI sequence)

MRI Magnetic Resonance Imaging PanSegNet Pancreas Segmentation Network

ITK-SNAP Insight Segmentation and Registration Toolkit - SNAP CystX Cystic Neoplasm eXchange dataset

NYU New York University Langone Health MCF Mayo Clinic Florida

NWU Northwestern University AHN Allegheny Health Network

MCA Mayo Clinic Arizona IU Istanbul University Faculty of Medicine

EMC Erasmus Medical Center ROI Region of Interest
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Algorithm 1. Computation of GrRAiL Descriptor
Input:Radiomic feature expressionmap I= (K, f),whereK is the spatial grid
and f is the voxel-wise radiomic feature.
Output: Global graph-theory feature vector Q

Initialization :
1: Choose radiomic feature map I from I1,…, I13 for graph extraction.
Clustering Process :

2: Generate u clusters inK using GMM, where K̂u � K , u∈ {1, 2, 3, 4, 5},
and apply BIC to select optimal u.
Sub-region Identification :

3: For each cluster K̂u, extract spatially connected radiomic sub-regions
using 3D 26-neighborhood connectivity. Let {v1, v2,…, vn} denote the
resulting sub-regions.
Distribution Estimation :

4: for each sub-region vi do
5: ComputeDvi

, the empirical distribution of normalized radiomic feature
values within vi.

6: end for
Graph Construction :

7: Construct the weighted Region-Adjacency Graph (RAG) G = (V, E):
• Create an edge (vi, vj) ∈ E if sub-regions vi and vj are physically
adjacent in the 3D tumor volume.

• Assign edge weight wij ¼ EMD ðDvi
;Dvj

Þ, the 1-D Wasserstein
distance between the radiomic-value distributions of the adjacent
sub-regions.

8: Store the adjacency matrix Ai,j of G.
Graph Metrics Extraction :

9: Compute graph metrics Q1, …, Q15 (e.g., modularity, average path
length, diameter, network entropy, small-worldness).

10: Obtain graph features as a 1 × N vector Q as described.
Save Output : 11: Save the metrics to a file.

12: reture Q

Data description
Our retrospective data curation across different use-cases was granted a
waiver of informed consent by the institutional review board and was
performed in compliance with Health Insurance Portability and
Accountability Act (HIPAA) regulations and in accordance with the
Declaration of Helsinki. This multi-institutional retrospective study was
approved by the University of Wisconsin-Madison Institutional Review
Board: Glioblastoma and Metastasis cohorts (Approval No. 2023-0057)

and IPMN cohort (Approval No. 2025-1191). The requirement for
informed consent was waived for this retrospective analysis of de-
identified data. A summary of patient characteristics, imaging para-
meters, and associated patient outcome groups across the 3 cohorts, is
summarized in Table 3.
1) Glioblastoma Cohort: Our retrospective study consisted of MRI scans

of 106 patients: 46 studies from Dana-Farber Cancer Center and
60 studies from the Cleveland Clinic. University of Wisconsin-
Madison Institutional Review Board (2023-0057); informed consent
was waived for this retrospective analysis. The studies from Cleveland
Clinic (TuR: n = 38, PsP: n = 22) were used as the training set, while
those from the Dana-Farber Cancer Center (TuR: n = 33, PsP: n = 13)
served as the test set. Glioblastoma patients who underwent
chemoradiation treatment following the Stupp protocol and presented
with a suspicious enhancing lesion within three months of treatment
completion were included in the study. Each patient had a post-
treatment Gadolinium-enhanced T1w MRI (Gd-T1w MRI), along
with histological reports available for disease confirmation48. To
address known intensity discrepancies, all brain T1w MRI scans were
processed for bias field correction, skull-stripping, and intensity
normalization. The manual segmentations for enhancing lesions were
obtained on every MRI slice that displayed more than 5 mm of rim
enhancement, via consensus across two collaborating radiologists to
minimize inter-reader variability. Ground truth definition for PsP or
TuR was based on histologic confirmation via surgical resectionor
multiple biospies.

2) Metastatic Brain Tumor Cohort: We collected n = 233 patient MRI
studies of metastatic brain tumor patients: n = 109 from Cleveland
Clinic, n = 48 fromUniversity Hospitals (Cleveland), and n = 76 from
the University of Wisconsin-Madison. Of the n = 233 studies, some
metastasis patients hadmore than one tumor, and thus we evaluated a
total of 332 lesions across n = 233 studies. For the training set,
157 studies from Cleveland Clinic and the University Hospitals at
Cleveland were used, comprising 246 lesions: Cleveland Clinic (TuR:
n=74, RN:n=86) andUniversityHospitals at Cleveland (TuR:n=38,
RN: n = 48). For the test set, 76 studies from the University of
Wisconsin-Madison Hospital were used, comprising 86 lesions (TuR:
n=38,RN:n=48).The inclusion criteriawere: (1)patients treatedwith
surgery and radiation therapy, (2) suspicious lesions on follow-upMRI
before second surgical resection, (3) availability of surgically resected
histopathological sections used for confirmation of disease or

Table 2 | Graph-based features and their descriptions

Feature Description

Size Number of nodes in the graph.

Density Proportion of possible edges that are actual edges.

Diameter Maximal distance between any pair of nodes.

Average Shortest Path Length Average distance across all pairs of nodes.

Clustering Coefficient C ¼ 3× numberoftrianglesinthegraph
numberofconnectedtripletsofnodes Measures the degree of clustering among the nodes.

Modularity Strength of division of a network into modules or clusters.

Small-worldness Compares the clustering coefficient to the characteristic path length relative to a random graph.

Connected Components Number of connected subgraphs in the graph.

Assortativity Correlation between node degrees at either end of an edge.

Radius The minimum eccentricity of any node, where eccentricity is the greatest distance between a node and any other node.

Global Efficiency The average inverse shortest path length, measuring how efficiently information is exchanged over the network.

Network Entropy Measures the randomness or disorder within the network structure.

Number of Hubs Number of nodes with significantly higher degrees compared to other nodes, acting as central points in the network.

Randomness Value Quantifies the unpredictability of the network’s structure.

Network Resilience The ability of the network to maintain connectivity after the removal of nodes or edges.
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treatment effects, and (4) availability of post-contrast T1w, T2w, and
FLAIRMRI scans. Patientswere excluded if (1) therewere any artifacts
in theMRI scans, and (2) lesionswere less than5mmin the largest axis.
Patients receiving planned concurrent stereotactic radiosurgery (SRS)
or whole-brain radiotherapy (WBRT) with immune checkpoint
inhibitors (ICI) were included49.

3) IPMN Cohort: Our retrospective multicenter IPMN study included
n = 608 patients with MRI scans (with both T1w and T2w) from
seven centers. Participating centers in this study were the following:
NewYorkUniversity (NYU) LangoneHealth (n=147),MayoClinic
Florida (MCF) (n = 125), Northwestern University (NWU)
(n = 175), Allegheny Health Network (AHN) (n = 12), Mayo Clinic
Arizona (MCA) (n = 15), Istanbul University Faculty of Medicine
(IU) (n = 62), and Erasmus Medical Center (EMC) (n = 72). Fol-
lowing pathological confirmation, cases were split across three
categories: no-risk (n = 147 cases), low-risk IPMN (n = 319 cases),
and high-risk IPMN (n = 142 cases). Clinical information and MRI
specifications of the scans are summarized in Table 3. Of the 608
total patients, 509 from IU (n= 62),MCF (n= 125), NWU (n= 175),
andNYU (n= 147) were used for training, whereas the remaining 99
from AHN (n = 12), MCA (n = 15), and EMC (n = 72) served as the
test set. This training-testing procedure was performed for no-risk+
low-risk vs high-risk classification task. To segment the pancreas, we
developed a semiautomatic method in two stages. In the first round,
we implemented a state-of-the-art segmentation algorithm named
‘PanSegNet’50. For this training, five radiologists, each representing
one of the five centers, manually segmented the pancreas on axial
385 T1w and 382 T2w scans from 499 adult patients across the
centers. Before the annotation process, the radiologists established a
protocol to standardize their approach, and all used the same
software, ITK-SNAP51 for these annotations52. In the second round,
a total of 341 T1W and 364 T2-weighted (T2W) scans fromNU and
two additional centers, IU and EMC, were automatically segmented
using PanSegNet. Two abdominal radiologists then reviewed and
corrected the segmentations to establish the ground-truth segmen-
tations for the second round segmentations.

Pre-processing and radiomic feature map extraction
All imaging data and corresponding annotations were resampled to a
uniform isotropic resolution of 1 × 1 × 1mm3 in theX,Y, and Z axes before
voxel-wise 3D GLCM feature-map extraction. Image volumes were
resampled using linear interpolation, whereas segmentation annotations
were resampled using nearest-neighbor interpolation to preserve discrete
label values. This common spatial gridwasused to standardizevoxel spacing
across subjects and institutions because the downstream GrRAiL pipeline
relies on local 3D texture neighborhoods, GMM-derived cluster centroids,
inter-cluster spatial relationships, and graph-theoretic measurements. For
the IPMN cohort, the native slice thickness was larger than the target iso-
tropic spacing, ranging from 4.5–4.6 mm in the training cohort and
5.6–6.1 mm in the test cohort. Therefore, resampling was used for spatial
standardization and was not assumed to introduce new anatomical infor-
mation in the through-plane direction. For each region of interest (ROI), 13
GLCM (Gray Level Co-occurrence Matrix) features46 were derived on a
voxel-wise basis, employing a local 3 × 3 × 3 sliding window to capture
intensity co-occurrences across all spatial dimensions. These GLCM fea-
tures, frequently utilized in radiomic studies53, produced 13 distinct voxel-
wise GLCM radiomic feature maps for each ROI, labeled I1 through I13.

GrRAiL development
The algorithmwas implemented inPython to computeQ for each I1,…, I13.
The features were specifically selected to capture the 15 global attributes of
the graph, per radiomic expression map, with the number and type of
features kept consistent across all experiments. The extracted graph-
theoretic measurements (15 × 13 = 195) are concatenated to form the
GrRAiL descriptor, then evaluated for different diagnostic tasks using
machine learning classifiers. Finally, to assess the impact of gray-level dis-
cretization on feature extraction and model performance, we performed a
parameter sensitivity analysis by varying the number of discrete intensity
levels, Ng ∈ {4, 16, 64}, used to bin the continuous voxel intensities..

To identify the optimal number of clusters to spatially segment
radiomic expression maps using a GMM, we used the BIC in different

Table 3 | Summary of patient characteristics, imaging parameters, and outcome groups in discovery and validation cohorts

Metastatic brain tumor Glioblastoma IPMN

Train (n=157) Test (n=76) Train (n=60) Test (n=46) Train (n=509) Test (n=99)

Patient Characteristics

Sex, men:women:n/a 29:38:90 42:34 39:21 30:16 232:277 48:51

Age, mean (range), years 56.85 (44–67) 64.5 (55–74) 60.6 (26–74) 55.6 (25–76) 65 (52–78) 60 (46–74)

Imaging Parameters

MRI Protocol Gd-T1w Gd-T1w Gd-T1w Gd-T1w T2w T2w

In-plane resolution (mm) 1.00 1.00 1.00 1.00 1.00 1.00

Slice thickness (mm) 0.8–10 1–2.40 1.00 1.00 4.5–4.6 5.6–6.1

Repetition time (msec) 7.6–2200 7.7–2100 263–764 263–850 NA NA

Echo time (msec) 2.45–23 2.84–6 5–20 5–20 — —

3T 54 33 0 0 NA NA

1.5T 95 43 60 46 NA NA

1T 8 0 0 0 NA NA

Lesion Pathology

Tumor Recurrence 112 38 37 33 – –

Treatment Effects 134 48 23 13 – –

No risk + Low risk – – – – 394 72

High risk – – – – 115 27

* In metastatic brain tumor studies, a single patient can have more than one lesion. Lesion-pathology counts are per scan. See data description for details.
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cluster combinations, ranging from 1 to 12. Empirical analysis consistently
identified that u = 5 clusters yielded the highest predictive performance
across different use-cases, while maintaining reduced computational load
and time requirements.

Experimental setup
For all analyses, the classification models were trained and optimized using
fivefold cross-validation on the training cohort, and their performance was
subsequently evaluated on a hold-out test cohort. Specifically, we performed
feature selection followedby random forest (RF) classification to distinguish
the different pathologies and obtain performancemetrics. Recursive feature
elimination54 was applied to the GrRAiL descriptor to obtain uncorrelated
features. These features were then employed in an RF classifier on the
training set to distinguish the different pathologies. The top features
resulting from the training model were then used on the test set for the
classification task. Performance metrics, including the area under the
receiver operating characteristic curve (AUC), cross-validation (CV)
accuracy, and test accuracy, were used to assess the diagnostic performance
of GrRAiL. To evaluate the contributions of different features that comprise
GrRAiL, we performed SHapley Additive exPlanations (SHAP) analysis55

on the graph features to identify the top10descriptors that contributedmost
significantly to the model’s performance. We conducted statistical analysis
using theMann-WhitneyU test on the SHAP-identified features to provide
insights into the discriminatory ability of different features within the
GrRAiL descriptor, across different use-cases. Additionally, statistical dif-
ferences inmodelperformancemetrics (test accuracy) betweenGrRAiL and
comparativemethods were evaluated using a two-tailed z-test, to determine
statistical significance of observed performance differences.

Ablation studies
Graph neural networks for adjacency matrices analysis. A weighted
region adjacency graph (RAG) was created from K clusters for each
radiomic featuremap,with edgeweights computed using the EMD. From
the constructed graph G = (V, E), the adjacency matrix A = [Aij] was
computed, resulting in a total of 13 adjacency matrices (A1, …, A13)
derived from I1, …, I13, respectively. The resulting adjacency matrices
were evaluated using Graph Neural Network algorithms.

We conducted multiple experiments to identify the optimal approach
for processing the generated adjacency matrices from the constructed
graphs using several state-of-the-art (SOTA) Graph Neural Network
(GNN) algorithms. Specifically, we selected four GNNs for graph-level
classification: GraphSAGE56, Graph IsomorphismNetwork (GIN)57, Graph
Attention Network (GAT)58, and Graph Convolutional Network with
Jumping Knowledge (GCN-JK)59. To ensure a fair comparison, we main-
tained consistent training hyperparameters and loss functions across all
models. GraphSAGE (Graph Sample and Aggregation) generates node
embeddings by sampling and aggregating features from a node’s local
neighborhood, enabling generalization to unseen nodes and dynamic
graphs. In our study, we used initial node features derived from several
graph properties, such as node degrees, closeness centrality, clustering
coefficients, and average neighbor degree. The GraphSAGE model then
used these embeddings for classification. The GIN, known for its strong
discriminative power, closely mimics the Weisfeiler-Lehman graph iso-
morphism test. The GAT employs attention mechanisms to assign varying
importance to neighboring nodes, enabling it to focus on the most relevant
parts of the graph. GCN-JK incorporates a Jumping Knowledge mechan-
ism, which aggregates information from various layers of the network. For
GraphSAGE and GCN-JK, the 13 adjacency matrices were aggregated and
directly input into theneural networkmodels to derive performancemetrics
that were similarly computed for GrRAiL classification.

GLCM radiomics analysis. To assess GrRAiL’s performance, a com-
parative assessment that employs GLCM-based features in a voxel-wise
manner was conducted. Similar to the GrRAiL approach, recursive fea-
ture elimination was applied to the voxel-wise radiomic descriptors

extracted from individual radiomic feature maps (I1, …, I13) to obtain
uncorrelated features. Then, for each of the 13 voxel-wiseGLCMfeatures,
we calculated five statistical descriptors: mean, median, standard devia-
tion, kurtosis, and skewness60,61. These descriptors capture the distribu-
tion of radiomic features across the ROI, resulting in a total of 65 voxel-
wise descriptors. These features were then employed in anRF classifier on
the training set to distinguish the different pathologies. The top features
resulting from the training model were then used on the test set for the
classification task.

Intensity graph analysis. For this experiment, we performed clustering
directly on the tumor region using a GMM rather than generating
radiomic expressionmapsfirst, then performing clustering. BICwas used
to determine the optimal number of clusters, ranging between 1 and 5.
Nodes in the graph represent the centroids of each cluster, while edges
were computed using the EMD, resulting in a graph that encapsulates
diverse patterns of heterogeneity from the intensity clusters62. From the
constructed weighted graph, we extracted 15 graph theory-based features
to evaluate the graph architecture and quantify lesion complexity.

Data availability
The MRI datasets for the three study cohorts—glioblastoma, metastatic
brain tumors, and intraductal papillary mucinousneoplasms (IPMN)—
were acquired under institutional approvals at multiple participating sites.
Because of institutional and patient-privacy protections, raw imaging and
associated clinical data cannot be publicly released. Upon reasonable
request, a data sharing agreement can be initiated between the interested
parties and the clinical institution following institution-specific guidelines.

Code availability
The GrRAiL implementation will be made publicly available upon pub-
lication to support reproducibility and facilitate application of the proposed
descriptor to independent datasets. The public repository will include the
core code for voxel-wise radiomic feature map processing, graph con-
struction andGrRAiLdescriptor extraction.Until publication, the codemay
bemade available to qualified researchers upon reasonable request from the
corresponding author.
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