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ABSTRACT

Biological systems are governed by structured molecular interactions, where pathways, regulatory circuits, and functional
gene relationships shape cellular behavior and disease progression. Much of this critical biological knowledge is naturally
represented as graphs. However, most biomedical AI models cannot directly integrate knowledge in graph form and instead
require low-dimensional representations of biological knowledge. This compression often leads to information loss and
substantially reduces model performance, especially in limited-sample settings frequently encountered in clinical studies.
Here, we introduce Graph-in-Graph (GiG), a knowledge graph–modulated deep learning framework for data-efficient clinical
prediction from limited patient samples. GiG represents each patient as a standalone modular graph, in which curated biological
knowledge graphs can be integrated as edges and patient-specific information such as gene expression profiles can be
integrated as node features. This flexible design enables the integration of multiple biological knowledge graphs while allowing
the model to learn patient-level disease representations that preserve biologically meaningful information, including gene–gene
interactions and pathway topology. Across several patient cohorts comprising nearly 11,000 patients and nine clinical tasks,
including cancer detection from liquid biopsy dataset from Stanford Hospital, prostate cancer diagnosis, and a 32-class
pan-cancer classification, GiG consistently outperforms traditional methods by a large margin, particularly in limited-sample
settings. On the challenging prostate cancer diagnosis task, GiG improves macro-F1 performance by up to 49 percentage
points when compared to state-of-the-art methods. Control experiments replacing real pathway graphs with random topologies
confirm that the performance gains arise from biologically grounded knowledge graph structure rather than graph modeling
alone. These findings show that knowledge graph–modulated deep learning can improve robustness, interpretability, and
sample efficiency in clinical data analysis, providing a principled framework for integrating biological knowledge graphs into
predictive modeling.

1 Introduction
Biological systems are organized across multiple functional levels, with molecular interactions forming gene pathways that
collectively determine cellular behavior and disease phenotypes. In these systems, genes do not operate in isolation but
participate in interconnected pathways, signaling cascades, structured regulatory circuits, and metabolic routes that have been
mapped and recorded through decades of research in molecular and systems biology1, 2. Modern genomic assays such as
bulk transcriptomic, single-cell sequencing, and liquid biopsy now measure this molecular activity at high resolution across
large patient cohorts, creating opportunities to connect gene-level measurements to clinical outcomes at a scale that was
previously inaccessible3, 4. Whether those opportunities translate into clinically useful predictive models depends in large
part on computational frameworks that incorporate the organization of biology, rather than treating transcriptomic data as an
unstructured list of values to be passed through a generic model5, 6.

Most genomic machine learning pipelines today continue to treat expression data as a flat table7, 8. Gene values become
columns in a matrix, and classifiers search for combinations of these columns that separate disease states from healthy ones.



Figure 1. Workflow of the proposed GiG framework. GiG constructs patient-specific molecular interaction graphs by
integrating transcriptomic profiles with curated biological pathway knowledge. Starting from sequencing-derived gene
expression data, pathways relevant to each patient are selected based on the sample-specific gene expression profile. Curated
pathway interactions are then merged to generate a molecular interaction graph in which nodes represent genes and edges
encode known biological relationships. These patient-specific graphs are subsequently used as inputs to a graph neural network
(GNN) classifier, enabling graph-level learning across a cohort of samples. The learned graph representations can then be
applied to downstream predictive tasks such as disease classification and regression.
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This framing provides convenient inputs for standard deep learning architectures, yet it ignores two foundational properties of
the underlying biology. First, genes participate in curated interaction networks whose topology has been established through
extensive experimental validation and carries real biological meaning9–11. Second, the activity of a given pathway varies
substantially between patients2, so a single �xed network representation cannot capture how molecular signals are distributed
across individuals within a disease cohort. Graph neural network methods developed for biomedical applications partially
address this limitation by constructing patient-similarity networks from molecular features12,13. However, in these approaches,
each patient is represented as a node with an associated feature vector rather than as an individual molecular interaction graph.
Neither design allows pathway topology and patient-speci�c expression to interact at the level of message passing.

Several bodies of work have approached parts of this problem from different angles. Pathway-informed neural architectures
constrain layer connectivity to follow curated biological groupings, producing models whose internal structure re�ects
canonical pathway annotations14–17. Graph neural networks applied to protein-protein interaction networks have shown that
message passing over biological topology can improve performance on gene-level prediction tasks18,19. Patient-similarity
networks combine clinical and molecular features to propagate label information across cohorts, leveraging the observation
that phenotypically similar patients often share outcomes20–22. More recent work has extended graph foundation modeling
to biomedical networks, learning transferable structural representations that can be adapted to multiple graph analysis tasks
with limited labeled data7,23,24. However, currently there are no methods, in which every patient can be represented as a
pathway-structured graph of their own, with the interaction topology integrated into each sample rather than supplied as an
external prior shared across the cohort.

Here to address the limitation of existing methods and integrate biological knowledges as stand-alone graphs into deep
learning pipelines, we introduce Graph-in-Graph (GiG), a framework in which each patient is represented as a pathway-
structured graph and downstream tasks are performed across a population of such graphs. Nodes correspond to genes
drawn from the patient transcriptomic pro�les, and edges encode the topology of curated biological pathways sourced from
WikiPathways25,26, so that the functional organization of molecular interactions is encoded directly into the graph of every
sample. Node features combine the patient gene expression values, a co-expression signal derived from sample-wise correlation
structure, and a learnable gene-identity embedding that anchors each node to its molecular role across the cohort. Edge weights
are set by the same correlation structure, allowing pathway topology to shape how information propagates during message
passing while patient-speci�c expression controls what information actually travels along the edges. In this formulation,
the lower-level pathway structure sits inside the higher-level patient graph, not as a separate preprocessing step but as an
intrinsic component of the graph itself. Because the design is backbone agnostic, GiG can be instantiated with Graph
Convolutional Network (GCN)27, Graph Sample and Aggregate (GraphSAGE)28, Graph Isomorphism Network (GIN)29, Graph
Attention Networks (GAT)30,31, or any compatible graph neural network, which allows us to separate the contribution of the
pathway-structured representation from the choice of message-passing architecture.

We evaluated GiG on several transcriptomic cohorts totaling close to 11,000 patients across nine classi�cation tasks,
including a liquid biopsy dataset (RARE-Seq)32, a prostate cancer cohort14, and a 32-class pan-cancer transcriptomic benchmark
drawn from TCGA33,34. The most striking gain came from the pan-cancer classi�cation task, which is the most challenging
of the seven cohorts because of the limited patient samples per class. Across 32 cancer types, GiG achieved 92% accuracy
and 88% macro F1, while the strongest conventional graph neural network baseline operating on the same inputs reached
only 63% accuracy and 39% macro F1, corresponding to a gain up to 49% in macro F1 without any change to the underlying
expression data or training protocol. The same pattern of consistent improvements over standard backbones held across the
liquid biopsy and prostate cancer cohorts. To con�rm that these gains come from the pathway topology itself rather than
from node features alone, we replaced the real pathway graphs with Erd�os Rényi and degree-preserving random controls and
measured the resulting drop in classi�cation accuracy35,36. We also characterized the structural distinctiveness of the real
graphs using graphlet orbit statistics37,38, which showed that pathway-derived topologies occupy a region of structural feature
space that is clearly separated from both random-graph families across every dataset and task.

Beyond predictive performance, GiG's per-patient graph formulation provides a direct route to clinically meaningful
interpretations. Because each patient is represented as an individual pathway-structured graph, each prediction can be traced
back to the genes, pathways, and local graph structures that contribute most strongly to the output label. Such patient-speci�c
molecular interpretations may support the generation of testable hypotheses concerning candidate biomarkers and disease-
associated pathways39. Across patients with the same disease state, recurrent high-contribution pathways may identify shared
molecular patterns for subsequent biological investigation40–43.

In summary, here, we propose a per-patient graph formulation that integrates pathway topology directly into every sample,
moving beyond the shared global network assumption that dominates current graph-based genomic modeling. With rigorous
validation, we demonstrate consistent performance gains across seven heterogeneous cohorts and �ve classi�cation tasks that
differ in sample size, disease granularity, class cardinality, and class balance, showing that the bene�ts of pathway-structured
modeling are not con�ned to a single benchmark or task type. We also validate through controlled structural perturbations and
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graphlet orbit analysis that the observed gains arise from the pathway topology itself, not from the expression features in isolation.
Because GiG's graph construction process is explicit and traceable, the framework is transparent at the patient, pathway, and
gene levels. This makes it useful not only for classi�cation but also for generating interpretable molecular hypotheses, including
candidate biomarkers, pathway-level disease programs, therapeutic vulnerabilities, and potential mechanisms of treatment
resistance44. Together, these results position GiG as a practical foundation for predictive modeling of transcriptomic data
in precision medicine, in which the organization of biology is treated not as an afterthought to a �at feature vector but as a
structural component of the model.

2 Results

2.1 GiG outperforms state-of-the-art GNNs in cancer subtype and stage classi�cation on an ultrasensitive
cfRNA dataset

We �rst evaluated GiG's ability to accurately detect cancer and predict cancer subtype and stage, of patient samples in the
RARE-Seq cfRNA dataset from Stanford hospital32. RARE-Seq is designed to detect extremely low-abundance tumor-derived
transcripts in plasma. Unlike tissue-based transcriptomic datasets, where tumor signal is relatively strong and localized, cfRNA
measurements re�ect a highly diluted and fragmented representation of tumor biology embedded within a background of
circulating RNA from multiple tissue sources45–47. In other words, the RARE-Seq data set is characterized by low signal-to-
noise ratios, substantial inter-patient heterogeneity, and signi�cant class imbalance. Therefore, accurate prediction of cancer
presence, subtype, and stage within this dataset requires a model to extract weak, distributed signals that are often obscured by
noise and variability45,47. In this study, following traditional gene expression data pre-processing methods, we selected 10,000
highly variable genes (HVGs) out of over 60,000 genes from the RARE-Seq dataset to train and test our model. By focusing on
genes that exhibit the greatest variability across samples, this setup allows us to capture biologically meaningful differences
between disease states while reducing the in�uence of low-variance, noise-dominated features.

As shown in Figure 2e, GiG consistently outperforms node-level graph neural network baselines - including GAT, GCN,
GIN, and GraphSAGE - across binary, stage, and subtype classi�cation tasks (Fig. 2e, S2). Its advantage is most pronounced in
the binary classi�cation task, where GiG achieves the highest scores across all evaluation metrics. Speci�cally, GiG attains an
accuracy of 89% and a macro-F1 score of 88%, outperforming the strongest baseline by over 15% in accuracy and 14% in
macro-F1. GiG also demonstrates superior sensitivity (88%) and speci�city (89%), indicating strong and balanced performance
across both classes. In contrast, even the strongest baseline model, GCN, achieves only approximately 74% accuracy and
macro-F1, with sensitivity and speci�city around 78%. Overall, this indicates GiG has a more balanced ability to capture
minority class signals under signi�cant class imbalance, while node-based models are more prone to favoring dominant classes,
a common challenge in cfRNA-based classi�cation tasks48,49. As such, incorporating pathway-structured, sample-speci�c
graph representations in our model enhanced its ability to retrieve weak but biologically meaningful signals embedded within
noisy and heterogeneous cfRNA measurements. Together, these results demonstrate that GiG not only improves overall
predictive accuracy but also achieves more robust and balanced performance across evaluation metrics, which is particularly
critical in clinical settings where both false positives and false negatives carry signi�cant consequences50,51.

Beyond classi�cation metrics, we evaluated GiG's performance using macro-averaged ROC curves. As shown in Figure 2c,
GiG consistently outperforms node-level baselines across operating thresholds, with the largest separation observed at low false
positive rates - a region of particular importance for high-precision classi�cation tasks that are clinically relevant. In this crucial
region, GiG achieves higher true positive rates than all baselines, indicating improved sensitivity under stringent false positive
constraints. In contrast, node-level models have more gradual increases in the true positive rate and require substantially higher
false positive rates to achieve comparable sensitivity.

To characterize the distribution of predictive signals across genes, we analyzed class-wise expression patterns for stage and
subtype (Fig. 2a, d). Z-scored pro�les reveal that each class exhibits distinct expression patterns across subsets of genes. For
example, in Figure 2a, Stage I samples show elevated expression of SCN1B and reduced expression of TLR8, whereas Stage III
demonstrates the opposite pattern, with lower SCN1B expression and higher TLR8 levels. These contrasting patterns indicate
that disease stage identity is de�ned by distinct multi-gene expression signatures rather than the reliance on a single dominant
marker. Similarly, Figure 2d shows distinct expression patterns across cancer subtypes, with each subtype characterized by a
unique combination of up- and down-regulated genes. Notably, these differences do not re�ect uniform shifts across all features
but instead arise from heterogeneous changes across gene subsets. This suggests that discriminative signal in cfRNA data is
distributed in a class-dependent manner, with distinct transcriptional patterns underlying different cancer subtypes.

Lastly, we examined Integrated Gradients (IG) attribution scores52 using a butter�y plot to assess how predictive signals are
allocated across classes in the binary task (Fig. 2b). The results reveal clear class-speci�c asymmetry in feature importance,
with distinct sets of genes contributing preferentially to cancer and healthy predictions. Genes such as FOLR153, ELF354, and
KRT1955 exhibit elevated attribution for cancer classi�cation but relatively low importance for healthy classi�cation, while
a different subset of genes shows higher attribution for healthy samples. The elevated cancer-speci�c attribution of FOLR1,
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ELF3, and KRT19 is biologically consistent with their established roles as epithelial and tumor-associated markers. FOLR1 has
been linked to tumor and circulating protein levels in ovarian cancer56,57, ELF3 regulates epithelial transcriptional programs
involved in tumor progression54, and KRT19 is a canonical epithelial cytokeratin frequently used in circulating tumor cell
detection58. These associations suggest that GiG prioritizes biologically plausible tumor-derived cfRNA signals for cancer
classi�cation rather than relying solely on nonspeci�c plasma RNA variation.

Taken together, these results demonstrate that incorporating pathway-structured representations allowed GiG to consistently
improve predictive performance while capturing biologically meaningful and class-speci�c signal in a clinically challenging
cfRNA setting. The observed gains in accuracy, sensitivity, and macro-F1, along with improved discrimination across ROC
thresholds, indicate that pathway-structured representations enhance robustness under conditions of low signal-to-noise ratio,
substantial heterogeneity, and class imbalance. The key advantage of GiG is not simply higher accuracy, but its ability to
organize noisy circulating molecular measurements into patient-speci�c pathway graphs, allowing disease-relevant signals
to emerge through biologically constrained message passing. Unlike pipelines that depend more heavily on assay-speci�c
contamination removal, enrichment-score �ltering, or manually selected disease markers, GiG leverages curated pathway
topology to extract meaningful signals in a patient-speci�c manner32. In other words, rather than relying on extensive
preprocessing to remove cfRNA noise, GiG demonstrates an ability to prioritize coherent tumor-associated molecular patterns
over less informative variations in each patient. Supporting this interpretation, expression and attribution analyses show that
GiG captures class-speci�c signals distributed across coordinated gene subsets, producing interpretable gene-level explanations
that align with known cancer biology. Together, these �ndings demonstrate the value of pathway-structured graph learning for
extracting clinically meaningful signals from noisy and heterogeneous cfRNA measurements, with potential applications in
minimally invasive cancer detection and strati�cation.

2.2 GiG demonstrates near-perfect performance and robust generalization on prostate cancer diagnosis in
a tissue-based transcriptomic dataset

Next, we evaluated GiG on a tumor tissue-derived prostate cancer transcriptomic data set14, where tissue-based expression
pro�les capture more direct molecular programs associated with tumor development and progression. This dataset is character-
ized by well-de�ned molecular pro�les and recurrent alterations in key signaling pathways that collectively shape prostate
cancer biology, like PI3K/AKT, MAPK, and Wnt signaling. Therefore, this setting allows us to assess whether the advantages
of pathway-structured representations become even more pronounced in a higher-signal regime, where biological organization
is more clearly represented in the data, compared to the more diffuse and noisy signals observed in cfRNA.14

As shown in Figure 3e, GiG achieves near-perfect performance across all evaluation metrics, substantially outperforming
node-level graph neural network baselines. GiG attains accuracy, macro-F1, and sensitivity values approaching 98%, with
consistently low variance across folds. In contrast, node-level baselines - including GAT, GCN, and GIN - exhibit signi�cantly
lower and more variable performance, particularly in sensitivity, where several models fall below 60%. While GraphSAGE
achieves competitive accuracy and speci�city, GiG still performs better across all four metrics measured. These results indicate
that GiG not only improves predictive accuracy but also maintains consistently high recall of the positive class, which is critical
for identifying clinically relevant disease states.

Confusion matrix analysis further supports these �ndings, showing that GiG achieves near-perfect classi�cation with
minimal misclassi�cation between localized and metastatic samples (Fig. 3b). Evidently, GiG is able to effectively capture
discriminative patterns associated with disease progression. Consistent with this observation, macro-averaged ROC curves also
demonstrate that GiG outperforms baseline models, achieving near-optimal true positive rates at extremely low false positive
rates across operating thresholds (Fig. 3d). This indicates strong separability in the learned representations and highlights GiG's
ability to operate effectively under stringent, clinically relevant classi�cation criteria.

Lastly, to investigate the molecular features driving these predictions, we analyzed its Integrated Gradients (IG) attribution
scores (Fig. 3a). The results reveal that predictive importance is distributed across a set of biologically relevant genes, including
AKT159, MAPK160, and CTNNB161. These genes are components of the PI3K/AKT, MAPK, and Wnt signaling pathways,
which are frequently altered during prostate cancer development and progression14,62,63. Such alignment with established
prostate cancer biology suggests that GiG is capable of prioritizing features consistent with underlying disease mechanisms.

GiG's ability to distinguish localized or primary prostate cancer from metastatic disease has clinical signi�cance as
localized and metastatic prostate cancer differ substantially in prognosis, treatment goals, and clinical management64,65. GiG's
near-ceiling performance in disease-state classi�cation highlights its potential to support existing prostate cancer diagnostic and
clinical decision-making work�ows. Furthermore, because the model's predictions can be traced to pathway- and gene-level
contributors, GiG may also help identify biological pathways associated with disease progression, treatment resistance, or
therapeutic vulnerability, positioning it not only as a predictive framework but also as a potential tool for risk strati�cation66,
biomarker discovery67, and personalized treatment planning68.

In summary, these results show that GiG prioritizes biologically meaningful genes associated with canonical prostate
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Figure 2. GiG improves cancer detection, prediction of cancer stages and subtypes and identi�es class-dependent
cfRNA signals in the RARE-Seq cohort. a. Stage-wise z-scored expression heatmap for representative genes. b. Integrated
Gradients (IG) attribution butter�y plot for cancer detection. c. Macro-averaged ROC curves comparing GiG with GAT, GCN,
GIN, and GraphSAGE methods. d. Subtype-wise z-scored expression heatmap for representative genes. e. Cross-validation
performance across accuracy, macro-F1, sensitivity, and speci�city. Bars indicate mean scores and error bars indicate
variability across folds.

6/25



cancer pathways and achieves near-ceiling performance across accuracy, sensitivity, macro-F1, and ROC-based discrimination.
Consistent with observations from the RARE-Seq dataset, pathway incorporation in GiG enables highly separable and reliable
classi�cation. In other words, GiG is not only robust in noisy, low-signal environments but achieves even stronger performance
in higher-signal regimes, where biological organization is more clearly represented and can be more effectively leveraged for
clinically useful applications.

2.3 GiG achieves scalable multi-class cancer classi�cation across diverse pan-cancer types
Next, we evaluated GiG on a pan-cancer transcriptomic dataset derived from The Cancer Genome Atlas (TCGA), representing
a large-scale, multi-class classi�cation setting with substantial molecular and tissue-level heterogeneity33. Unlike the binary
and stage-speci�c tasks considered previously, this dataset requires the model to distinguish a diverse set of cancer types, each
characterized by different transcriptional programs with varying degrees of similarity. As such, this dataset provides a stringent
test of whether GiG can scale effectively and maintain performance in the presence of increased class complexity and inter-class
variability.

As shown in Figure 4e, GiG achieves over 90% accuracy and steadily outperforms node-level graph neural network
baselines across all evaluation metrics. Consistent with observations from both the RARE-Seq and prostate cancer datasets, GiG
maintains substantially higher macro-F1 and sensitivity scores than GAT, GCN, GIN, and GraphSAGE, which demonstrates its
superior ability to maintain balanced predictions across diverse cancer classes. Although speci�city remains relatively similar
across models, GiG still achieves the strongest overall performance. Together, these results show that GiG is able to provide
robust and accurate classi�cation even in a large-scale, multi-class setting characterized by substantial biological heterogeneity.

Confusion matrix analysis further illustrates GiG's ability to distinguish between cancer types with high �delity, showing
strong diagonal dominance and minimal confusion across classes (Fig. 4b). This suggests that the model effectively captures
discriminative features unique to each cancer type, despite the biological overlap between certain classes. Consistent with these
observations, macro-averaged ROC curves demonstrate that GiG outperforms baseline models across operating thresholds,
maintaining superior true positive rates at low false positive rates even in this multi-class setting (Fig. 4c). Similarly, precision-
recall curves show that GiG achieves consistently higher precision across a wide range of recall values compared to baseline
models (Fig. 4d), indicating improved performance under class imbalance, reinforcing its ability to make reliable predictions
across diverse cancer types.

To further examine the molecular features driving pan-cancer classi�cation, we analyzed Integrated Gradients (IG)
attribution scores across cancer types using a heatmap representation (Fig. 4a). As shown in Figure 4a, each cancer type
exhibits distinct attribution patterns across different subsets of genes. Evidently, GiG distributes predictive importance in a
class-dependent manner, rather than relying on a shared set of dominant features across all cancer types. These results suggest
that pathway-informed graph representations enable GiG to capture discriminative molecular signals speci�c to individual
cancer types despite extensive transcriptomic heterogeneity. Several genes also showed cancer-type-speci�c attribution patterns.
APCS69 received elevated attribution in liver hepatocellular carcinoma, ZBTB1670 and MLLT671 in kidney cancers, and TYR
in uveal melanoma72. These �ndings demonstrate that GiG assigns different predictive contributions across cancer types,
although the biological and clinical signi�cance of these associations requires further validation.

Together, these results demonstrate that GiG effectively scales to complex multi-class classi�cation tasks, maintaining
strong performance, accurate and balanced predictions across diverse cancer types. Furthermore, GiG's ability to capture
class-speci�c gene expression patterns whilst achieving superior accuracy and precision indicates that pathway-informed graph
representations provide a robust framework for modeling large-scale, heterogeneous transcriptomic datasets. Demonstrably, the
advantages of GiG extend beyond binary classi�cation task shown in RARE-Seq and classi�cation task in Prostate Cancer
dataset: it can be applied to a large multiclass problem while producing gene-level attribution patterns that can be investigated
in subsequent biological studies.

2.4 GiG achieves superior tumor stage classi�cation in urothelial carcinoma
To further evaluate GiG across clinically relevant disease states in an independent tissue-based cohort, we applied the framework
to GSE3289473, a urothelial carcinoma transcriptomic cohort comprising 308 fresh-frozen tumor resection specimens with
tumor stage annotations. Unlike binary cancer detection, tumor stage classi�cation requires the model to distinguish biologically
related disease states that represent differences in the extent and invasiveness of the same malignancy. In this analysis, samples
were classi�ed across Ta, T1, and T2 tumor stages. Urothelial carcinoma is characterized by substantial molecular and clinical
heterogeneity74–76, and this task provides an additional test of whether pathway-structured representations can capture graded
molecular changes associated with disease progression.

As shown in Figure 5e, GiG achieves the strongest overall performance across accuracy, macro-F1, sensitivity, and
speci�city among the evaluated models. GiG reaches approximately 65% accuracy and F1, with sensitivity at a similar level and
speci�city above 80%. GraphSAGE performs comparably, whereas GAT, GCN, and GIN show lower performance across most
metrics. Consistent with the performance metrics, the macro-averaged ROC curves show that GiG and GraphSAGE provide
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Figure 3. GiG achieves near-perfect performance in prostate cancer classi�cation. a. Integrated Gradients (IG) attribution
plot highlighting predictive genes, including canonical pathway components such as AKT1, MAPK1, and CTNNB1. b.
Confusion matrix for localized versus metastatic prostate cancer classi�cation. c. Macro-averaged ROC curves comparing GiG
with GAT, GCN, GIN, and GraphSAGE baselines. d. Cross-validation performance across accuracy, macro-F1, sensitivity, and
speci�city. Bars indicate mean scores and error bars indicate variability across folds. 8/25
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