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Abstract

Large language models (LLMs) are increas-
ingly used in the mental health domain, yet
it remains unclear how well they capture re-
lated biomedical knowledge and how reliably
they apply it to clinically salient structured
judgments. Here, we present a knowledge-
graph (KG)-grounded benchmark for assess-
ing LLMs on mental-health entity recogni-
tion, relation judgment, and two-hop reason-
ing. The benchmark is derived from PrimeKG
and comprises nine task families with KG-
supported answers and controlled negative op-
tions. Experiments across 15 closed- and open-
source LLMs reveal a persistent recognition-
to-judgment gap: leading models achieve near-
ceiling performance on entity typing and on the
small relation-typing subset, yet they still strug-
gle with relation prediction and two-hop reason-
ing. Additionally, short KG-derived snippets
benefit some models but degrade performance
for others. Moreover, output-format reliabil-
ity can substantially influence measured perfor-
mance under constrained multiple-choice set-
tings, highlighting the critical role of response
validity in benchmark-based evaluation. MH-
GraphBench should therefore be interpreted as
evaluating agreement with a curated mental-
health slice of PrimeKG under a constrained
multiple-choice interface, rather than as a direct
assessment of real-world clinical safety.

1 Introduction

Mental health disorders impose a large and grow-
ing burden worldwide (GBD 2019 Mental Dis-
orders Collaborators, 2022). Clinical care and
translational research in mental health often re-
quire integrating heterogeneous biomedical ev-

idence, including disorder relationships, phe-
notypes and exposures, medication-use bound-
aries (e.g., indication vs. contraindication vs.
off-label use), and disease-associated biologi-
cal signals (Freidel and Schwarz, 2025; Gao et al.,
2025; Kyrios et al., 2024; Rosland et al., 2025).
These characteristics make mental-health applica-
tions particularly sensitive not only to whether mod-
els can recognize relevant biomedical entities, but
also to whether they can correctly apply knowledge
to clinically salient structured judgments.

Large language models (LLMs) have shown
strong performance in biomedical and clinical tasks
and have attracted growing interest in healthcare
applications (Singhal et al., 2025; Saab et al., 2024;
Igbal et al., 2025; Li et al., 2024), including mental-
health settings (Volkmer et al., 2024; Obradovich
et al., 2024). Most existing evaluations still report
aggregate accuracy on broad biomedical or clini-
cal benchmarks, offering limited insight into two
questions that are especially important in mental
health: (i) how broadly an LLM covers mental-
health biomedical knowledge, and (ii) whether it
can reliably distinguish clinically salient and safety-
sensitive relation boundaries (Arora et al., 2025;
Cai et al., 2024).

At the same time, mental-health-specific evalua-
tion is evolving rapidly. Recent benchmarks have
begun to assess psychiatric diagnostic decision-
making, realistic counseling and help-seeking in-
teractions, and trustworthiness in mental-health set-
tings (Song et al., 2026; Xiong et al., 2026; Li et al.,
2025). These efforts broaden the scope of mental-
health LLM evaluation, but they primarily empha-
size diagnosis, counseling quality, or trustworthi-
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ness rather than verifiable structured biomedical
knowledge and knowledge-graph (KG)-grounded
relation reasoning. This challenge is further com-
plicated by growing evidence that multiple-choice
LLM evaluation can itself be sensitive to option or-
dering, prompt formatting, constrained answer for-
mats, and output parsing rules (Wang et al., 2024;
Pezeshkpour and Hruschka, 2024; Zheng et al.,
2023). Accordingly, our goal is not to evaluate real-
world clinical decision-making or clinical safety
directly, but rather to evaluate KG-grounded struc-
tured discrimination and short-path reasoning with
respect to a curated mental-health graph under a
constrained multiple-choice interface.

KGs provide curated biomedical facts in a struc-
tured and machine-verifiable form. They are well-
suited to benchmark construction because they sup-
port automatic QA generation from factual triples,
systematic negative sampling, and interpretable
task design over entities, relations, and paths (Chan-
dak et al., 2023; Sun et al., 2023; Salnikov et al.,
2023; Markowitz et al., 2025). Biomedical KGs
such as PrimeKG also illustrate the value of graph-
structured resources for downstream biomedical
reasoning and analysis (Chandak et al., 2023). For
mental health, KG-grounded evaluation is espe-
cially useful because it enables controlled bench-
marking over clinically salient relation families
rather than relying only on open-ended prompt-
ing. In addition, benchmark items derived directly
from KG facts are verifiable against the underlying
graph, enabling analysis not only of task accuracy
but also of graph-wide knowledge coverage.

In this paper, we introduce MHGraphBench,
a KG-grounded benchmark for evaluating mental-
health biomedical knowledge in LLMs using a cu-
rated mental-health subgraph of PrimeKG. We de-
fine the benchmark domain with 42 psychiatric
seed disease nodes, extract a clinically focused
subgraph, and transform it into nine standard-
ized multiple-choice task families spanning entity
recognition, relation judgment, and short disease-
mediated reasoning. All benchmark items are de-
rived from KG-backed facts with controlled nega-
tives, making MHGraphBench a structured and re-
producible benchmark for evaluating mental-health
biomedical knowledge with respect to a curated
graph rather than a direct measure of broader clini-
cal reasoning or real-world clinical safety. Beyond
benchmark accuracy, we also quantify graph-wide
coverage over entities, relations, and triples, and
provide fine-grained entity- and relation-centric

analyses to localize where models succeed or fail.
Figure 1 summarizes the overall pipeline, including
psychiatric seed selection, mental-health subgraph
extraction, KG-to-QA generation, task construc-
tion, and evaluation.

Design principle: verifiable KG-grounded evalu-
ation. Our central design principle is that bench-
mark items should be automatically derived from
KG facts, paired with explicit negative sampling,
and remain verifiable against the underlying mental-
health subgraph. This makes the evaluation scal-
able and reproducible while also allowing us to
analyze which entities, relations, and graph regions
models handle well or poorly, rather than summa-
rizing performance only with a single overall accu-
racy number.

Using MHGraphBench, we ask four main ques-
tions: 1) Do models that perform well on entity
typing and on the small relation-typing subset also
perform well on clinically meaningful relation judg-
ment? 2) How difficult is short disease-mediated
reasoning relative to simpler recognition tasks? 3)
What additional insight do graph-wide coverage
and fine-grained analyses provide beyond average
task accuracy? 4) When short KG-derived evi-
dence is added, does it consistently help model
performance?

Our experiments across 15 models yield three
main takeaways. First, even the strongest mod-
els are near ceiling on entity typing and on the
small relation-typing subset but remain substan-
tially weaker on relation prediction and two-hop
reasoning, revealing a persistent recognition-to-
judgment gap. Second, clinically sensitive relation
families, especially contraindication, remain
difficult across models, and open-source models
lag well behind the strongest GPT-series systems
on the overall benchmark. Third, graph-wide cov-
erage and evidence augmentation provide comple-
mentary insight: coverage rankings do not fully
match average task rankings, and short KG-derived
evidence helps some models but degrades others.

Contributions

* We construct a mental-health benchmark from a
curated PrimeKG subgraph defined by 42 psy-
chiatric seed disease nodes. It includes nine
standardized multiple-choice task families span-
ning entity recognition, relation judgment, and
short two-hop reasoning, all with KG-supported
ground truth and controlled negatives.
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* We introduce graph-wide coverage metrics and
fine-grained entity- and relation-centric analy-
ses to complement raw task accuracy and local-
ize model strengths and weaknesses within the
mental-health graph.

* We present empirical results across 15 LLMs
showing a persistent recognition-to-judgment
gap, mixed effects of evidence augmentation, and
the importance of response-format reliability in
constrained benchmark evaluation.

2 Related Work

Several studies evaluate LLMs on biomedical
question answering, clinical reasoning, factuality,
expert-style exam tasks, and broader healthcare use
cases (Singhal et al., 2025; Saab et al., 2024; Igbal
et al., 2025; Li et al., 2024). These benchmarks
provide useful broad capability signals, but they
often report aggregate scores over heterogeneous
tasks and therefore offer limited insight into mental-
health-specific knowledge or failure modes (Sing-
hal et al., 2025; Saab et al., 2024; Arora et al.,
2025). In addition, prior work has shown that
multiple-choice LLM evaluation can itself be sen-
sitive to factors such as option ordering, prompt
formatting, constrained answer formats, and output
parsing rules (Pezeshkpour and Hruschka, 2024;
Zheng et al., 2023; Wang et al., 2024).
Knowledge graphs (KGs) have been used to
probe factual knowledge, generate verifiable bench-
marks, and study model reasoning behavior un-
der controlled perturbations (Chandak et al., 2023;
Sun et al., 2023; Salnikov et al., 2023; Markowitz
et al., 2025). Biomedical KG resources such as the
Drug Repurposing Knowledge Graph (DRKG) and
PrimeKG further illustrate the value of structured
graph representations for integrating heterogeneous
biomedical evidence (Ioannidis et al., 2020; Chan-
dak et al., 2023). KG-grounded benchmarks are
especially appealing because they support scalable
question generation, controlled negative sampling,
explicit gold labels, and interpretable evaluation
over entities, relations, and paths. However, rel-
atively little prior work has focused on mental-
health-centered KG benchmarking with clinically
salient relation boundaries, short-path reasoning
tasks, and graph-level coverage analysis.
Mental-health biomedical knowledge spans dis-
order relationships, medication-use boundaries,
phenotypes, exposures, and biological associa-
tions (Freidel and Schwarz, 2025; Gao et al., 2025).

Recent mental-health-specific benchmarks extend
evaluation beyond broad biomedical or clinical
QA by targeting psychiatric diagnostic decision-
making, counseling and help-seeking quality, and
trustworthiness in safety-sensitive settings (Song
et al., 2026; Xiong et al., 2026; Li et al., 2025).
These benchmarks broaden the scope of mental-
health LLM evaluation, but they primarily empha-
size diagnosis, counseling quality, or trustworthi-
ness rather than verifiable structured biomedical
knowledge and KG-grounded relation reasoning.
Our benchmark complements these efforts by fo-
cusing on a curated mental-health slice of PrimeKG
and evaluating entity recognition, relation judg-
ment, short reasoning behavior, and graph-wide
coverage in a unified KG-grounded framework.

3 Benchmark Construction and
KG-to-QA Generation

Figure 1 summarizes the end-to-end pipeline of
the proposed framework. Psychiatric seed diseases
define the target domain, subgraph extraction yields
a curated mental-health slice of PrimeKG, KG-to-
QA generation converts graph facts into benchmark
items, and evaluation reports aggregate accuracy,
graph-wide coverage, and fine-grained analyses.

3.1 Mental-Health Subgraph

PrimeKG is a large, publicly available biomedical
knowledge graph that integrates curated asso-
ciations across drugs, diseases, genes/proteins,
pathways, and other biomedical entities, in which
typed nodes are connected by semantically defined
relation edges (Chandak et al., 2023). In PrimeKG,
disease nodes are encoded using terms from
the Mondo Disease Ontology (MONDO) and
grouped into clinically meaningful disease nodes
during graph construction (Chandak et al., 2023).
Building on this disease layer, we manually
curated a high-precision candidate seed list of
44 PrimeKG disease nodes with psychiatric
relevance. We then excluded two candidates
during post-curation:  X-linked intellectual
disability-psychosis-macroorchidism syndrome,
which was considered outside the intended bench-
mark scope, and multiple personality disorder,
which was considered outdated terminology.
This yielded 42 final psychiatric seed disease
nodes (see Appendix B). This final seed set
defines the benchmark’s mental-health domain
boundary and provides a reproducible basis for
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Figure 1: Overview of the KG-grounded mental-health benchmark framework. Starting from 42 final psychiatric
seed disease nodes in PrimeKG, we extract a clinically focused mental-health subgraph, transform the resulting
knowledge graph into a multiple-choice question-answering (QA) benchmark with nine task families, and evaluate
models using accuracy, coverage, and fine-grained analyses.

subgraph extraction. Starting from these 42 final
psychiatric seed disease nodes, we extracted all
1-hop seed-touching edges and then retained
only a fixed set of clinically salient relation
families, including drug—disease usage relations
(indication, contraindication, off-label
use), disease—disease links, and related biomed-
ical associations such as disease_protein,
disease_phenotype_positive, and
exposure_disease.

This procedure yields 9,242 raw edges con-
necting to the seed disease nodes. We canon-
icalized each retained relation to a consistent
head/tail type signature, with symmetric handling
for disease_disease, and deduplicated triples af-
ter canonicalization. The resulting mental-health
subgraph contains 4,621 unique triples over 1,847
entities and 7 retained relation types, serving as the
sole source of benchmark ground truth.

3.2 KG-to-QA Task Suite

From the curated PrimeKG mental-health sub-

graph, we generate nine standardized multiple-

choice tasks with letter-only outputs and KG-
grounded answers:

» Entity Typing (ET) asks the model to identify
the type of a target entity, using the entity type in
the subgraph as the gold label.

* Entity Clustering (EC) presents an “odd-one-
out” problem formed by sampling four entities of
the same type and one entity of a different type.

* Fact Checking (FC) asks whether a candidate
triple is supported by the subgraph. Negative
examples are generated by replacing the head or
tail entity with a type-matched alternative under
the same relation and retaining only perturbed

triples that are unsupported by the extracted sub-
graph. FC instances are balanced per relation so
that each relation contributes equal numbers of
“Yes” and “No” examples.

¢ Relation Typing (RT) asks the model to iden-
tify the correct head—tail type-pair schema of a
relation, based on the dominant type signature
observed in the subgraph.
Relation Prediction (RP) classifies a drug—
disease pair into one of four categories:
indication, contraindication, off-label
use, or none. Positive pairs are drawn from sub-
graph triples, while none examples are sampled
from drug—disease pairs that do not appear in the
subgraph.

* Two-hop Verification (R1) and Two-hop Selec-
tion (R2) are constructed from 2-hop contexts
of the form Drug A — Disease B and Disease B
— Disease C. Positive instances are created such
that the queried Drug A — Disease C edge al-
ready exists in the subgraph. Negative instances
preserve the same 2-hop scaffold but select a
Disease C such that the queried edge is unsup-
ported. R1 labels are sampled to achieve an ap-
proximately balanced (=~ 50%) “Yes” rate, and
R2 uses the same underlying 2-hop contexts.

¢ Evidence-augmented Two-hop Verification
(R1+E) and Evidence-augmented Two-hop Se-
lection (R2+E) extend the corresponding two-
hop tasks by attaching short PrimeKG feature-
table snippets for the involved entities. Con-
trolled sanitization is applied to redact lexical
forms overlapping with relation answer options,
thereby reducing potential answer leakage.

The ground-truth answers for these questions are
strictly defined by triples in the extracted PrimeKG
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mental-health subgraph. Negative options are con-
structed in a task-specific but KG-consistent man-
ner: FC negatives are created by type-matched head
or tail replacement under the same relation and
retained only when the perturbed triple is unsup-
ported by the extracted subgraph; RP uses none
examples drawn from drug—disease pairs that do
not appear in the subgraph; and negative R1/R2 in-
stances preserve the same 2-hop scaffold but query
a drug—disease edge that is unsupported by the sub-
graph. The final benchmark comprises 1,847 ET
items, 2,000 EC items, 4,000 FC items, 7 RT items,
1,634 RP items, and 1,200 items each for R1, R1+E,
R2, and R2+E.

4 Experiments

4.1 Models

We evaluate 15 models spanning both closed- and
open-source families: GPT-4.1, GPT-5.2-chat,
GPT-40, GPT-5-mini, GPT-5.1-chat, Qwen2.5-
32B-Instruct, Mistral-7B-Instruct-v0.3, Qwen2.5-
7B-Instruct, BioMistral-7B, Llama3-Med42-8B,
DeepSeek-R1-Distill-Qwen-7B, DeepSeek-
R1-Distill-Qwen-32B, Llama3.1-8B-Instruct,
Meditron-7B, and Llama3-OpenBioLLM-8B. This
set includes frontier GPT-series models, general-
purpose open-source instruction-tuned models,
and biomedical-domain variants. Representative
technical reports and model cards for several
evaluated families include GPT-4.1 (OpenAl,
2025), GPT-5-mini (OpenAl, 2026a), GPT-5.1-
chat (OpenAl, 2026b), GPT-5.2-chat (OpenAl,
2026c¢), GPT-40 (OpenAl, 2024), Qwen2.5 (Qwen
Team, 2024), Mistral-7B-Instruct-v0.3 (Mistral
Al, 2024), BioMistral (Labrak et al., 2024),
Med42 (Christophe et al., 2024), DeepSeek-
R1 (DeepSeek-Al, 2025), Meditron (Chen et al.,
2023), OpenBioLLM (Pal and Sankarasubbu,
2024), and Llama 3 (Llama Team Al @ Meta,
2024).

4.2 Evaluation Protocol

All tasks are evaluated under the same letter-only
multiple-choice interface. For API-based models,
we instruct the model to return a single option letter
and apply strict answer parsing to recover one valid
choice from the response. For local models, we use
the same option-letter scoring setup as in the rest
of the evaluation pipeline. Binary tasks use A/B
labels rather than literal Yes/No to reduce lexical
answer bias.

Because benchmark scoring under this setup de-
pends on recovering a valid option letter, response
validity is itself part of the evaluation problem in
addition to raw task accuracy. We therefore treat
output-format reliability as an important evaluation
caveat in constrained multiple-choice assessment.
Additional implementation details for benchmark
construction, evidence sanitization, forced-choice
local evaluation, API answer parsing, and random-
ness control are provided in Appendix D.

4.3 Metrics

We report task-level accuracy (%) and grouped av-
erages for four benchmark dimensions:

Avgp = mean(ET, EC), (1)
Avgp = mean(FC, RT,RP), 2)
Avgy = mean(FC,RP), 3)
Avgg = mean(R1,R2), @)

Avgg, p = mean(R1+E,R2+E),  (5)
Avg 4;; = mean over all nine tasks,  (6)

Avg’;; = mean over the eight tasks excluding RT.
(N

Because RT contains only one question per re-
tained relation (7 items total), its score should be
interpreted cautiously. In the results discussion be-
low, we therefore emphasize the starred averages
when drawing overall comparisons that are less
influenced by the small RT set.

Beyond task accuracy, we also report graph-
oriented coverage over entities, relations, and
triples in the curated mental-health slice of
PrimeKG. Specifically, we compute mean and
degree-weighted correctness over entities and rela-
tions, together with a triple-level aggregate derived
from entity and relation correctness. The none op-
tion in RP is treated as a task-specific no-relation
label rather than as a KG relation and is therefore
excluded from relation coverage. Full metric defi-
nitions are provided in Appendix C. In the current
benchmark, all 1,847 entities and all 7 retained
relations are measured for every model.

5 Results

5.1 Opverall Performance

Table 1 reports the accuracy of the 15 selected
LLMs on MHGraphBench. Because RT contains
only 7 items, we focus first on the RT-excluded
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Table 1: Benchmark accuracy (%) on the PrimeKG mental-health KG-to-QA tasks. We group tasks into four
levels and report block averages: Avgp=mean(ET, EC), Avgp=mean(FC,RT, RP), Avg=mean(FC, RP),
Avgg=mean(R1,R2), Avgg, p=mean(R1+E,R2+E), Avg ,;,=mean over all nine tasks, and Avg’;,=mean
over the eight tasks excluding RT. Because RT contains only 7 items, the starred summaries are often more
informative for overall comparisons. Best values in each column are bolded; ties are jointly bolded.

Model Entity Relation Subgraph Evidence Overall

ET EC Avgz| FC RT (n=7) RP Avgr Avgr-| R1 R2 Avgs|RI1+E R2+E Avgsip|Avgan Avgau-
GPT-4.1 97.62 91.85 94.73]163.32  100.00 54.96 72.76 59.14|57.58 64.00 60.79| 71.42 61.50  66.46| 73.58  70.28
GPT-5.2 98.05 90.10 94.07|63.35  100.00 58.63 73.99 60.99|50.17 65.58 57.88| 61.08 67.58  64.33| 72.73  69.32
GPT-40 97.40 91.85 94.62|63.45  100.00 53.55 72.33 58.50|62.08 54.25 58.16| 68.83 61.42  65.12| 72.54 69.10
GPT-5-mini 98.48 91.75 95.12|64.35  100.00 57.28 73.88 60.81|50.25 59.83 55.04| 59.67 65.42  62.55| 71.89  68.38
GPT-5.1 98.27 92.35 95.31(62.50  100.00 58.08 73.53 60.29|50.17 60.83 55.50| 60.00 64.42  62.21| 71.85 68.33
Qwen2.5-32B 76.45 54.60 65.53|58.40  100.00 38.43 65.61 48.41|50.50 59.00 54.75| 61.25 50.08  55.66| 60.97  56.09
Mistral-7B 70.76 28.15 49.45|52.25 85.71 25.70 54.55 38.98(49.33 26.17 37.75| 56.17 28.25  42.21| 4694 42.10
Qwen2.5-7B 49.32 36.95 43.14|53.18 57.14 25.89 45.40 39.53|50.08 38.92 44.50| 56.75 37.75  47.25| 45.11 43.61
BioMistral 29.24 14.80 22.02|49.90 28.57 20.99 33.15 35.45|53.92 22.92 38.42| 53.17 38.42  45.80| 34.66 3542
Med42-8B 24.96 24.55 24.76|50.30 14.29 27.97 30.85 39.13]55.00 24.92 39.96| 51.42 36.17  43.80| 3440 3691
DeepSeek-R1-DQ-7B | 9.42 20.40 14.91|49.60 28.57 32.62 36.93 41.11[49.75 27.17 38.46| 49.75 25.00 37.38| 3248  32.96
DeepSeek-R1-DQ-32B| 6.55 18.90 12.72|48.15 14.29 22.46 28.30 35.30(49.75 33.92 41.84| 49.58 3575  42.66| 31.04 33.13
Llama3.1-8B 8.39 17.50 12.95|45.32 14.29 23.50 27.70 34.41|50.42 33.83 42.12| 50.25 31.08  40.66| 30.51 32.54
Meditron 20.25 18.00 19.12|50.00 14.29 25.34 29.88 37.67|49.17 21.42 35.30| 51.00 22.08  36.54| 30.17 32.16
OpenBioLLM-8B 16.57 23.35 19.96|50.25 0.00 23.68 24.64 36.97[49.75 24.58 37.16| 56.50 24.33  40.41| 29.89 33.63

Model abbreviations: GPT-5.2=GPT-5.2-chat; GPT-5.1=GPT-5.1-chat; GPT-40=GPT-40; GPT-5-mini=GPT-5-mini;
Qwen2.5-32B=Qwen2.5-32B-Instruct; Qwen2.5-7B=Qwen2.5-7B-Instruct; Mistral-7B=Mistral-7B-Instruct-v0.3;
BioMistral=BioMistral-7B; Med42-8B=Llama3-Med42-8B; DeepSeek-R1-DQ-7B/32B=DeepSeek-R 1-Distill-Qwen-7B/32B;
Llama3.1-8B=Llama3.1-8B-Instruct; Meditron=Meditron-7B; OpenBioLLM-8B=Llama3-OpenBioLLM-8B.

overall summary Avg?,,. Under this summary, the
strongest models in this evaluation are all GPT-
series models: GPT-4.1 ranks first with Avg?,;, =
70.28%, followed by GPT-5.2-chat at 69.32% and
GPT-40 at 69.10%. GPT-5-mini and GPT-5.1-chat
follow closely at 68.38% and 68.33%, respectively.
The RT-including summary Avg 4;; yields a simi-
lar top-level ordering, with GPT-4.1 achieving the
highest score at 73.58%, followed by GPT-5.2-chat
at 72.73% and GPT-40 at 72.54%.

Among open-source models, Qwen2.5-32B-
Instruct is the strongest under both overall sum-
maries, reaching 56.09% on Avg?;,; and 60.97%
on Avg,;. Under the RT-excluded summary,
this still leaves a gap of more than 12 percent-
age points relative to the leading GPT mod-
els. Below Qwen2.5-32B-Instruct, performance
drops markedly: Mistral-7B-Instruct-v0.3 reaches
42.10% on Avgh,; and Qwen2.5-7B-Instruct
reaches 43.61%. The remaining models cluster
in the low- to mid-30s on the RT-excluded overall
summary. Taken together, these results suggest that
the benchmark is challenging not only for smaller
biomedical models, but for most open-source mod-
els in general.

5.2 Recognition vs. Relation Judgment

A central pattern in Table 1 is the gap between
recognition-oriented tasks and relation-judgment
tasks. For the top GPT-series models, recognition-

oriented performance is very strong. GPT-5.1-
chat achieves the highest Avgy, at 95.31%, closely
followed by GPT-5-mini at 95.12%, GPT-4.1 at
94.73%, GPT-40 at 94.62%, and GPT-5.2-chat at
94.07%. ET is particularly strong, ranging from
97.40% to 98.48% across the top five models, while
EC ranges from 90.10% to 92.35%. The RT subset
is also saturated at 100.00% for these models, but
this result should be interpreted cautiously because
RT contains only 7 items and is therefore better
treated as a small descriptive subset than as strong
standalone evidence.

However, this recognition strength does not
translate into equally strong performance on
judgment-related tasks. The best RP score is only
58.63%, achieved by GPT-5.2-chat, followed by
58.08% for GPT-5.1-chat and 57.28% for GPT-5-
mini. Even for the strongest models, these values
remain far below ET and EC. The same separation
appears in the grouped relation summaries. On
the RT-excluded summary, GPT-5.2-chat reaches
the highest Avgy, at 60.99%, followed by GPT-5-
mini at 60.81% and GPT-5.1-chat at 60.29%. The
RT-including summary Avgp shows a similar or-
dering, but it should be interpreted more cautiously
because it includes the 7-item RT subset.

This pattern indicates that a model may correctly
identify entity types and relation schemas while
still struggling to distinguish whether a drug is
indicated, contraindicated, used off-label, or unsup-
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ported for a target disorder.

5.3 Short-Chain Reasoning

Short disease-mediated reasoning is one of the task
categories that most clearly separates stronger mod-
els from weaker ones in the benchmark. Even
among the strongest models, subgraph reasoning
scores remain well below entity-level performance.
GPT-40 achieves the highest R1 score at 62.08%,
while GPT-5.2-chat achieves the highest R2 score
at 65.58%. The grouped reasoning score Avgg is
highest for GPT-4.1 at 60.79%, followed by GPT-
40 at 58.16% and GPT-5.2-chat at 57.88%.

These values are notable because the reasoning
tasks are tightly controlled: the 2-hop scaffold is ex-
plicitly provided, the answer space is constrained,
and correctness is defined with respect to KG sup-
port. Even under these conditions, short-path com-
position remains substantially harder than ET or the
small RT set. Among open-source models, the drop
is sharper: Qwen2.5-32B-Instruct reaches 54.75%
on Avgg, whereas most others remain in the high-
30s to mid-40s. This suggests that composing even
two simple KG hops into a correct structured deci-
sion remains a major failure mode in constrained
evaluation settings.

5.4 Evidence Augmentation Is Not Uniformly
Helpful

Evidence augmentation affects models differently
rather than providing a consistent benefit. On the
positive side, several strong models improve when
short KG-derived feature snippets are added. GPT-
4.1 improves from 57.58% to 71.42% on R1, and
GPT-40 improves from 62.08% to 68.83%. On the
selection side, GPT-5.2-chat improves from 65.58%
to 67.58% on R2, and GPT-5-mini improves from
59.83% to 65.42%. In grouped terms, GPT-4.1
achieves the best evidence-augmented reasoning
score, with Avgg, p = 66.46%), followed by GPT-
40 at 65.12% and GPT-5.2-chat at 64.33%.

At the same time, evidence is not uniformly help-
ful across models. Qwen2.5-32B-Instruct, for ex-
ample, improves strongly on R1, from 50.50% to
61.25%, but drops sharply on R2, from 59.00% to
50.08%, yielding only a modest evidence-grouped
score of 55.66%. Smaller models also show in-
consistent behavior, with some improving on one
evidence-augmented task while remaining weak or
deteriorating on the other. These results suggest
that evidence augmentation is better interpreted as
a diagnostic probe of whether a model can inte-

grate short structured cues than as a universally
corrective prompting strategy.

5.5 Response-Format Reliability

Response-format reliability is an important evalua-
tion issue in MHGraphBench because all tasks use
a constrained letter-only multiple-choice interface.
In this setting, measured performance depends not
only on whether a model knows the correct an-
swer, but also on whether it can reliably return
a single valid option letter that can be unambigu-
ously parsed. This issue is especially relevant for
API-based models, whose outputs may include ex-
tra explanation, multiple candidate letters, or other
text that does not strictly follow the requested re-
sponse format. As a result, benchmark accuracy
can partially reflect output controllability in ad-
dition to underlying task knowledge, a broader
concern that has also been noted in prior work
on multiple-choice LLM evaluation (Wang et al.,
2024; Pezeshkpour and Hruschka, 2024; Zheng
et al., 2023).

This format issue also affects how chance-like
scores on binary tasks such as FC or R1, where
the positive and negative labels are approximately
balanced, should be interpreted. Several weaker
models remain close to 50% accuracy on FC or
R1 while simultaneously performing poorly on ET,
EC, or RP. Such behavior could reflect weak but
genuine reasoning ability, but it may also arise in
part from unstable constrained outputs, response
biases, or instruction-following failures under the
letter-only evaluation setup. For this reason, aggre-
gate task accuracy alone can be misleading unless it
is interpreted together with output-validity checks
and inspection of prediction distributions.

5.6 Model-Family Observations

The results also offer a cautious perspec-
tive on biomedical-domain models. In this
evaluation, biomedical or medically branded
open-source models do not consistently outper-
form general-purpose instruction-tuned alterna-
tives. BioMistral-7B (Labrak et al., 2024), Llama3-
Med42-8B (Christophe et al., 2024), Meditron-
7B (Chen et al., 2023), and Llama3-OpenBioLLM-
8B (Pal and Sankarasubbu, 2024) all score below
the strongest GPT models and below Qwen2.5-
32B-Instruct on the overall summaries. Some of
these models also exhibit unexpectedly weak entity-
level performance: for example, Llama3-Med42-
8B reaches only 24.76% on Avgp, and Llama3-
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Table 2: Compact knowledge coverage (%) on the
PrimeKG mental-health subgraph. We report mean en-
tity coverage, degree-weighted relation coverage, and
triple coverage; full coverage metrics are provided in
Appendix E.1. Models are sorted by Cov(T"). Model
abbreviations follow Table 1.

Model CovAvg(E) CovDeg(R) Cov(T)
GPT-5-mini 77.81 63.30 65.27
GPT-40 77.36 61.18 64.77
GPT-4.1 7791 61.24 63.57
GPT-5.1 77.84 59.62 61.48
GPT-5.2 63.92 44.56 54.97
Mistral-7B 51.19 49.21 53.83
Qwen2.5-7B 44.61 50.35 53.20
Qwen2.5-32B 61.47 55.09 52.31
Meditron 32.59 47.65 48.46
DeepSeek-R1-DQ-7B 29.24 47.25 47.34
DeepSeek-R1-DQ-32B 26.54 4571 4431
Med42-8B 38.23 48.34 38.89
OpenBioLLM-8B 34.02 48.10 37.26
BioMistral 36.74 46.34 37.12
Llama3.1-8B 26.67 42.98 36.71

OpenBioLLM-8B reaches 19.96%.

At the same time, these models are not uniformly
weak across every dimension. Llama3-Med42-8B
reaches 55.00% on R1, and BioMistral-7B reaches
53.92% on R1, despite their low entity scores. This
uneven profile suggests that biomedical adaptation
alone does not guarantee robust structured eval-
uation performance. However, this comparison
should be interpreted cautiously, because the eval-
uated models also differ in parameter scale, base-
model capability, instruction tuning, and output-
format reliability. Taken together, the results sug-
gest that performance in this benchmark reflects
not only domain adaptation, but also the interaction
among general model capacity, instruction follow-
ing, constrained answer formats, and short reason-
ing requirements.

5.7 Knowledge Coverage

Coverage provides a complementary graph-wide
view of model performance (Table 2; full metrics in
Appendix E.1). GPT-5-mini achieves the strongest
triple coverage, with Cov(T) = 65.27%, even
though GPT-4.1 remains the top model by average
task accuracy. This shows that benchmark averages
and graph-wide coverage are not interchangeable.
Coverage also changes the interpretation of open-
source models: Qwen2.5-32B-Instruct is the best
open-source model by Avg?;;, but not by triple
coverage, and GPT-5.2-chat shows lower coverage
than the other GPT models despite ranking near the
top on the main task table.

5.8 Refined Entity and Relation Analysis

To better understand where models succeed or fail,
we also compute fine-grained entity- and relation-
centric accuracy, with full tables reported in Ap-
pendix E.2. The fine-grained relation results show
that contraindication is by far the hardest re-
tained relation on average, whereas indication is
comparatively easier. The fine-grained entity re-
sults further show that high benchmark incidence
does not guarantee ease: anxiety-spectrum and
psychotic-spectrum entities remain difficult despite
their prominence in the benchmark. Taken together,
these results suggest that model failures are con-
centrated in clinically important and diagnostically
heterogeneous parts of the graph.

6 Discussion and Conclusion

We introduced MHGraphBench, a KG-grounded
benchmark for evaluating mental-health biomed-
ical knowledge in LLMs using a curated 1-hop
mental-health subgraph of PrimeKG. The bench-
mark transforms KG-backed facts into nine stan-
dardized multiple-choice task families spanning
entity recognition, relation judgment, and short
two-hop reasoning, and complements task accu-
racy with graph-wide coverage and fine-grained
entity- and relation-centric analyses.

Across 15 models, our results reveal a persis-
tent recognition-to-judgment gap. Leading models
achieve near-perfect performance on entity typ-
ing and very strong performance on the small
relation-typing subset, yet they remain substan-
tially weaker on relation prediction and short-chain
reasoning. Coverage analysis further shows that
average task accuracy and graph-wide coverage
are not interchangeable: GPT-4.1 performs best
on the main benchmark averages, whereas GPT-5-
mini achieves the strongest triple coverage. Fine-
grained analyses localize especially difficult graph
regions, with clinically important relations such as
contraindication and prominent entities such as
anxiety disorder remaining challenging. We also
find that evidence augmentation is not uniformly
helpful across models and that response-format reli-
ability can materially affect measured performance
under constrained multiple-choice evaluation.

These findings suggest that broad biomedi-
cal competence should not be equated with re-
liable structured judgment in mental-health set-
tings. They are consistent with recent evidence
outside biomedicine. In a recent expert-led study
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on high-temperature superconductivity, LLM sys-
tems grounded in curated literature outperformed
more general systems, yet all evaluated systems
still showed important limitations in expert-level
scientific question answering (Guo et al., 2026).
Taken together, these results suggest that current
LLMs may read and organize scientific text flu-
ently without consistently supporting the deeper
judgment required for expert reasoning.

More broadly, our results show that KG-
grounded benchmarking provides an interpretable
and reproducible way to study what LLMs capture
about mental-health biomedical structure, while
highlighting limitations in safety-relevant relation
distinctions and controlled reasoning. Future work
should move toward more challenging but still
controlled benchmarks that better connect struc-
tured knowledge evaluation with clinically relevant
mental-health decision support. MHGraphBench
should therefore be interpreted as a structured eval-
uation of a curated KG slice rather than as a direct
assessment of real-world clinical safety.

Limitations

Our benchmark inherits the coverage limits and
curation decisions of PrimeKG as well as those
of our mental-health subgraph extraction process.
As a result, the task suite is intentionally scoped
and does not capture the full breadth of psychiatric
care, longitudinal patient context, or individualized
treatment decision-making.

All labels are defined with respect to the ex-
tracted PrimeKG mental-health subgraph. Be-
cause biomedical knowledge and clinical guide-
lines evolve over time, these KG-based labels may
be incomplete or may lag behind the most up-to-
date evidence. Accordingly, the benchmark mea-
sures agreement with a curated KG slice rather than
absolute clinical truth.

In addition, we do not perform manual or expert
validation of sampled benchmark items, negative
instances, or evidence snippets beyond the KG-
grounded construction pipeline itself. This means
that benchmark validity depends on the quality of
the underlying graph, the extraction procedure, and
the task-generation rules. In particular, an edge be-
ing unsupported in the extracted subgraph should
not be interpreted as evidence that the correspond-
ing claim is false in the real world; it indicates only
that the queried relation is absent from the curated
benchmark graph. Similarly, although evidence
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snippets are sanitized to reduce direct answer leak-
age, they are not externally adjudicated by domain
experts for completeness, clinical appropriateness,
or real-world decision support value.

Although coverage and fine-grained analyses
provide a richer view than average task accuracy
alone, they still depend on benchmark construction
choices and on how task items involve particular
graph components. These analyses help localize
strengths and weaknesses, but they should not be
interpreted as exhaustive measurements of mental-
health biomedical knowledge.

Finally, because evaluation relies on constrained
multiple-choice outputs, models that fail to fol-
low answer-format instructions may be penalized
for reasons partly independent of their underlying
biomedical reasoning ability. This is both a limi-
tation and an empirical finding of the benchmark:
output controllability is entangled with measured
performance.

Ethics Statement

This work does not evaluate clinical safety, real-
world mental-health decision-making, or patient-
specific treatment appropriateness. The benchmark
should not be used as a substitute for expert over-
sight, especially in settings involving treatment
boundaries, contraindications, or crisis-related deci-
sions (Agarwal et al., 2024; Zhu et al., 2025). More
broadly, our results should be interpreted as a struc-
tured evaluation of KG-grounded mental-health
biomedical knowledge with respect to a curated
mental-health subgraph, rather than as evidence of
clinical validity, real-world safety, or readiness for
clinical deployment.
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A Subgraph Statistics

This appendix section summarizes the size and
composition of the curated PrimeKG mental-health
subgraph used throughout the benchmark.

A.1 Summary Statistics

A.2 Entity and Relation Breakdown

B Mental-Health Seed Disease Nodes

This appendix section documents how the psychi-

atric seed disease list was defined and reports the
final set of seed nodes used for subgraph extraction.
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Table 4: Entity-type and relation-type counts in the
PrimeKG mental-health subgraph.

Entity type Count
Disease 75
Drug 345
Gene/protein 1,326
Effect/phenotype 66
Exposure 35
Relation type Count
disease_protein 3,565
contraindication 556
indication 234
disease_disease 84
disease_phenotype_positive 82
off-label use 54
exposure_disease 46
B.1 Seed Selection Procedure
We began with a manually curated
high-precision  candidate = seed list of
44 PrimeKG disease nodes, stored in

mental_health_seed_diseases_HP.csv.

PrimeKG disease nodes are encoded using terms
from the Mondo Disease Ontology (MONDO)
and grouped into clinically meaningful disease
nodes during PrimeKG construction (Chandak
et al., 2023). Candidate selection was restricted to
psychiatric disorders and closely related conditions
intended to define the benchmark scope. We then
applied two manual post-curation exclusions:
one out-of-scope entry (X-linked intellectual
disability-psychosis-macroorchidism syndrome),
which appeared in the initial candidate list but was
excluded at post-curation because it was outside
the intended psychiatric benchmark scope, and

one outdated entry (multiple personality disorder).

This yielded the final set of 42 psychiatric seed
disease nodes used for subgraph extraction.

B.2 Final Seed List

The final seed list, stored in
mental_health_seed_diseases_FINAL.csv, is
shown in Table 5.

C Coverage Metric Definitions

This section defines the coverage metrics used in
the main paper. We first define per-entity and
per-relation correctness and then derive entity-,
relation-, and triple-level coverage scores.

C.1 Per-Entity and Per-Relation Correctness

Beyond task accuracy, we quantify how well a
model covers the mental-health slice of PrimeKG
in terms of correctness over entities, relations, and
triples. Let the curated mental-health graph be
G = (V,R,T), where V is the entity set, R is the
relation set, and 7' C V' x R x V is the triple set.

For each entity e € V, let Q(e) denote the set of
benchmark items whose gold annotation involves
e. We define empirical entity correctness as

Z 1[gq = yql- )]

q€Q(e)

Similarly, for each relation r € R, let Q(r) denote
the set of benchmark items whose gold annotation
involves r, and define empirical relation correct-
ness as

1
— 19, = . 9
ar(r) 30| q;gm [Yq = Y 9

The none option is treated as a task-specific
no-relation label rather than a KG relation. It is
therefore excluded from relation coverage and con-
tributes only indirectly through entity-level correct-
ness.

C.2 Coverage Scores

We then define five coverage scores. Mean entity
coverage is

COVAVg(E) = ﬁ

Z ag(e).

€€ Vineas

(10)

For degree-weighted entity coverage, we define
entity degree as the number of incident triples in
T,

deg(e) = [{(h,r,t) e T:h=ceort=ce}|,
(11)

with normalizing constant

Zp = Z deg(e).

ecV

(12)

The resulting degree-weighted entity coverage is

1
CovDeg(F) = Zn Z deg(e)ag(e). (13)
ecV

For relations, mean relation coverage is

LS anl),

CovAvg(R) = ——
7€ Rmeas

’ meas ’

(14)
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Table 5: Final set of 42 psychiatric seed disease nodes used to extract the PrimeKG mental-health subgraph.

Node index Node name Node index Node name
27933 anxiety disorder 84190 binge eating disorder
28249 major affective disorder 84195 narcissistic personality disorder
28313  schizophrenia 84204 mixed anxiety and depressive disorder
28592  bulimia nervosa, susceptibility to 84208 alcoholic psychosis
28899  obsessive-compulsive disorder 84226 postpartum depression
32965 early-onset schizophrenia 84288 antisocial personality disorder
33572 psychotic disorder 84294  paranoid schizophrenia
35758 specific phobia 94658 neurotic depression
36021 personality disorder 95043  avoidant personality disorder
38242  bipolar disorder 95044  dependent personality disorder
38945  bulimia nervosa 95390  schizotypal personality disorder
38957 major depressive disorder 95419  schizoid personality disorder
39833  agoraphobia 95420  paranoid personality disorder
83763  manic bipolar affective disorder 95557  atypical depressive disorder
83779  schizoaffective disorder 95941  histrionic personality disorder (disease)
83840 unipolar depression 96890 substance-induced psychosis
83841 endogenous depression 97059 treatment-refractory schizophrenia
83842 anorexia nervosa 97074 methamphetamine-induced psychosis
83903  post-traumatic stress disorder 97811 anorexia nervosa, susceptibility to, 1
83904  social phobia 98548  postpartum psychosis
83910  drug psychosis 99866  panic disorder without or with agoraphobia

where relation degree is defined as the number of
triples in 7' that use relation 7,

deg(r) = ‘{(h,r',t) eT:r = r}‘ . (1%

The corresponding degree-weighted relation cover-
age is

CovDeg(R) — |;’ S deg(r) an(r).
reR

(16)

Finally, for each triple (h,r,t) € T, we define
an auxiliary triple score

aE(h) + CLR(T) + CLE(t)

s(hyr,t) = , amn
3
and triple coverage as
1
Cov(T) = il > s(hyrt).  (18)

(h,rt)eT

Here, Vineas and Ryeas denote the sets of mea-
sured entities and relations. In the current bench-
mark, all 1,847 entities and all 7 retained relations
are measured for every model.

D Benchmark Construction, Evidence,
and Evaluation Details

This appendix section provides implementation-
level details that extend, rather than repeat, the
benchmark overview in Section 3 and the evalua-
tion description in Section 4.2. Unless otherwise
noted, all statements in this section are derived
directly from the benchmark-generation and evalu-
ation code used in our experiments.

D.1 Benchmark Construction Details

The benchmark is generated from
PrimeKG using four input files: kg.csv,
mental_health_seed_diseases_FINAL.csv,
disease_features.tab, drug_features.tab.
The final seed file contains the 42 psychiatric
seed disease nodes reported in Appendix B.
Starting from these seeds, we extract all 1-hop
seed-touching edges from kg.csv, retain only
a fixed set of seven clinically salient relations,
canonicalize relation direction to predefined
head/tail type signatures, and deduplicate the
resulting triples.

The retained relations are disease_protein,

contraindication, indication,
off-label use, disease_disease,
disease_phenotype_positive, and

exposure_disease. Canonical relation signatures
are fixed during preprocessing: disease_protein
is canonicalized as disease—gene/protein;
contraindication, indication, and
off-label use as drug—disease;
disease_disease as disease—disease;
disease_phenotype_positive as
disease—-effect/phenotype; and
exposure_disease as  exposure—disease.
For disease_disease, symmetric duplicates
are additionally removed by lexicographic
canonicalization of the two disease names.

All task instances are generated programmati-
cally from fixed English templates and use a uni-
fied letter-only answer interface. Entity Typing
(ET) is a 5-way multiple-choice question over en-
tity types. Entity Clustering (EC) is constructed
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as an odd-one-out task with four entities of one
type and one entity of another type. Relation Typ-
ing (RT) asks for the dominant head—tail type
signature of a relation. Relation Prediction (RP)
is a 4-way multiple-choice task over indication,
contraindication, off-label use, and none.
Two-hop Verification (R1) is a binary A/B task,
and Two-hop Selection (R2) is a 4-way multiple-
choice task. Evidence-augmented variants (R1+E
and R2+E) use the same underlying task structure
but append short feature-table evidence snippets to
the question.

The two-hop tasks are constructed from contexts
in which a drug is linked to disease A by one of the
three drug—disease usage relations and disease A is
linked to disease B by disease_disease. Positive
R1 instances are those for which the queried drug—
disease B relation already exists in the retained
subgraph. Negative R1 instances preserve the same
2-hop scaffold but require that the queried drug—
disease B relation be absent from the subgraph.
The generator targets an approximately balanced
R1 label distribution with a 50% Yes rate and does
not allow the intermediate disease and queried dis-
ease to be identical. R2 instances are built from
the same contexts and ask the model to select the
most appropriate relation label for the queried drug—
disease pair.

The Fact Checking (FC) task is balanced per
relation. For each retained relation 7, the bench-
mark generator samples positive triples from that
relation and constructs an equal number of negative
examples under the same relation. FC negatives are
created by type-matched head or tail replacement
while preserving the original relation label, and the
perturbed triple is kept only if it does not appear in
the retained mental-health subgraph. This design
avoids relation-replacement negatives and makes
per-relation FC behavior easier to interpret.

D.2 Evidence Construction and Sanitization

Evidence-augmented tasks draw text
snippets from disease_features.tab
and drug_features.tab. For disease
nodes, the pipeline attempts to use
available fields such as  mondo_name,
mondo_definition, umls_description,
orphanet_clinical_description,
mayo_symptoms, mayo_causes,
mayo_risk_factors, and
orphanet_management_and_treatment.

For drug nodes, it attempts to use fields

such as description, indication,
mechanism_of_action, pharmacodynamics,
half_life, state, and category. When multiple
rows are available for the same node, the generator
keeps the first non-empty value for each field.
Long text fields are truncated to at most 220
characters per field before question assembly.

To reduce answer leakage, evidence text is san-
itized before insertion into the question. The san-
itization step redacts lexical forms overlapping
with relation answer options, including patterns
matching indication, contraindication, and
off-label, and replaces them with a neutral place-
holder [REL]. In addition, the original drug-table
field name indication is rendered with the more
neutral display label Clinical use when evidence
blocks are assembled. The evidence block is then
attached in a fixed order: drug evidence first, fol-
lowed by evidence for disease A and disease B.

D.3 Evaluation Protocol Details

All benchmark tasks are evaluated under the same
letter-only interface. For binary tasks, the bench-
mark uses A/B labels rather than literal Yes/No
strings, with A corresponding to Yes and B corre-
sponding to No. The evaluation code records per-
task accuracy for all tasks and additionally com-
putes diagnostic quantities such as prediction-A
rate and balanced accuracy for A/B tasks.

For local Hugging Face models, evaluation is
performed by forced-choice scoring rather than
free-form generation. The prompt is constructed
by appending the fixed anchor \nAnswer: to each
benchmark question. If the tokenizer provides a
chat template, the prompt is wrapped using the tok-
enizer’s chat-template interface; otherwise, the raw
question text is used directly. Candidate answer let-
ters are scored through multi-token log-probability
accumulation over several surface forms, includ-
ing (A), bare-letter forms with a trailing newline,
parenthesized-letter forms with a trailing newline,
and several short prefixes. Scores for multiple sur-
face forms corresponding to the same letter are
merged by taking the maximum score for that let-
ter, and the highest-scoring allowed option is se-
lected as the model prediction. This procedure
makes local evaluation deterministic given fixed
model weights, tokenizer behavior, and benchmark
inputs.

The local evaluation code uses batch size 1,
maximum sequence length 4096, bfloat16 model
loading, and automatic device placement via
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device_map="auto". Model loading is performed
with trust_remote_code=True. For API-based
models, the evaluation pipeline queries the model
with temperature set to 0 and a maximum comple-
tion length of 120 tokens, then applies strict answer
parsing to recover a single option letter from the
returned text. The parser first searches for explicit
answer patterns such as Answer: (X) and then
falls back to leading-letter or in-text letter matching
when necessary. Because some API-based models
occasionally return outputs that do not perfectly
follow the requested constrained format, response
validity is itself an important part of the measured
evaluation behavior.

D.4 Randomness and Deterministic Settings

Benchmark generation uses a fixed Python random
seed of 42. This seed controls the sampling opera-
tions used during task construction, including op-
tion shuffling, entity selection, negative sampling,
and task-instance ordering. Local model evaluation
by forced-choice scoring does not sample from the
model and is therefore deterministic given fixed
model weights, tokenizer behavior, and benchmark
inputs. API-based evaluation is configured with
temperature O to reduce generation variability.

E Extended Coverage and Fine-Grained
Results

This appendix section reports the full coverage ta-
bles and the detailed entity- and relation-level anal-
yses that complement the compact summaries in
the main text.

E.1 Knowledge Coverage Results

Table 6 provides a complementary graph-wide view
of performance. Because all 1,847 entities and all 7
retained relations are measured for every model,
these metrics summarize behavior over the full
benchmark graph rather than over a partial sub-
set. The strongest triple coverage is achieved by
GPT-5-mini, with Cov(T") = 65.27%, followed by
GPT-40 at 64.77% and GPT-4.1 at 63.57%. This
ranking differs from the main task average, where
GPT-4.1 is the top model. The discrepancy sug-
gests that average task accuracy and graph-wide
coverage capture different aspects of model behav-
ior.

At the entity level, GPT-4.1 achieves the high-
est mean entity coverage, with CovAvg(E) =
77.91%, closely followed by GPT-5.1-chat and

GPT-5-mini. However, GPT-5-mini attains the
highest degree-weighted relation coverage, with
CovDeg(R) = 63.30%, which helps explain why
it leads on triple coverage. In other words, GPT-
5-mini is especially strong on graph-central rela-
tion mass, even though GPT-4.1 remains slightly
stronger on average benchmark accuracy.

Coverage also changes the interpretation of open-
source models. Qwen2.5-32B-Instruct is the best
open-source model by Avg,;; in Table 1, but it
does not have the strongest open-source triple cov-
erage. Mistral-7B-Instruct-v0.3 and Qwen2.5-7B-
Instruct both slightly exceed Qwen2.5-32B-Instruct
on Cov(T), suggesting that correctness on high-
degree graph components can differ from overall
task-level performance. GPT-5.2-chat is another
notable case: despite ranking near the top on the
main benchmark averages, its coverage scores are
substantially lower than those of the other GPT
models, indicating that its correctness is less evenly
distributed across the graph.

E.2 Fine-Grained Entity and Relation
Analysis

For a model m and relation r, we define

em ()
n(r)’

where n(r) is the number of benchmark items
whose gold annotation involves relation r, and
¢m /(1) is the number of those items answered cor-
rectly. Similarly, for an entity e, we define

Accp,(r) = (19)

cm(€)
n(e)
We report high-incidence entities and retained rela-
tions because these components exert a strong in-
fluence on observed benchmark behavior and help
localize where model performance concentrates.

The fine-grained relation results in Table 7 re-
veal substantial variation across clinically salient
relation families. The easiest relation on aver-
age is indication, with a mean accuracy of
59.1%, followed by disease_disease at 56.6%
and exposure_disease at 55.7%. In contrast,
contraindication is by far the hardest relation,
with a mean accuracy of only 35.8%. This is no-
table because contraindication marks one of the
most safety-sensitive boundaries in mental-health
pharmacotherapy. Its difficulty helps explain why
RP remains much weaker than ET or the small RT
set, even for the strongest models.

Accp,(e) = (20)
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Table 6: Knowledge coverage (%) on the PrimeKG mental-health subgraph. Higher is better. All models measure
all 1,847 entities and all 7 retained relations. Models are sorted by Cov(T').

Model CovAvg(E) CovDeg(E) CovAvg(R) CovDeg(R) Cov(T) Meas.E Meas. R
GPT-5-mini 77.81 66.26 64.34 63.30 65.27 1847 7
GPT-40 77.36 66.57 61.23 61.18 64.77 1847 7
GPT-4.1 7791 64.74 61.33 61.24 63.57 1847 7
GPT-5.1-chat 77.84 62.40 62.30 59.62  61.48 1847 7
GPT-5.2-chat 63.92 60.17 44.86 44.56 54.97 1847 7
Mistral-7B-Instruct-v0.3 51.19 56.14 52.52 49.21 53.83 1847 7
Qwen2.5-7B-Instruct 44.61 54.63 54.92 50.35 53.20 1847 7
Qwen2.5-32B-Instruct 61.47 50.92 61.62 55.09 5231 1847 7
Meditron-7B 32.59 48.87 44.68 47.65  48.46 1847 7
DeepSeek-R1-Distill-Qwen-7B 29.24 47.39 44.89 4725 4734 1847 7
DeepSeek-R1-Distill-Qwen-32B 26.54 43.58 46.11 4577 4431 1847 7
Llama3-Med42-8B 38.23 34.17 46.46 48.34 38.89 1847 7
Llama3-OpenBioLLM-8B 34.02 31.84 45.81 48.10 37.26 1847 7
BioMistral-7B 36.74 32.50 45.84 46.34 37.12 1847 7
Llama3.1-8B-Instruct 26.67 33.58 44.39 42.98 36.71 1847 7

Table 7: Fine-grained accuracy (%) on retained relations in the mental-health subgraph. Relations are ordered by
benchmark incidence in the evaluation set. The highest model score in each row is bolded. The final column reports

the mean accuracy across models.

Relation

Items‘BioM7B DS32 DS7 Med42 OpenBio Meditron Mistral7B

Q32 Q7 GPT4.1 GPT40 GPT5m GPT5.1 GPT5.2 L3.1-8B|Mean

contraindication 3348 245 38.1 357 39.8

389

36.8

disease_protein 2983 49.5 474 49.7 49.9 50.1 50.0
indication 1629 450 327 358 450 39.7 38.0
off-label use 239 50.5 495 41.7 41.7 41.7 39.8
disease_disease 95 50.5 484 495 50.5 51.6 49.5
disease_phenotype_positive 93 51.6 527 495 50.5 49.5 49.5
exposure_disease 63 492 540 524 47.6 49.2 49.2

27.0 33.1 30.3 43.6 41.8 37.8 38.0 31.8 39.8| 35.8
50.6 56.1 51.0 62.9 62.9 65.9 61.4 46.0 43.3| 53.1
75.3 80.4 83.9 78.1 81.9 81.7 77.9 51.9 38.6| 59.1
40.8 66.0 49.5 63.1 62.1 67.0 70.9 49.5 41.7| 51.7
65.3 72.6 55.8 63.2 64.2 64.2 69.5 44.2 49.5| 56.6
51.6 61.3 47.3 58.1 57.0 59.1 58.1 39.8 54.8| 52.7
57.1 61.9 66.7 60.3 58.7 74.6 60.3 50.8 429| 55.7

Model abbreviations: BioM7B=BioMistral-7B; DS32=DeepSeek-R1-Distill-Qwen-32B; DS7=DeepSeek-R1-Distill-Qwen-7B; Med42=Llama3-Med42-8B; OpenBio=Llama3-
OpenBioLLM-8B; Meditron=Meditron-7B; Mistral7B=Mistral-7B-Instruct-v0.3; Q32=Qwen2.5-32B-Instruct; Q7=Qwen2.5-7B-Instruct; GPT4.1=GPT-4.1; GPT40=GPT-40;
GPT5m=GPT-5-mini; GPT5.1=GPT-5.1-chat; GPT5.2=GPT-5.2-chat; L.3.1-8B=Llama3.1-8B-Instruct.

The relation-level results also show that

overall model quality does not imply uniform
strength across relation families. GPT-4.1 is
strongest on contraindication at 43.6%,
GPT-5-mini is strongest on disease_protein
and exposure_disease at 65.9% and 74.6%,
respectively, GPT-5.1-chat is strongest on
off-label use at 70.9%, and Qwen2.5-
7B-Instruct is strongest on indication at
83.9%. Qwen2.5-32B-Instruct  achieves
the best score on disease_disease and
disease_phenotype_positive. These row-wise
inversions reinforce the idea that performance is
relation-dependent rather than uniformly ordered
by overall benchmark average.

The fine-grained entity results in Table 8 show
that high benchmark incidence does not guarantee
ease. Among the Top-15 high-incidence mental-
health entities, the highest mean accuracies are
observed for major depressive disorder (57.1%),
schizophrenia (55.7%), and unipolar depression
(54.7%). However, several prominent entities
remain difficult, most notably anxiety disorder,
which has the highest benchmark incidence in

this subset but only 40.1% mean accuracy. Psy-
chotic disorder (43.0%) and schizoaffective dis-
order (40.4%) are also challenging despite their
high incidence. At the lower end, anorexia ner-
vosa (37.8%) and obsessive-compulsive disorder
(38.6%) are among the hardest entities in this set.

Taken together, the fine-grained analyses suggest
that model failures are concentrated in clinically
important and diagnostically heterogeneous parts
of the graph. High-incidence depressive disorders
are often handled reasonably well by the stronger
models, but anxiety-spectrum, psychotic-spectrum,
and medication-boundary distinctions remain much
less stable.
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Table 8: Fine-grained accuracy (%) on Top-15 high-incidence mental-health entities in the benchmark. Entities are
ordered by benchmark incidence in the evaluation set. The final column reports the mean accuracy across models.

Entity Ilems‘BioM7B DS32 DS7 Med42 OpenBio Meditron Mistral7B Q32 Q7 GPT4.1 GPT40 GPT5m GPT5.1 GPT5.2 L3.1-8B ‘Mean
anxiety disorder 1178 248 57.0 539 286 28.3 57.7 46.4 30.0 54.2 36.5 414 383 30.3 45.7 28.7| 40.1
bipolar disorder 758 28.5 346 61.7 307 30.2 62.0 60.2 40.0 62.2 59.5 59.8 57.6 51.7 61.2 31.7| 488
major affective disorder 681 288 61.8 626  33.1 333 61.3 58.5 36.9 58.0 489 532 50.4 44.0 59.0 59.3| 499
schizophrenia 673 242 71.1 714 235 23.1 71.1 74.4 487 742 62.7 65.2 62.2 55.6 66.7 42.0| 557
psychotic disorder 609 28.2 348 392 370 33.7 37.0 249 514 359 72.4 61.9 53.0 60.8 453 29.8| 43.0
schizoaffective disorder 556 30.1 407 394 394 36.1 42.6 324 412 41.7 472 43.1 49.1 46.8 39.8 36.1| 404
unipolar depression 480 304 59.8 63.1 31.8 315 61.9 67.3 50.0 68.5 62.2 70.5 69.0 60.1 61.9 32.7| 547
major depressive disorder 475 36.1 55.1 555 38.8 35.7 55.1 67.8 559 64.8 62.1 69.6 75.3 70.5 59.5 55.1| 571
endogenous depression 358 31.8 56.6 585 322 30.6 57.8 64.0 51.2 65.5 57.0 61.2 63.6 55.8 57.8 31.8| 51.7
obsessive-compulsive disorder 262 36.7 30.0 36.7 40.0 41.1 333 25.6 422 35.6 48.9 35.6 522 533 433 24.4| 386
anorexia nervosa 187 26.7 32.0 320 400 36.0 34.7 21.3 40.0 24.0 46.7 48.0 54.7 52.0 413 37.3| 378
drug psychosis 178 32.0 41.8 402 393 38.5 43.4 32.8 41.8 35.2 49.2 55.7 393 40.2 41.0 36.9| 405
manic bipolar affective disorder 163 417 4377 437 476 42.7 49.5 49.5 553 49.5 63.1 62.1 65.0 66.0 50.5 47.6| 51.8
mixed anxiety and depressive disorder 135 569 21.6 21.6 627 56.9 235 39.2 68.6 35.3 62.7 58.8 70.6 70.6 37.3 31.4| 478
neurotic depression 133 49.1 421 38,6 421 40.4 42.1 36.8 42.1 404 70.2 73.7 63.2 59.6 49.1 33.3| 482

Model abbreviations are identical to Table 7.
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