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Abstract
Glioblastoma (GBM) is an adult-type diffuse glioma, isocitrate dehydrogenase (IDH)-wildtype, central
nervous system (CNS) World Health Organization (WHO) grade 4, characterized by pronounced spatial,
vascular, and molecular heterogeneity. Radiogenomics aims to associate quantitative magnetic
resonance imaging (MRI) phenotypes with molecular tumor characteristics, yet conventional radiomic
pipelines usually encode MRI-derived information as high-dimensional numerical feature matrices with
limited semantic interpretability. We propose a neuro-semantic radiogenomic language framework that
translates multiparametric MRI (mpMRI) radiomics into controlled, evidence-linked patient-level token
sequences. Using the University of Pennsylvania Glioblastoma (UPenn-GBM) dataset, radiomic features
from 11 MRI sequences or derived imaging measures and three tumor subregions were translated into
semantic phenotype domains covering vascular, diffusion, enhancement, infiltration-associated,
morphological, textural, and intensity-related tumor characteristics. The framework generated 652
radiogenomic sequence records, of which 611 were linked to clinical metadata and 278 had definitive
binary O6-methylguanine-DNA methyltransferase (MGMT) promoter methylation labels. In repeated
stratified nested cross-validation, hierarchical semantic modeling achieved a ROC AUC of 0.80 (95% CI,
0.75–0.85), while hybrid radiomic-semantic modeling reached 0.83 (95% CI, 0.78–0.88). The main
contribution of this work is a structured representation layer that makes radiomic evidence interpretable,
modelable, and auditable, connecting quantitative imaging phenotypes with molecular prediction and
verifiable biomedical reasoning.

Introduction
GBM is an IDH-wildtype, CNS WHO grade 4 adult-type diffuse glioma marked by pronounced intratumoral
heterogeneity [1, 2]. This spatial heterogeneity limits what can be inferred from a single tissue sample
and makes non-invasive phenotypic assessment clinically important. MRI captures part of this
heterogeneity through regional differences in signal, enhancement, diffusion, and perfusion, which reflect
how tumor biology is expressed across the brain. In this context, MRI is not only a diagnostic image, but
a spatial phenotype of the tumor and a potential source of radiogenomic information. The molecular
characterization of GBM has become central to diagnosis, prognosis, and therapeutic stratification.
Among clinically relevant molecular markers, MGMT promoter methylation is particularly important
because it is associated with response to alkylating chemotherapy and improved outcome in patients
treated with temozolomide [3, 4]. IDH status is also essential for modern glioma classification and
prognostic interpretation [1, 2]. However, molecular information is typically obtained from tissue-based
testing, which samples only part of a spatially heterogeneous tumor. This motivates a central
radiogenomic question: can MRI-derived tumor phenotypes provide complementary, non-invasive
information about molecular tumor characteristics?

Radiomics addresses this question by converting medical images into quantitative descriptors of
intensity distribution, morphology, texture, and spatial heterogeneity [5–7]. Radiogenomics extends this
approach by investigating associations between such imaging phenotypes and molecular or genomic
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tumor features [8–10]. In GBM, radiogenomic studies have attempted to predict MGMT status, IDH
status, survival, and molecular subtype from mpMRI [11–15]. Yet the dominant computational
representation remains the high-dimensional radiomic feature matrix. Although this matrix preserves
quantitative detail, it does not naturally express the semantic structure through which clinicians reason
about disease. A radiologist may interpret a case in terms of enhancement heterogeneity, edema or
infiltration, necrotic burden, irregular morphology, or perfusion heterogeneity, whereas a machine-
learning model typically operates on feature names such as entropy, contrast, energy, skewness,
kurtosis, gray-level non-uniformity, elongation, or sphericity. The information may be present, but its
meaning remains implicit.

This mismatch defines the representation problem addressed in the present study. Conventional
radiogenomic models are usually evaluated as classifiers, but their deeper limitation is that they lack an
intermediate semantic layer between quantitative radiomic evidence and biomedical reasoning. This
limitation becomes increasingly important in explainable artificial intelligence and biomedical language
modeling, where a useful system should not only output a molecular prediction but also expose the
imaging evidence that supports it. A predicted MGMT methylation probability is difficult to interpret
without phenotype-level evidence. By contrast, a structured representation that links imaging evidence to
semantic tumor descriptors can support prediction, patient comparison, phenotype discovery, and
evidence-grounded explanation.

We propose a neuro-semantic radiogenomic language framework as such an intermediate
representation layer. The central idea is to translate radiomic measurements into controlled, evidence-
linked phenotype statements rather than treating them only as numerical predictors. Each neuro-
semantic token encodes four components: imaging modality or derived map, tumor subregion, cohort-
relative semantic level, and phenotype domain. For example, the token
DSC_APRCBV_ED_MODERATE_PERFUSION_HETEROGENEITY represents moderate perfusion
heterogeneity in the edema or infiltrative region on the DSC apparent relative cerebral blood volume map.
A patient is then represented as a radiogenomic sentence composed of such tokens. This sentence is
not free-text reporting and does not rely on an unconstrained LLM; it is a controlled biomedical language
generated from quantitative radiomic evidence.

Using UPenn-GBM, we construct this representation across 11 imaging modalities or derived maps and
three tumor subregions, producing a structured multi-view language of GBM phenotype. The study
follows a multi-step representation design: radiomic data are organized by modality and tumor-region
context; feature families are mapped to semantic domains; domains are refined according to modality-
specific biological interpretation; feature-level evidence is aggregated into patient-level tokens; and the
resulting sentences are evaluated for MGMT prediction and LLM-based explanation. We therefore use
UPenn-GBM to test whether radiogenomic evidence can be reformulated as interpretable language and
used as a substrate for molecular prediction and verifiable biomedical reasoning.

Methods
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To provide an overview of the study design and analytical workflow, Fig. 1 illustrates the proposed neuro-
semantic radiogenomic framework. Preoperative multiparametric MRI radiomics from UPenn-GBM are
organized by modality and tumor subregion, translated into controlled semantic tokens, and assembled
into patient-level radiogenomic sentences. These representations are then used for MGMT promoter
methylation prediction and evidence-grounded biomedical LLM explanation.

Study design and cohort

This study was designed as a computational representation study based on previously collected UPenn-
GBM data, a publicly available glioblastoma resource distributed through The Cancer Imaging Archive
(TCIA) [16, 17]. UPenn-GBM provides preoperative multiparametric MRI, expert tumor segmentations,
clinical annotations, molecular markers, and precomputed radiomic features derived from standardized
image-processing pipelines. The imaging data include four structural MRI sequences—T1-weighted (T1),
contrast-enhanced T1-weighted (T1CE), T2-weighted (T2), and fluid-attenuated inversion recovery
(FLAIR) imaging—as well as diffusion tensor imaging (DTI) and dynamic susceptibility contrast (DSC)
MRI available for most cases, enabling radiomic characterization of untreated tumors before surgical
intervention.

From these MRI acquisitions and derived parametric maps, the local radiomic inventory comprised 33
modality-region files, corresponding to 11 imaging sources or derived maps and three tumor subregions.
These included structural MRI sequences, FLAIR, DSC-derived perfusion maps, and DTI-derived diffusion
maps. The tumor regions were edema or infiltrative region (ED), enhancing tumor (ET), and necrotic core
(NC) [18]. This 11 × 3 structure was treated as the biological substrate of the representation: each
modality-region pair was interpreted as a partial view of GBM phenotype rather than as an
interchangeable block of numerical features.

After radiogenomic sentence construction, 611 records were linked to clinical metadata. MGMT
promoter methylation was selected as the initial molecular target because it provided the largest
clinically meaningful binary subset. Cases labeled as methylated or unmethylated were retained, yielding
278 definitive MGMT-labeled records, while indeterminate and unavailable labels were excluded. IDH1
status was analyzed descriptively but was not used as the primary modeling target because the mutated
class was highly underrepresented.

Neuro-semantic radiogenomic language construction

The central methodological innovation is the transformation of radiomic feature matrices into controlled
patient-level radiogenomic sentences. Raw Cancer Imaging Phenomics Toolkit (CaPTk) feature names
were first normalized to remove modality-region prefixes and harmonize feature identifiers [19]. This
enabled the same underlying radiomic descriptor to be recognized across different imaging sources and
tumor regions.
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A neuro-semantic ontology was then constructed from 86 CaPTk radiomic features. These features were
initially mapped into three base semantic domains: texture complexity, intensity distribution, and
morphology. The domains were subsequently refined according to modality context. Texture features in
DSC-derived maps were interpreted as perfusion heterogeneity, texture features in DTI-derived maps as
diffusion heterogeneity, texture features in contrast-enhanced T1CE as enhancement heterogeneity, and
texture features in FLAIR as infiltration-associated heterogeneity. In this way, the ontology did not merely
group features mathematically; it translated them into modality-aware phenotype concepts.

Patient-specific radiomic values were converted into cohort-relative percentile levels. Values in the lower
quartile were labeled LOW, values between the 25th and 75th percentiles were labeled MODERATE, and
values in the upper quartile were labeled HIGH. This three-level scheme was chosen to separate low and
high cohort-relative expression while keeping the intermediate range broad enough to reduce sensitivity
to small numerical fluctuations. The thresholds were defined independently of MGMT labels and were
used only to encode relative radiomic evidence, not to impose biological cut-offs. Because these levels
are cohort-relative, they should be recalibrated or replaced by reference-distribution thresholds when the
framework is transferred to an external cohort. The final token grammar was:

MODALITY_REGION_LEVEL_SEMANTIC_DOMAIN
For example, an output token such as DSC_APRCBV_ED_MODERATE_PERFUSION_HETEROGENEITY
describes a moderate level of perfusion heterogeneity in the ED tumor region, using evidence from a
DSC-derived perfusion map. Patient-level tokens were concatenated into radiogenomic sentences
bounded by PATIENT_START and PATIENT_END markers. A complete patient profile could contain up to
99 tokens, corresponding to 11 imaging sources, three tumor regions, and three semantic domains.

With this step, we define the central representation layer of the study: radiomic features are no longer
treated only as numerical predictors, but as evidence for controlled phenotype statements that preserve
modality, region, semantic meaning, and cohort-relative semantic level.

MGMT modeling and representation evaluation

The generated radiogenomic sentences were evaluated at three levels. First, representation feasibility
was assessed by measuring the number of generated sequences, token count distribution, clinical
linkage rate, and molecular label availability. The pipeline generated 652 radiogenomic sequences, of
which 611 were linked to clinical metadata. MGMT promoter methylation was used as the primary
molecular endpoint because it provided the largest definitive binary subset, consisting of 278 cases: 117
methylated and 161 unmethylated.

Second, the first-generation coarse semantic representation was evaluated as an input for MGMT
prediction. Given the modest MGMT-labeled cohort size (n = 278), model development and internal
validation were performed using repeated stratified nested five-fold cross-validation. The inner folds
were used for model and hyperparameter selection, while the outer folds were used for performance
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estimation. The procedure was repeated 10 times to assess the stability of model performance. All data-
dependent preprocessing steps, including percentile thresholds, vectorization, and scaling where
applicable, were fitted within the corresponding training folds and applied unchanged to the outer
validation folds. A raw radiomics baseline using XGBoost was evaluated under the same repeated
nested cross-validation framework for direct comparison with the semantic representations.

Third, an extended modeling stage was performed to test whether the limitations of the coarse semantic
representation could be addressed by more expressive tokenization and nonlinear classifiers. Because
radiogenomic tokens represent structured phenotype states rather than ordinary natural-language terms,
binary count vectorization was evaluated in addition to TF-IDF. Binary token representations were
combined with support vector machine (SVM), random forest (RF), and XGBoost classifiers [20–22].
Model configurations and hyperparameters were selected within the inner cross-validation folds, while
performance was estimated exclusively from the corresponding outer validation folds. XGBoost was
included because it can model nonlinear interactions between imaging modality, tumor subregion,
semantic domain, cohort-relative level, and feature-specific descriptors.

A hierarchical semantic representation was then constructed to preserve feature-specific radiomic
evidence within broader phenotype domains. Instead of representing only general concepts such as
perfusion heterogeneity or enhancement heterogeneity, the hierarchical tokenizer retained more granular
descriptors such as perfusion entropy, enhancement uniformity, FLAIR variance, and structural
sphericity. This representation was designed to test whether MGMT-related signal is better preserved
when semantic interpretability is combined with feature-specific radiomic detail.

Finally, a hybrid radiomic-semantic representation was evaluated by combining hierarchical semantic
tokens with aggregated quantitative radiomic evidence derived from the same token evidence table.
These quantitative descriptors included group-level percentile summaries and feature-level evidence
retained by the hierarchical tokenizer, rather than independently selected post hoc predictors. The hybrid
model tested whether semantic abstraction and residual numerical radiomic signal are complementary.
Model performance was assessed using ROC AUC, accuracy, F1-score, precision, recall, and confusion
matrices. ROC AUC was treated as the primary discrimination metric. Accuracy and F1-score were used
to summarize classification behavior, while confusion matrices were inspected to identify class-specific
errors and systematic bias toward methylated or unmethylated predictions. Uncertainty was quantified
using 2,000 patient-level bootstrap resamples of the out-of-fold predictions to obtain 95% confidence
intervals. For each patient, out-of-fold predicted probabilities were averaged across the repeated outer-
fold evaluations before patient-level bootstrap resampling. Pairwise differences in ROC AUC between
models were assessed using paired bootstrap resampling.

Evidence-grounded biomedical LLM reasoning

The neuro-semantic representation was designed not only as an input for predictive models, but also as
a structured substrate for evidence-grounded biomedical LLM reasoning. In this study, the LLM
component was evaluated as an explanation layer rather than as an autonomous diagnostic predictor
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[23, 24]. The LLMs did not receive raw radiomic tables and were not asked to infer MGMT promoter
methylation directly. Instead, each model received three constrained inputs: the patient-level
radiogenomic sentence, the MGMT model output, and the token evidence table.

The LLM explanation-fidelity evaluation was performed on the fixed 56-case MGMT subset described
above, comprising 32 unmethylated and 24 methylated cases. The subset was selected by stratified
random sampling from the 278 MGMT-labeled cases, preserving the class distribution, using a fixed
random seed. These cases were not used as an independent predictive test set in the final modeling
framework. Predictive MGMT performance was evaluated separately using repeated stratified nested
cross-validation across the full 278-case cohort. Three models were evaluated: BioMistral-7B
(BioMistral/BioMistral-7B), Meditron-70B (epfl-llm/meditron-70b), and Mistral-7B-Instruct-v0.3
(mistralai/Mistral-7B-Instruct-v0.3) as a general-domain instruction-tuned comparator. No model was
trained or fine-tuned on the study data or selected using the explanation-evaluation cases. Each model
generated one explanation per patient case, yielding 168 explanations in total.

For reproducible low-variance generation, a common inference configuration was used across models:
temperature = 0.2, top-p = 0.9, maximum output length = 256 new tokens, and random seed = 42, where
supported by the inference framework. The same constrained prompt template was used for all three
models. Each model received the patient-level radiogenomic sentence, the MGMT model output, and the
corresponding token evidence table, and was instructed to generate a concise explanation based only on
the supplied evidence and to avoid treating model-estimated MGMT risk as confirmed molecular status.
Because the three explanations were paired within the same patient cases, the LLM results were
interpreted descriptively as an evidence-fidelity audit rather than as an independent clinical validation
study.rt.

Each explanation was decomposed into atomic claims. A claim was defined as a single verifiable
statement about a phenotype pattern, imaging modality, tumor region, semantic level, model output, or
relationship between token evidence and predicted risk. Claims were then checked against the patient-
specific token evidence table [27]. A claim was considered supported if a corresponding token or
evidence row existed. It was considered unsupported if no matching evidence was present. It was
considered contradictory if it conflicted with the token level, modality, tumor region, or semantic domain.
Claims that were too general to verify were marked as non-evaluable and excluded from support-rate
calculation but retained for qualitative error analysis.

The LLM evaluation protocol included claim support rate, unsupported claim rate, contradiction rate,
evidence coverage, token citation accuracy, explanation compactness, and expert usefulness. Claim
support rate measured the proportion of verifiable claims supported by patient-specific evidence.
Unsupported claim rate measured hallucinated or unverifiable statements. Contradiction rate captured
statements inconsistent with the token evidence. Evidence coverage measured how much of the
relevant phenotype evidence was incorporated into the explanation. Token citation accuracy measured
whether cited tokens actually supported the generated claim. Explanation compactness assessed
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redundancy and information density. Expert usefulness was rated on a five-point Likert scale by domain-
aware reviewers, considering interpretability, biomedical plausibility, and appropriate caution.
Disagreements in claim-level assessment were resolved by consensus review.

LLM error analysis was performed by grouping unsupported or contradictory claims into five categories:
phenotype invention, semantic-level mismatch, modality-region mismatch, unsupported causal
interpretation, and molecular overstatement. Phenotype invention referred to claims about imaging
patterns absent from the token table. Semantic-level mismatch occurred when the model described a
phenotype as high despite low or moderate token evidence. Modality-region mismatch occurred when a
token from one region or modality was incorrectly generalized to another. Unsupported causal
interpretation referred to claims implying that a radiomic pattern caused MGMT methylation. Molecular
overstatement referred to explanations that treated the predicted MGMT output as confirmed molecular
truth rather than model-estimated risk.

Results
Neuro-semantic language construction and multi-view structure preservation

The first outcome of the study was the successful construction of a patient-level neuro-semantic
radiogenomic language from the UPenn-GBM radiomic inventory. The representation was generated
from 33 modality-region files, corresponding to 11 imaging modalities or derived maps and three
biologically meaningful tumor subregions: ED, ET, and NC. This structure was preserved throughout the
pipeline rather than collapsed into a single feature matrix, allowing each semantic token to retain
information about imaging source, tumor compartment, phenotype domain, and cohort-relative level.

The pipeline initially generated 652 radiogenomic sequence records from the local radiomic files, of
which 611 were successfully linked to clinical metadata. Token count statistics showed high
representation completeness. The median token count was 99, corresponding to the expected maximum
for a complete patient profile across 11 imaging sources, three tumor subregions and three semantic
domains. The mean token count was 87.75, with a standard deviation of 21.55, and the minimum token
count was 33, reflecting incomplete modality-region availability in a subset of cases. These results
demonstrate that the proposed language can be generated systematically across a multiparametric
glioblastoma cohort. The main representation-construction and coverage statistics are summarized in
Table 1.
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Table 1
Construction scope and patient-level coverage of

the neuro-semantic representation.
Component Value

Imaging modalities or derived maps 11

Tumor subregions 3

Modality-region radiomic files 33

Radiomic features mapped to ontology 86

Base semantic domains 3

Generated radiogenomic sequences 652

Clinically linked records 611

Mean token count 87.75

Median token count 99

Maximum token count 99

These findings support the central methodological premise of the study: MRI-derived radiomic evidence
can be translated into a controlled biomedical language while preserving the multi-view organization of
glioblastoma imaging.

Molecular label availability and modeling cohort

Clinical linkage produced a molecularly annotated subset suitable for initial radiogenomic modeling.
MGMT promoter methylation was selected as the primary molecular target because it provided the
largest clinically meaningful binary subset. Across the generated radiogenomic records, 117 were
labeled as methylated and 161 as unmethylated, yielding 278 definitive binary MGMT-labeled cases.
Records labeled as indeterminate or not available were excluded from binary modeling.

IDH1 annotation was retained for descriptive analysis but was not selected as the initial modeling
endpoint because the mutated group was highly underrepresented. The IDH1 annotation distribution
comprised 531 wildtype, 105 NOS/NEC, and 16 mutated records. This confirmed that MGMT promoter
methylation was the most appropriate molecular target for the first modeling stage. The molecular label
distribution across the generated radiogenomic records is summarized in Table 2.
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Table 2
MGMT and IDH1 annotation distribution across the

generated radiogenomic records.
Molecular label Category Number of records

MGMT Methylated 117

MGMT Unmethylated 161

MGMT Indeterminate 31

MGMT Not available 343

IDH1 Wildtype 531

IDH1 NOS/NEC 105

IDH1 Mutated 16

The final MGMT subset was therefore modest in size but sufficiently balanced to support an internal
proof-of-concept evaluation of the proposed semantic representation.

MGMT modeling and interpretability–information trade-off

The first predictive experiment evaluated whether patient-level radiogenomic sentences preserved
molecularly relevant signal for MGMT promoter methylation prediction. The definitive MGMT modeling
subset contained 278 cases, including 161 unmethylated and 117 methylated cases. Model
performance was evaluated using repeated stratified nested five-fold cross-validation, allowing all
patients to contribute to internal validation while maintaining separation between model optimization
and performance estimation.

The initial coarse semantic representation was evaluated using TF-IDF vectorization and class-weighted
logistic regression as a diagnostic baseline. This baseline showed limited discrimination and a marked
class imbalance, indicating that coarse semantic abstraction combined with a linear TF-IDF model was
insufficient for reliable MGMT discrimination. These findings motivated the subsequent evaluation of
binary token encoding, nonlinear classifiers, and hierarchical semantic representations. Under repeated
stratified nested five-fold cross-validation, the TF-IDF logistic-regression baseline achieved a ROC AUC of
0.55 (95% CI, 0.48–0.62), confirming limited discrimination.

An extreme-aware aggregation variant was also evaluated to test whether emphasizing stronger high- or
low-level feature evidence improved molecular discrimination. In the initial analysis, this approach did
not improve performance relative to the standard coarse semantic representation, suggesting that
emphasizing extreme semantic evidence alone was insufficient for MGMT prediction. Under repeated
stratified nested five-fold cross-validation, the extreme-aware representation achieved a ROC AUC of
0.60 (95% CI, 0.53–0.67), remaining inferior to the standard coarse semantic representation.
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These initial findings identified a clear interpretability–information trade-off. The coarse neuro-semantic
language produced readable and traceable phenotype statements, but its broad abstraction suppressed
feature-specific information relevant to MGMT promoter methylation. Therefore, a second modeling
stage was performed using binary token representations, nonlinear classifiers, and hierarchical semantic
tokens.

In the extended evaluation, binary count vectorization outperformed TF-IDF, suggesting that the presence
or absence of phenotype tokens was more informative than term-frequency weighting. Among the
evaluated classifiers, XGBoost achieved the strongest performance, followed by SVM and RF. Under
repeated stratified nested five-fold cross-validation, the best coarse semantic model, using binary token
representation with XGBoost, achieved a ROC AUC of 0.76 (95% CI, 0.70–0.81). This improvement over
the initial TF-IDF baseline indicated that nonlinear modeling and binary token encoding better preserved
MGMT-related information.

The hierarchical semantic representation further improved MGMT discrimination by retaining feature-
specific radiomic meaning within broader phenotype domains. Under repeated stratified nested five-fold
cross-validation, it achieved a ROC AUC of 0.80 (95% CI, 0.75–0.85), indicating improved discrimination
relative to the coarse semantic representation.

The error analysis suggested that the main limitation of the initial representation was not simply
classifier choice, but insufficient representation granularity. Misclassified cases in the coarse semantic
representation often involved broad heterogeneity tokens or moderate phenotype levels across multiple
domains, indicating that potentially relevant molecular signal may depend on subtle combinations of
modality, region, and radiomic descriptor. Hierarchical tokenization was designed to address this
limitation by preserving more detailed feature-level evidence within the semantic language.

Hybrid radiomic-semantic modeling and predictive performance

To determine whether semantic tokens complement rather than replace quantitative radiomics, a hybrid
radiomic-semantic representation was evaluated. This representation combined hierarchical semantic
tokens with selected aggregated quantitative radiomic evidence derived from the token evidence table.
The aim was to preserve the interpretability of the neuro-semantic language while retaining numerical
variation that may be partially lost during percentile discretization and semantic aggregation.

Under repeated stratified nested five-fold cross-validation, the raw radiomics baseline achieved a ROC
AUC of 0.68 (95% CI, 0.61–0.74), whereas the coarse semantic representation reached 0.76 (95% CI,
0.70–0.81). The hierarchical semantic model further improved discrimination, achieving an ROC AUC of
0.80 (95% CI, 0.75–0.85), and the hybrid radiomic-semantic model achieved the strongest performance
with an ROC AUC of 0.83 (95% CI, 0.78–0.88). The hybrid model additionally achieved an accuracy of
0.78 (95% CI, 0.73–0.83), F1-score of 0.76 (95% CI, 0.70–0.81), precision of 0.77 (95% CI, 0.70–0.83),
and recall of 0.75 (95% CI, 0.68–0.82). Paired bootstrap comparison showed an AUC improvement of
0.15 (95% CI, 0.08–0.22) for the hybrid model versus raw radiomics and 0.07 (95% CI, 0.02–0.12) versus
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the coarse semantic representation. The improvement over hierarchical semantic modeling was smaller
(ΔAUC = 0.03, 95% CI, − 0.01–0.07), indicating a modest incremental benefit from reintroducing
quantitative radiomic evidence. The main performance trajectory across the representation stages is
summarized in Fig. 2.

The out-of-fold predictions supported the improved discrimination of the hierarchical and hybrid
representations. The paired bootstrap comparison supported a consistent descriptive improvement of
the hybrid model over the raw radiomics baseline, although the magnitude of pairwise differences should
be interpreted cautiously given the modest overall cohort size. The improvement over hierarchical
semantic tokens alone was smaller, indicating that most of the performance gain came from semantic
feature-aware representation, with additional benefit from reintroducing quantitative evidence.

These results clarify the role of the proposed representation. Neuro-semantic language should not be
understood as a complete replacement for quantitative radiomics. Rather, it functions as an interpretable
organizing layer that transforms radiomic evidence into phenotype concepts. Hybrid modeling then
combines this semantic structure with residual quantitative detail, producing the strongest predictive
performance while preserving traceability to modality, tumor region, semantic domain, and feature-level
evidence.

The improvement from coarse semantic language to hierarchical language and then to hybrid
representation indicates that the main determinant of performance is not classifier complexity alone, but
representation expressiveness. Coarse tokens are readable and clinically interpretable, but they
compress feature-specific information. Hierarchical tokens restore part of this information by preserving
radiomic descriptors within semantic domains. The hybrid model adds quantitative evidence back into
the representation, suggesting that the most effective radiogenomic model is not purely numerical or
purely semantic, but structurally integrated.

Evidence-grounded biomedical LLM reasoning and explanation fidelity

The LLM component was evaluated as an explanation layer rather than as an autonomous diagnostic
predictor. The LLMs did not receive raw radiomic tables and were not asked to infer MGMT status
directly. Instead, each model received three constrained inputs: the patient-level radiogenomic sentence,
the MGMT model output, and the token evidence table. The task was to generate a concise patient-level
explanation using only available radiogenomic evidence.

The LLM evaluation was performed on the 56 held-out MGMT test cases. Three models were evaluated:
BioMistral, Meditron, and a general instruction-tuned LLM used as a non-biomedical comparator. Each
model generated one explanation per case, producing 168 explanations in total. Explanations were
decomposed into atomic claims and checked against the patient-specific token evidence table.
BioMistral generated 312 verifiable or partially verifiable claims, Meditron generated 327, and the general
instruction-tuned LLM generated 356. The larger number of claims produced by the general model
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reflected a tendency toward more verbose explanations, which also increased the number of
unsupported statements.

BioMistral achieved the strongest evidence fidelity, with a claim support rate of 0.94, unsupported claim
rate of 0.03, contradiction rate of 0.01, evidence coverage of 0.84, token citation accuracy of 0.92, and
expert usefulness score of 4.5/5. Meditron showed similar grounding, with a claim support rate of 0.91,
unsupported claim rate of 0.05, contradiction rate of 0.02, evidence coverage of 0.81, token citation
accuracy of 0.89, and expert usefulness score of 4.3/5. The general instruction-tuned LLM produced
more unsupported and contradictory claims, with a claim support rate of 0.78, unsupported claim rate of
0.15, contradiction rate of 0.06, evidence coverage of 0.69, token citation accuracy of 0.71, and expert
usefulness score of 3.6/5. Biomedical LLM explanations were also more compact, whereas the general
instruction-tuned model generated more verbose explanations and a larger number of atomic claims.
The evidence-fidelity comparison is summarized in Fig. 3.

BioMistral produced the fewest unsupported causal and molecular overstatement errors. Meditron
produced slightly more verbose explanations but remained largely grounded in patient-specific evidence.
The general instruction-tuned LLM more often used fluent biomedical language without sufficient token
support, indicating that domain adaptation and constrained prompting are both important for faithful
radiogenomic explanation.

This analysis evaluates explanation fidelity rather than diagnostic performance. The biomedical LLM is
not used as an independent diagnostic system and was not trained or fine-tuned on the explanation-
evaluation cases. It is a conditional language generator constrained by structured radiogenomic
evidence. Its success is measured not by fluency alone, but by claim-level fidelity to patient-specific
tokens. In this sense, the neuro-semantic language functions as an anti-hallucination scaffold for
biomedical explanation: it gives the LLM a controlled evidence space and makes every generated claim
auditable.

Integrated interpretation

We show that multiparametric glioblastoma radiomics can be reformulated as a structured, patient-level
neuro-semantic language that supports both molecular modeling and evidence-grounded explanation.
By preserving modality, tumor-region, phenotype-domain, and cohort-relative evidence, the framework
creates an interpretable representation layer linked to the original radiomic measurements. The
modeling results reveal an interpretability–information trade-off: coarse semantic tokens were readable
and traceable, but showed limited MGMT discrimination, whereas binary token encoding, nonlinear
modeling, and hierarchical semantic tokens improved performance. The best semantic-only model
achieved a cross-validated ROC AUC of 0.80 (95% CI, 0.75–0.85), while the hybrid radiomic-semantic
model reached 0.83 (95% CI, 0.78–0.88). The modest paired difference between these models suggests
that most of the predictive gain derives from the hierarchical semantic representation, with additional
quantitative radiomic evidence providing incremental benefit.
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This progression clarifies the contribution of the framework. Its value is not simply that it converts
radiomics into text-like tokens, but that it creates a controlled and auditable structure through which
imaging evidence can be modeled, interpreted, and verified. The same structure supports biomedical
LLM reasoning: because each token is derived from patient-specific radiomic evidence, generated
explanations can be checked at the claim level. BioMistral and Meditron produced more faithful
explanations than the general instruction-tuned comparator, supporting the value of biomedical
adaptation and constrained evidence grounding. Thus, neuro-semantic radiogenomic language acts as
an interpretable bridge between quantitative radiomics, machine learning, and trustworthy biomedical
reasoning.

Conclusion
This study introduces a neuro-semantic radiogenomic language framework for glioblastoma that
translates multiparametric MRI radiomics into structured, evidence-linked patient-level tokens. The
framework preserves modality, tumor subregion, semantic domain, and cohort-relative phenotype level,
creating an interpretable layer between quantitative radiomic features and radiogenomic modeling.
Applied to UPenn-GBM, the approach generated systematic patient-level representations and enabled
internal proof-of-concept evaluation of MGMT promoter methylation prediction. The results show that
coarse semantic tokens are interpretable but insufficiently expressive, whereas hierarchical semantic
tokens and hybrid radiomic-semantic modeling better preserve molecularly relevant signal.

The study also shows that neuro-semantic representations can support evidence-grounded biomedical
LLM reasoning. By constraining explanations to patient-specific token evidence, LLMs are used not as
diagnostic predictors but as auditable explanation modules. This enables claim-level checking of
generated explanations and provides a practical mechanism for reducing unsupported biomedical
interpretation.

Although the present findings are based on a single public cohort and require confirmation in
independent datasets, they support the feasibility of the proposed representation framework. Overall, the
study reframes glioblastoma radiogenomics as both a prediction and representation problem. Beyond
MGMT modeling, the proposed framework provides a structured basis for interpretable model
evaluation, patient-level explanation, external validation, and future integration of radiomic evidence with
trustworthy biomedical language models.
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Overview of the neuro-semantic radiogenomic workflow linking UPenn-GBM multiparametric MRI
radiomics to controlled patient-level tokens, MGMT prediction, and evidence-grounded biomedical LLM
explanation.

Figure 2

MGMT prediction across the main representation stages under repeated nested cross-validation. Points
show ROC AUC estimates and error bars indicate bootstrap 95% confidence intervals derived from out-
of-fold predictions.
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Figure 3

Descriptive evidence-fidelity audit of LLM-generated explanations. BioMistral and Meditron showed
higher claim support, evidence coverage, token citation accuracy, and expert usefulness than the general
instruction-tuned comparator; expert usefulness was scaled to the 0–1 range for visualization.
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