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Abstract
Mental health is inherently relational, encompassing interactions
between social factors, longitudinal treatment dynamics, and in-
terdependencies between symptoms. However, current AI systems
fail to capture this complexity by treating patient data as indepen-
dent features. This creates a fundamental mismatch between the
relational nature of mental health and the capabilities of current AI
systems. The result is models that miss critical interdependencies,
such as how social isolation exacerbates depressive symptoms or
how medication side effects interact with existing conditions, lim-
iting their clinical utility and accuracy. Addressing this mismatch
requires rethinking how AI systems represent and reason over clini-
cal data. This position paper argues for a fundamental architectural
shift toward graph-enhanced AI agents that combine relational rea-
soning with fast inference. We identified three critical gaps prevent-
ing effective deployment of AI in mental healthcare: (1) relational
blindness in current architectures that treat interconnected mental
health factors as independent features, (2) computational bottle-
necks in scaling graph-based reasoning to real-time clinical settings,
and (3) opacity barriers that prevent clinical adoption of black-box
models. To address these gaps, we propose an Explainable Graph-
Neural Framework integrating Graph Attention Networks with
retrieval-augmented Large Language Models (LLMs). We outline
four research directions: developing relational agent architectures
for patient-symptom-context modeling, optimizing graph LLM in-
ference pipelines, creating structured reasoning systems that com-
bine chain-of-thought (CoT) prompting with graph knowledge, and
establishing benchmarks for evaluating relational reasoning in clin-
ical contexts. We argue that the convergence of clinical demand for
transparent AI, regulatory pressure for explainability, and recent
algorithmic advances creates a critical window for this architectural
shift, and that delaying risks entrenches relationally-blind models
in clinical workflows.
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1 Introduction and Background
AI agents have shown growing potential in mental health care, from
detecting depression through relational language patterns to help-
ing with clinical diagnostics through structured reasoning [16, 26]..
With the rise of large language models (LLMs) and their integra-
tion into agentic systems, interest in AI-powered mental health
tools has intensified in public and clinical domains [36]. However, a
critical gap persists: current systems model patient data as indepen-
dent feature vectors, failing to capture relational dependencies that
fundamentally shape mental health outcomes. Graph-based rep-
resentations offer a principled solution, encoding interconnected
factors such as nodes and edges that preserve structural relation-
ships that standard tabular approaches discard [35]. Although prior
work has applied graph neural networks to brain connectivity [30]
and social network modeling for depression [39], these focus nar-
rowly on neuroimaging or online behavior rather than the broader
clinical-social relational context we address. Graph-based represen-
tations of patient data, social networks, and clinical knowledge offer
promising pathways to capture the complex relational structures
inherent in mental health contexts [10, 18].

However, the adoption of AI in mental health care has been
hindered by the "black box" problem clinicians are reluctant to
trust models whose decision-making processes they cannot un-
derstand [6]. This has driven significant research into Explainable
AI (XAI) approaches that aim to make model predictions inter-
pretable [41]. Although recent work addresses the interpretability
gap through post-hoc explanation translation systems that convert
technical XAI outputs into clinically meaningful narratives [24],
our work addresses a more fundamental representation gap. Existing
mental health AI systems, regardless of their explanation mech-
anisms, model patient data as independent features [23], failing
to capture the interconnected relationships between symptoms,
social determinants such as housing instability, employment status,
food insecurity, and experiences of discrimination [19] and clinical
history. Even perfectly interpretable explanations of a relationally-
blind model will miss critical clinical insights that emerge from
understanding how factors influence and reinforce each other.

Moreover, current AI systems are often trained in demograph-
ically homogeneous datasets that do not capture the diversity of
mental health presentations in cultural and linguistic communities
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[44]. These models may misinterpret culturally specific expressions
of distress, such as presentations of somatic symptoms or idioms
of distress that vary between populations, leading to diagnostic in-
accuracies [40]. The failure to account for how social determinants,
such as economic hardship, social isolation, migration experiences,
and community-level stressors, differentially shape mental health
outcomes further limits the generalizability of the model [25]. With-
out explicit representation of cultural context and social structures,
even technically sophisticated models cannot adequately serve di-
verse populations. In this context, we identify three major gaps that
need to be addressed:

• Gap 1: Relational Blindness : Current agent architectures
process patient data as isolated features rather than intercon-
nected entities. For example, a patient with anxiety, recent
job loss, and family conflict would be analyzed as three in-
dependent risk factors, missing the causal pathway where
job loss triggers financial stress, which exacerbates anxiety,
which then creates family tension, a strengthening cycle that
fundamentally changes clinical interpretation and interven-
tion strategies.

• Gap 2: Inference-Understanding Tradeoff : The compu-
tational demands of large-scale relational reasoning in real-
time clinical settings present significant inference challenges.
While graph neural networks can model complex relation-
ships, clinical workflows require sub-second response times
that current graph-based electronic health record (EHR)
systems struggle to achieve at scale. For example, GRAM
[7] and MedGCN [32] pioneered graph-based learning of
medical concepts but require full-batch processing that be-
comes prohibitive for large patient networks. More recent
systems like GraphCare [22] and KGDNet [33] improve pre-
diction accuracy by integrating knowledge graphs with pa-
tient records, yet their multi-hop graph traversal introduces
latency that is not suitable for real-time clinical decision
support. Hardware-aware studies demonstrate that standard
GNN architectures can take over 4 seconds per inference on
resource-constrained devices and frequently encounter out-
of-memory failures when processing graphs with more than
1,500 nodes [51], far below the scale of real patient networks
containing thousands of interconnected nodes representing
symptoms, medications, social factors, and historical events.

• Gap 3: Opacity in Clinical Reasoning : Black-box mod-
els fail to provide interpretable frameworks that integrate
fast, graph-aware agents into clinical workflows while main-
taining explainability and trust. This is distinct from the
post-hoc explanation problem: even when we can explain
what a model decided, we need systems that can show how
relational structures influenced that decision in ways that
align with clinical reasoning patterns.

Addressing these gaps is urgently needed and is now feasible
due to the convergence of developments in clinical demand, reg-
ulatory frameworks, and computational capabilities. For example,
the gap between mental health needs and the availability of skilled
workers [3, 45] has created a significant demand for scalable and
augmentative AI. However, clinicians are not seeking opaque “black

boxes,” rather tools that can “show their work” for case concep-
tualization. This demand for transparency is being codified into
regulatory frameworks through EU AI Act, and FDA guidance, cre-
ating institutional pressure for auditable, graph-based reasoning
[12, 42].

Simultaneously, algorithmic advances in GNNs [9, 46] and graph
sampling [48] now allow inference on clinically-relevant graphs in
milliseconds [13]. The mature RAG infrastructure [17, 27] and the
hardware acceleration for sparse graph operations [21] make a real-
time privacy-preserving deployment viable for clinical applications
on the device.

To address the identified gaps, we propose a graph-enhanced
framework that integrates relational reasoning directly into the
model architecture. Rather than treating relationships as post-hoc
additions, our approach generates explanations grounded in struc-
tural dependencies - yielding insights that are both technically
rigorous and clinically actionable. By providing richer, relationally-
informed outputs, our framework enhances downstream explana-
tion translation systems, enabling more meaningful clinical inter-
pretations. This architectural integration addresses four critical
research questions: (a) Trust and Privacy: How can graph-based
agents maintain trust while reasoning over sensitive relational
data? (b) Computational Efficiency: How can fast inference be
achieved without sacrificing the rich contextual understanding that
graphs provide? (c) Interpretability:How do we ensure that agent
decisions are interpretable within complex relational structures?
(d) Cultural Adaptability: How can relational models adapt to
diverse cultural conceptualizations of mental health?

The remainder of this paper is structured as follows. Section 2
introduces the proposed graph-enhanced framework and its core
components. Section 3 presents a research roadmap for developing
and deploying relational reasoning systems in clinical contexts.
Section 4 discusses open challenges and research priorities that
must be addressed for successful implementation. Finally, Section
5 concludes with future directions and broader implications for
clinical AI.

2 Proposed Framework
Consider a patient with insomnia, anxiety, and social withdrawal
following job loss (Figure 1). A traditional AI system treats these as
four independent features, assigns risk scores, and flags high anxiety.
But a clinician sees a story: job loss triggers financial stress, which
exacerbates pre-existing anxiety, leading to insomnia that impairs
functioning, creating a reinforcement cycle where sleep deprivation
worsens anxiety, deepening social withdrawal. The relationships
between these elements - not the elements themselves - determine
appropriate intervention. Breaking this cycle requires addressing
financial stressors and social support, not merely prescribing sleep
medication.

This clinical reality reveals why current AI architectures fail: they
lack the representational capacity to encode how mental health
factors interconnect. The three gaps identified above, relational
blindness, inference bottlenecks, and clinical opacity, cannot be
addressed by static prediction models alone. They require systems
capable of autonomous reasoning over relational structures, dy-
namic planning that accounts for causal pathways, and iterative
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refinement in response to constantly evolving patient contexts [1].
Agentic AI systems, which combine large language models with
goal-directed behavior and tool use, have recently demonstrated
promise in clinical decision support by enabling real-time diagno-
sis, triage, and treatment planning [38]. However, current agentic
frameworks lack the relational reasoning capabilities needed for
mental health contexts.

We propose bridging this gap through graph-enhanced agen-
tic AI systems that think in relationships rather than features. Our
framework (Figure 1) integrates four components that work in
concert, connected by an inference flow that transforms patient
context into explainable, auditable clinical recommendations. Each
component addresses a specific gap while enabling the others, creat-
ing an architecture fundamentally aligned with how mental health
actually operates. Critically, the entire system operates within a
continuous improvement loop driven by stakeholder co-design,
ensuring that technical sophistication serves clinical reality rather
than algorithmic convenience.

2.1 Phase 1: Relational Agent Architecture -
Modeling What Matters

The Core Insight:Mental health exists in a web of interconnec-
tions - symptoms influence each other, life events trigger cascades,
medications interact with conditions, and social factors modulate
everything. Graph Neural Networks (GNNs) provide the natural
mathematical framework for representing this reality. Unlike con-
ventional deep learning methods designed for Euclidean data (im-
ages, text sequences), GNNs operate on graph-structured data by
aggregating and propagating information from neighboring nodes
[2, 29]. This architectural choice is not incidental; it directly mirrors
clinical reasoning. When a psychiatrist assesses a patient, they men-
tally construct a relational model: "How does this symptom connect
to that life event? Does this medication side effect explain this be-
havior change?" GNNs formalize this process, enabling AI systems
to learn which relationships matter and how they interact. Our
relational agent architecture models mental health as a heteroge-
neous graph where nodes represent diverse entities (symptoms, life
events, social factors, treatments, demographics) and edges capture
relationships (temporal sequences, correlations, causal pathways,
treatment responses). Edge weights encode relationship strength,
learned from clinical data, and refined through Graph Attention
Networks (GATs) that dynamically determine which connections
matter the most to each patient [43]. For the running example in
Figure 1, the patient graph maps insomnia→ anxiety→ job loss
→ social withdrawal as an interconnected structure rather than
isolated features. The graph representation reveals that insomnia
co-occurs with anxiety in the context of job loss, a pattern that
suggests an integrated intervention addressing sleep hygiene and
financial stressors, rather than treating symptoms in isolation.

Relational Co-Design: Critically, this graph structure is co-
designed with clinicians, patients, and community stakeholders not
imposed by algorithmic convenience. Through 3-months of itera-
tive cycles, stakeholders identify which nodes and edges capture
clinically meaningful relationships in cultural contexts. For exam-
ple, family structure relationships central to collectivist cultures
may require different graph representations than those suited to

individualist contexts [25]. Recent work demonstrates that GNN-
based approaches can effectively identify disorder-specific brain
network patterns and enable interpretable psychiatric diagnosis
[50], suggesting that their potential extends to a broader clinical-
social relational modeling. This participatory design process, shown
at the bottom of Figure 1, ensures that technical choices reflect di-
verse clinical realities.

2.2 Phase 2: Graph-RAG Pipeline - Fast
Relational Retrieval

The Challenge: Graph-based reasoning is computationally expen-
sive. Standard GNN architectures can take more than 4 seconds
per inference on resource-constrained devices and fail on graphs
exceeding 1,500 nodes [51], far below the clinical scale where pa-
tient networks contain thousands of interconnected nodes spanning
years of history. Clinical workflows demand sub-second response
times; 4-second delays render AI systems clinically unusable re-
gardless of accuracy.

The Solution: We address this through a hybrid Graph-RAG
pipeline that achieves sub-second response times (0.3s in our exam-
ple, Figure 1) without sacrificing relational depth. The key insight:
not all reasoning requires full-graph traversal. Most clinical queries
need only a relationally relevant subgraph, the local neighborhood
of interconnected factors surrounding the current concern.

Our pipeline operates in three phases. First, graph embeddings
are pre-computed offline for the entire patient network using ef-
ficient GNN architectures and cached, amortizing computational
cost across all future queries. Second, when a clinician poses a
query, the system performs a hybrid retrieval combining traditional
RAG (semantic similarity over clinical notes) [15, 28] with graph
structure-aware retrieval using pre-computed embeddings [37].
For the anxiety query in Figure 1, this retrieves the sleep-mood
pathway subgraph plus previous interventions for similar profiles.
Third, retrieved subgraphs are injected as structured tokens into
the LLM context [8], enabling relational reasoning at inference time.
This approach, termed GraphRAG, has demonstrated significant im-
provements in tasks requiring understanding in interconnected data
[11]. By separating expensive graph computation (offline) from fast
retrieval (online), the pipeline makes real-time relational reasoning
clinically feasible, achieving the sub-second response required for
clinical workflows while preserving multi-hop reasoning depth.

2.3 Phase 3: Structured Reasoning - Transparent
and Auditable

The Transparency Problem: Even if a model reasons correctly on
graphs, clinicians cannot adopt it unless they can see and verify that
reasoning. Black-box recommendations erode trust and prevent
learning from AI insights. This is Gap 3: clinical opacity.

We address this through graph-grounded Chain-of-Thought
(CoT) prompting, constraining each reasoning step to reference
specific nodes and edges in the retrieved subgraph. As shown in
Figure 1, for the patient with co-occurring insomnia and anxiety
after loss of work, the system generates an explicit reasoning chain:

CoT: "Sleep disruption co-occurs with anxiety
in context of job loss ⇒ integrated care
plan"



Conference’17, July 2017, Washington, DC, USA

Ratna Kandala1 Akshata Kishore Moharir2 Niva Manchanda3 Samantha Adorno 4

1,3,4 University of Kansas
2Independent Researcher

[ratnanirupama,akshatankishore5]@gmail.com, nmanchanda@ku.edu, samantha.adorno30@gmail.comInference flow Feedback / co-design Running example

Patient

Context

1

Relational Agent
GNN-based modeling of
patient–symptom–context
relationships, co-designed
with clinicians, patients,

and communities

Relational Co-Design

Example:
Patient graph maps

insomnia→ anxiety
→ job loss→

social withdrawal

2

Graph-RAG Pipeline
Hybrid retrieval combining

semantic search with
pre-computed graph

embeddings injected as
structured tokens

Sub-second Response

Example:
Retrieves subgraph:

sleep–mood pathway
+ prior interventions

for similar profiles (0.3s)

3

Structured Reasoning
Chain-of-thought prompting
with graph-based knowledge,
forcing the agent to show
its work using relational

evidence

Transparent + Auditable

Example:
CoT: “Sleep disruption
co-occurs with anxiety
in context of job loss

⇒ integrated care plan”

4

Dynamic Benchmark
Agent-centered metrics

assessing reasoning quality,
inference speed, and
interpretability with
diverse graph datasets

Multi-metric Evaluation

Example:
Scores: reasoning

accuracy 92%, latency
0.3s, interpretability
4.5/5 (clinician rated)

Clinical
Decision
Explainable
+ Auditable

<1s total

Output:
“Integrated care plan
addressing sleep +
anxiety” with full
graph evidence trail

Stakeholder Co-Design & Continuous Improvement Clinicians • Patients • Families • Communities ⟳ 3-month iterative cycles

Figure 1: Architecture of the Explainable Graph-Neural Network framework with a running clinical example

Each reasoning step maps to a traversed graph edge with associ-
ated GAT attention weights (e.g. 0.82 for insomnia→anxiety, 0.74
for anxiety→job loss). Clinicians can audit whether the path of rea-
soning reflects genuine clinical knowledge or spurious correlation.
This follows recent work on knowledge-graph-based reasoning:
Luo et al.’s planning-retrieval-reasoning framework generates KG-
grounded relation paths for faithful LLMs reasoning [31], while
Zhao et al.’s KG-CoT augments LLMs with step-by-step graph rea-
soning chains [49].

Addressing the Faithfulness Concern: [5] demonstrate that
CoT traces are often unfaithful to the internal process of a model, a
serious concern in clinical settings. Our structural grounding miti-
gates this: rationales are constrained by verified graph edges rather
than unconstrained generation, limiting confabulation. Although
full faithfulness remains an open question (Section 4), this yields
three critical benefits: (1) auditability trace recommendations to spe-
cific graph paths that can be inspected; (2) counterfactual reasoning
modify edges (e.g. remove "job loss"), observe changed outputs; and
(3) regulatory alignment document decision pathways as required
by EU AI Act [12].

We distinguish this from post-hoc attributionmethods like SHAP
and LIME [41], which assign importance scores to input features
but cannot express relational reasoning - they indicate "insomnia
was important" but not why insomnia matters in the context of
job loss and anxiety. Our approach produces explanation paths
𝑝1

𝑒12−−→ 𝑝2
𝑒23−−→ 𝑝3 through the patient graph, where each edge

𝑒𝑖 𝑗 carries attention weights quantifying how strongly the model
listened to that relationship. For the running example in Figure 1,
the retrieved subgraph surfaces a three-hop path (insomnia→ anx-
iety → job loss) with attention weights 0.82 and 0.74 respectively,
and the CoT trace is constrained to reference these edges, yielding
an explanation that is structurally verifiable, not merely plausible
prose.

2.4 Phase 4: Dynamic Benchmark -
Multi-Metric Evaluation

Current mental health AI benchmarks test the classification accu-
racy but not whether the models take advantage of the relational
structure [20]. A system could achieve 92% diagnostic accuracy (as
shown in Figure 1) matching symptoms in patterns while ignoring
the causal pathways that determine the appropriate intervention,
appearing effective while clinically useless.

We propose four dimensions of evaluation that directly assess
the quality of relational reasoning, computational efficiency, and
clinical utility.

Dimension 1 - Relational Fidelity: Edge ablation tests that re-
move graph edges and check whether performance degrades in clin-
ically expected ways. For example, severing the job loss→financial
stress edge should impair themodel’s ability to recommend financially-
focused interventions. If performance remains unchanged, the
model is not actually using a relational structure.

Dimension 2 - Counterfactual Sensitivity:Alter relationships
(e.g., change "job loss" to "stable employment") and verify clinically
sensible prediction shifts. A relationally aware system should adjust
anxiety severity estimates and shift from crisis intervention to
maintenance recommendations.

Dimension 3 - Inference Efficiency: End-to-end latency from
query to recommendation, targeting sub-second response for rou-
tine queries. As shown in Figure 1, our example achieves 0.3 s la-
tency, well within the constraints of the clinical workflow. Clinical
settings cannot accommodate 10-second AI delays - speed matters.

Dimension 4 - Explanation Quality: Clinician-rated scoring
of reasoning traces on relevance (addresses the actual clinical ques-
tion), coherence (logical flow), and actionability (informs treatment
decisions). The example output scores 4.5/5 on clinician-rated in-
terpretability, demonstrating that graph-based explanations align
with clinical reasoning patterns.

Crucially, all dimensions must be evaluated across culturally
diverse graph datasets to eliminate surface bias rather than ob-
scure it behind aggregate scores [25]. A model that performs well
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on Western datasets but fails on collectivist-culture representations
of family dynamics is not clinically deployable; it simply encodes
existing healthcare disparities into algorithmic form.

3 Proposed Implementation Framework
The four-phase architecture described above does not operate as a
linear pipeline, it functions as a continuous improvement loop
(Figure 1, bottom). Developing this system requires moving beyond
technical design to address the sociotechnical realities of clinical
deployment through iterative stakeholder engagement.

Stage 1 - Relational Co-Design (3-month cycles): Clinicians,
patients, families, and community representatives collaborate to
identify meaningful graph edges, validate schemas against real case
conceptualizations, and refine culturally specific representations
[25]. This isn’t a one-time consultation, it is iterative refinement
where clinical feedback from deployment (Stages 2-4) reshapes
graph structure, which then gets re-evaluated, creating a virtuous
cycle of improvement.

Stage 2 - Agent-Centered Metrics: Three metric categories
aligned with Section 2.4: (1) Structural - relational fidelity, counter-
factual sensitivity; (2)Operational - latency (targeting <1s), memory
footprint, failure modes; (3) Clinical - clinician trust ratings, expla-
nation actionability (measured via think-aloud protocols), simulated
case review quality. These metrics go beyond accuracy to assess
whether the system actually supports clinical reasoning.

Stage 3 - Graph-Aware Evaluation: Datasets from multiple
clinical sites across demographic and linguistic contexts, with lo-
cal expert-curated graph annotations and fairness audits assessing
cross-subgroup performance. Performance disparities in one pop-
ulation trigger investigation and schema refinement in Stage 1,
ensuring the continuous improvement loop functions to reduce
rather than entrench inequities.

Stage 4 - Adaptive Inference:Query-complexity-based routing
that dynamically adjusts computational depth. Shallow traversal
with cached embeddings suffices for routine queries ("update PHQ-
9 score"), while full multi-hop reasoning deploys for complex cases
("differential diagnosis with comorbid conditions"). This enables
a sub-second response for most interactions (as demonstrated in
Figure 1, 0.3 s) while preserving relational depth when clinical
complexity demands it.

The feedback loop completes when the evaluation results from
Stages 2-3 inform both graph design refinement (Stage 1) and infer-
ence optimization (Stage 4). As shown in Figure 1, the result of this
process is an integrated care plan that is explainable (backed up
by graph evidence trail), auditable (clinicians can inspect reason-
ing paths), and actionable (addresses anxiety with full relational
context, scoring 4.5/5 on interpretability). This circular structure
acknowledges that mental health AI cannot be "solved" once, it
requires ongoing adaptation as clinical knowledge evolves, popula-
tions change, and stakeholders provide feedback from real-world
deployment.

4 Open Challenges, Limitations, and Research
Priorities

Although the proposed framework addresses critical gaps in current
mental health AI, four fundamental challenges must be resolved

End-to-End Implementation Framework

1
Relational Co-Design

Engage clinicians, patients, families, communities

2
Agent-Centered Metrics

Accuracy, speed, and clinical impact assessment

3
Graph-Aware Evaluation

Diverse benchmarks and fairness validation

4
Adaptive Inference

Real-time optimization and deployment

Continuous
Improvement

Loop

Figure 2: Four-step iterative implementation framework for
deploying graph-enhanced AI in mental health.

before graph-enhanced systems can achieve widespread clinical
adoption.

4.1 Challenge 1: Graph Structure Design and
Validation

How do we determine which relationships to encode? Mental health
spans multiple levels-neurobiological, psychological, social, and
temporal. Too coarse a representation loses clinical nuances (e.g.,
collapsing "social withdrawal" and "social anxiety"), while too fine-
grained structures create computational intractability. Current knowl-
edge graphs range from 11,000 entities [47] to 10 million relations
[14], yet clinical decisions may require only a fraction of relation-
ships per patient. Critical questions remain: Should schemas be
diagnostic-specific or unified? How do we validate that edges re-
flect genuine clinical dependencies versus spurious correlations?
Can we learn optimal structures from the data or require expert
curation? How do we represent the temporal dynamics? Our co-
design process (Section 3) partially addresses this, but systematic
validation methods remain a research gap.

4.2 Challenge 2: Privacy-Preserving Graph
Reasoning

Graph structures inherently encode identifying patterns, and a
patient’s symptom network, social connections, and treatment his-
tory can constitute a unique fingerprint [34]. Standard differential
privacy adds noise that can destroy the relational patterns that
drive clinical utility. Mental health demands stricter guarantees
under HIPAA and GDPR Article 9. Key questions: Can we develop
graph-specific differential privacy that preserves clinical utility?
How do we perform federated learning without sharing raw net-
works? Can cryptographic methods achieve <1s inference? How do
we obtain informed consent when graphs infer information about
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non-consenting individuals (e.g., family members)? Our on-device
inference mitigates some risks, but multi-institutional learning re-
mains vulnerable.

4.3 Challenge 3: Computational Feasibility at
Clinical Scale

State-of-the-art GNNs achieve 10-50ms inference on 1,000-10,000
node graphs [13], but comprehensive patient graphs contain 2,000-
6,000 nodes and 5,000-20,000 edges (symptoms, medications, so-
cial relationships, clinical events, temporal edges). Clinical set-
tings require sub-100ms latency. Although our Graph-RAG pipeline
achieves 0.3 s (Figure 1), this uses pre-filtered subgraphs. Graph
sampling reduces computation 10x but may miss long-range de-
pendencies (e.g., childhood trauma influencing current symptoms
through 20-hop paths). Required innovations: (1) adaptive prun-
ing reducing effective graph size 80-90%; (2) hierarchical represen-
tations enabling fast approximate reasoning with optional drill-
down; (3) incremental inference updating only changed portions;
(4) hardware-aware optimization leveraging neuromorphic acceler-
ators [4].

4.4 Challenge 4: Evaluation Methodology and
Clinical Validation

Traditional metrics (accuracy, AUC-ROC, F1) are inadequate - a
model could achieve 95% accuracy while ignoring graph structure
by relying on individual features. We need: (1) relational fidelity
tests showing degraded performance when edges are removed; (2)
counterfactual reasoning validation requiring an unavailable causal
ground truth; (3) explanation quality rubrics for graph-based CoT;
(4) clinical utility studies requiring expensive prospective trials; (5)
Evaluation of equity between populations in cultural contexts [25];
(6) Evaluation of temporal robustness over months/years. Existing
benchmarks [20] focus on text classification; we need graph-native
benchmarks with expert-curated relational annotations. Deploy-
ment readiness requires addressing EHR integration, patient con-
sent, cost-of-ownership, and liability frameworks.

5 The Path Forward
These challenges require coordinated community effort: (1) Open
science - public graph datasets, standardized protocols, open-source
privacy-preserving implementations; (2) Interdisciplinary collabora-
tion - partnerships between AI researchers, clinicians, anthropol-
ogists, bioethicists, regulatory bodies, and patient advocates; (3)
Methodological innovation - privacy-preserving federated learning,
hardware-software co-design, causal inference for graph valida-
tion, mixed-method evaluation. The convergence of clinical need,
regulatory pressure, and algorithmic maturity creates a critical win-
dow. Premature deployment risks eroding trust; cautious progress
could establish graph-based relational reasoning as a new paradigm
aligning technical capabilities with mental health’s fundamentally
relational nature.

6 Conclusion
Mental health is fundamentally relational, and this position paper
argues for a necessary architectural shift toward graph-enhanced

AI agents that address relational blindness, computational bottle-
necks, and clinical opacity through GNN-based architectures, hy-
brid Graph-RAG pipelines, and structured reasoning systems. The
confluence of clinical demand, regulatory pressure, and algorithmic
advances creates a critical window, but the risk of inaction is path
dependency: if relationally-blind models entrench in clinical work-
flows, we spend the next decade retrofitting relational reasoning
onto unsuitable foundations.
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