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Abstract

We present ClinPath, a holistic multimodal

framework that combines knowledge graph
modeling with large language model (LLM)
reasoning to comprehensively represent and
and analyze longitudinal patient clinical jour-
neys. Built on the MIMIC-IV database, Clin-
Path introduces ClinKG, a large-scale clin-
ical knowledge graph that integrates diag-
noses, symptoms, medications, procedures, de-
mographics, and provider interactions into a
unified representation of patient care. Unlike
prior work that constructs narrow, diagnosis-
centered graphs, ClinKG captures the full spec-
trum of patient—provider interactions across
time and care settings. The LLM reason-
ing layer demonstrates ClinPath’s versatility
through two key applications: (1) patient simi-
larity analysis, where this pipeline significantly
improved performance on our custom bench-
mark, ClinPath-SimBench, and (2) provider
behavior analysis, a novel downstream task.
Together, these results illustrate how com-
bining graph-structured representations with
LLM-based reasoning yields clinically meaning-
ful, multi-perspective insights.
Keywords: Healthcare AI, Knowledge
Graphs, Large Language Models, MIMIC-
IV, Clinical Interactions, Patient Similarity,
Multimodal Data Integration
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1. Introduction

The medical field generates a wide range of data
distributed across various modalities and sources.
Clinical information may take the form of unstruc-
tured physician notes, structured electronic health
records (EHRs), medical imaging (e.g., X-rays, CT
scans), laboratory test results, and genomic data.
These modalities span a different format—text, im-
ages, time-series, or structured tabular records. They
each capture distinct aspects of a patient’s health sta-
tus and together offer a more holistic view of the clin-
ical journey.

However, effectively integrating this multimodal
data remains a key challenge in healthcare. The data
ranging from free-text to high-dimensional omics
data makes it difficult to create unified representa-
tions. Bridging these sources in a way that preserves
semantic meaning and clinical utility is a key step
toward enabling more effective care. This challenge
has led to an active area of research focused on multi-
modal machine learning, representation learning, and
the development of frameworks that can reason across
diverse data types in a meaningful way (Acosta et al.,
2022; Kline et al., 2022; Artsi et al., 2024; Cai et al.,
2019).

Knowledge graphs (KGs) have emerged as a
promising approach for organizing this fragmented in-
formation. By representing clinical concepts—such as
diagnoses, symptoms, medications, procedures, and
providers—as nodes, and their interactions as edges,
KGs unify diverse data sources into a structured rep-
resentation. Biomedical KGs have been successfully
applied to various downstream tasks, including drug
repurposing, clinical decision support, and adverse
event prediction (Chandak et al., 2023; Wu et al.,
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2023; Mishra and Shridevi, 2024). However, most ex-
isting KGs are either domain-specific or built around
a narrow set of entities, limiting their generality.
Moreover, the construction of new knowledge graphs
for different use cases introduces redundancies that
reduce KG research efficiency and can be simplified
with a more general knowledge graph that can en-
able broader re-usability. However, building a com-
prehensive, general-purpose KG that accurately cap-
tures the full scope of a patient’s clinical journey re-
mains an open challenge.

ClinPath introduces ClinKG, a large-scale, general-
purpose knowledge graph that captures information
across the entire clinical journey, extending beyond
patient or diagnosis-centric data. It includes de-
tails about providers, pharmacists, procedures, med-
ications, and more, enabling a comprehensive view
of healthcare interactions. Unlike existing graphs
that are narrowly focused, ClinKG is designed to be
broadly applicable.

LLMs were then employed on top of ClinKG as
the primary reasoning layer in the pipeline, operat-
ing over both the structured graph representations
and raw calculated metrics (e.g., degree centrality,
Jaccard scores). Traditional approaches for analyz-
ing knowledge graphs rely on only graph algorithms
and various neural network encoders, which learn la-
tent representations from node features and the un-
derlying graph structure and oftentimes have diffi-
culty generalizing (Bai et al., 2023; Xu et al., 2016).

More recently, LLMs have shown strong perfor-
mance in processing natural language representations
of structured data. By converting relational triples
into text, LLMs were applied on top of ClinKG to
support a wide range of downstream applications, in-
cluding the established task of patient similarity anal-
ysis and the novel task of provider behavior analysis.
For patient similarity analysis, we introduce a cus-
tom benchmark, ClinPath-SimBench, and evaluate it
against state-of-the-art baselines.

The key contributions of this project are as follows:

e Construction of ClinKG, a large, general-
purpose clinical knowledge graph that models di-
verse healthcare entities and their interactions.

e Integration of LLMs as a reasoning layer on top
of ClinKG to demonstrate its usability across
multiple downstream tasks.

e Empirical evaluation through two representative
applications: (i) patient similarity analysis and

(ii) provider behavior analysis, highlighting the
framework’s versatility and state-of-art perfor-
mance compared to existing patient similarity
models

e A new benchmark dataset, ClinPath-SimBench,
for evaluating patient similarity models with
clinical relevance

2. Literature Review

Knowledge graphs have been used in the biomedical
field for years. These graphs have traditionally been
very specialized and only designed for a small range
of specific downstream applications. Cui et al. (2023)
note that most biomedical knowledge graphs contain
fewer than 20 nodes (implying limited feature diver-
sity) and all were built for their specific downstream
use cases.

Halamka and Cerrato (2023) used knowledge
graphs to extract diagnosis and procedure codes
for more accurate coding, but they only contained
enough information for that task. Collectively, such
graphs are currently being used to solve a wide range
of tasks within biomedicine, underscoring their im-
portance across various domains within the field.
However, because they are highly specialized for their
own tasks, each graph cannot be applied to many
other problems besides their own.

Patient-centric knowledge graphs built from Elec-
tronic Health Records (EHRs) have similarly been
developed for narrow, application-specific tasks.
PharmKG (Zheng et al., 2021) only identified rela-
tionships between genes, drugs, and diseases, and
DRKF knowledge graph (Zhang and Che, 2021) only
linked drugs and Parkinson’s disease. Mishra and
Shridevi (2024) used EHRs to create a patient sim-
ilarity graph using diagnoses, procedures, and med-
ications information. This graph only had a limited
number of features (diagnoses, procedures, and med-
ications) and was tailored only for the downstream
patient similarity task but none others. ClinKG was
also applied to this patient similarity task to show its
effectiveness in solving problems previously solved by
specialized graphs.

Overall, knowledge graphs utilized for biomedical
and patient-centric healthcare tasks were previously
specialized and independent of each other, which
added a layer of redundancy. To resolve these issues,
this work introduces a general purpose knowledge
graph that follows the patient’s journey including
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Figure 1: ClinPath pipeline.

Overview of the ClinPath framework. Heterogeneous EHR data from

MIMIC-IV is integrated into a unified knowledge graph ClinKG. An LLM reasoning layer oper-
ates over relation triples to support various downstream applications, including patient similarity
(evaluated on ClinPath-SimBench) and provider behavior analysis.

symptoms, procedures, provider and pharmacy or-
ders, diagnoses, and subsequent admissions, etc. This
comprehensive view of the patient journey from start
to end provides a unified framework which can help
researchers solve a multitude of downstream tasks
and understand clinical interactions more holistically.

3. ClinKG Generation

3.1. Overview

Relevant data from MIMIC-IV (Johnson et al., 2024)
was processed and aggregated to generate temporally
ordered relational information across multiple data
modalities. Each patient’s longitudinal clinical his-
tory from all their hospital admissions was structured
into a unified clinical knowledge graph, ClinKG, that
integrates tabular data (e.g., diagnoses, procedures),
unstructured free text (e.g., symptoms and other in-
formation extracted from clinical notes), and numer-
ical information (e.g., dosage and prescription de-
tails). Each admission was represented as a distinct

node connected to the patient through temporal re-
lationships, enabling the graph to encode both mul-
timodal and longitudinal clinical data.

3.2. Dataset

MIMIC-IV (Johnson et al., 2024) database, contains
tabular, textual, and imaging data for more than
300,000 patients across all hospital admissions. This
covers information such as diagnoses, procedures, and
other clinical events, as illustrated in Figure 2. The
MIMIC-IV-Note (Johnson et al., 2023) database pro-
vides clinical notes associated with hospital stays,
from which symptom information was extracted us-
ing GPT-4o (OpenAl, 2023). Altogether, the rele-
vant information was originally distributed across 26
decentralized files. We concatenated, extracted, and
reorganized these data sources into two standardized
tables per patient, as described in Section 3.3.
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Figure 2: MIMIC-IV database tables used for con-
structing the clinical knowledge graph

3.3. Feature Extraction

For each patient, relevant information was aggregated
into two key tables. The first table included patient
information such as demographics and other com-
monalities across hospital admissions. The second
table included patient admissions information where
each row in the table contained the patient’s admis-
sion information such as symptoms, prescribed med-
ications, and provider name for that admission. In
addition to extracting information relevant to this
ClinKG graph from the 26 files mentioned above,
some other necessary associations were created be-
tween features. For example, two provider orders
were connected when one was discontinued by an-
other and linked medications listed in a different file
to provider orders. All codes were cross-referenced
with a lookup table to retrieve their descriptions,
which were then added as features to the table. All
these features were organized in a dictionary by pa-
tient and admission numbers.

3.4. Knowledge Graph Creation

Once these features were extracted, a knowledge
graph was generated. For each patient and admission,
GPT-40 (OpenAl, 2023) was queried with the feature
dictionary and feature descriptions. This produced a
list of relational triples which linked one entity to an-
other entity. An example of this is the patient linked
to the admission number with the label, ”has admis-
sion” or the admission number linked to a medicine
with the label, ”is prescribed.”

These relational triples were concatenated and
then iterated through to create a digraph using the
Graphviz library. This graph captured the com-
plex relationships between patients, providers, and
other healthcare professionals, tracking each patient’s
full clinical journey—including orders placed, medi-

cations prescribed or discontinued, and other inter-
mediate steps— across time.

Figure 3: Segment of the knowledge graph for a sin-
gle patient and admission

While this knowledge graph includes information
for all patients and all admissions, Figure 3 displays
only a segment of the knowledge graph for one patient
and one admission for clarity.

3.5. Knowledge Graph Analytics

After constructing the longitudinal ClinKG, we per-
formed a series of graph analyses to characterize its
temporal structure and to provide interpretable sig-
nals for the LLM reasoning layer described in Sec-
tion 4. Unlike static graphs that capture a single pa-
tient current status, ClinKG encodes each patient’s
full clinical trajectory across time. Each admission
is a distinct node connected chronologically to prior
and subsequent admissions, enabling temporal rea-
soning over evolving diagnoses, medications, and pro-
cedures. Thus, we computed graph-level and node-
level statistics to understand connectivity and influ-
ence within this temporal network. This included
degree distributions across node types (patients, ad-
missions, diagnoses, medications, and procedures).
Centrality measures, such as degree, betweenness,
and eigenvector centrality, were used to identify clini-
cally influential nodes (e.g., key diagnoses or medica-
tions that frequently mediate transitions across ad-
missions) and to quantify their role in information
flow over time. Similarity-based measures, includ-
ing Jaccard similarity, were also used to quantify the
overlap between patients’ neighborhoods of diagnoses
and treatments. The resulting analytics were not
only used to characterize the graph but were also in-
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tegrated as contextual signals for the LLM reasoning
layer.

4. LLM Reasoning: Patient Similarity

Once constructed, the knowledge graph ClinKG can
be applied to a wide range of downstream tasks.
Its large scale captures information on patients,
providers, medications, procedures, and symptoms,
making it a powerful tool for clinical decision sup-
port.

A primary application and focus of this research
was patient similarity analysis, where the goal was to
identify patients with similar medical profiles. This
is particularly valuable for providers aiming to better
understand complex cases or for junior medical pro-
fessionals who can more easily learn by referencing
similar past patient cases. By identifying patients
most similar to the current patient, clinicians can
gain insights into likely disease trajectories, effective
treatment responses, and potential risks. This, in
turn, enables more personalized care and improves
clinical decision-making and outcomes.

4.1. Experimental Set-up

To implement this, ClinKG triples for all patients
were retrieved and saved to a pickle file. These re-
lation triples were then reformatted into natural lan-
guage strings in a two-step process. First, a triple,
in the format (99384712, is_diagnosed, asthma), for
example, was converted to the natural language sen-
tence: 99384712 is diagnosed with asthma. These
strings were then further organized by category (e.g.,
diagnoses, prescriptions, procedures) to introduce
more structure and facilitate analysis.

This transformation was applied to all triples for
each patient to create a consolidated textual repre-
sentation per patient. This master string was then
sent to an LLM, where it extracted similarity scores
for each feature (symptoms, prescribed medications,
and miscellaneous) between every pairwise combina-
tion of patients. Each similarity score was calculated
on a scale from 0 to 1 based on the number of over-
lapping items. A final overall similarity score was
computed by averaging the sub-scores across all fea-
tures. The resulting information was structured into
a JSON format for each pairwise set of patients, en-
abling the final similarity scores to be easily sorted
in order to identify the most similar patients for any
given individual.

4.2. Benchmark Creation

Because no suitable dataset existed to evaluate
ClinPath, a novel benchmark dataset, ClinPath-
SimBench, was constructed containing 120 patient
profiles mapping to their pairwise similarity scores.

To build this dataset, a system of unique codes
representing medical diagnoses (ICD-10-CM) was uti-
lized. ICD-10-CM is organized as a hierarchy, where
codes that are closer together generally represent to
more similar conditions and codes that are further
apart typically represent less similar conditions (Gi-
rardi et al., 2016). Leveraging this property, diag-
nosis code similarity derived from the hierarchy was
used as an objective ground truth to evaluate patient
similarity.

The authors began by randomly selecting ICD-10-
CM diagnosis codes across ICD-10-CM chapters to
ensure broad coverage across disease categories. For
each selected diagnosis code, five different codes were
identified corresponding to five levels of similarity rel-
ative to the original code. These similarity levels were
derived from the ICD-10-CM hierarchy and conclu-
sions from prior literature.

The similarity levels were:

e 1.00 similarity — Exact code match (ex: 126.9,
126.9)

0.75 similarity — Same 3 character prefix (ex:
126.9, 126.0)

0.50 similarity — Same chapter (same letter)
(ex: 126.9, 182.409)

0.25 similarity — Different chapter but same
organ system (ex: 126.9, J96.01)

0.0 similarity — Different chapter and different
organ system (ex: 126.9, H54.0)

For each diagnosis code, a patient profile was cre-
ated from clinical research and computational meth-
ods. Patient profiles simulated LLM-readable natu-
ral language representations of the MIMIC-IV data
tables and included clinical features such as symp-
toms, medications, physician orders, and procedures
while explicitly excluding diagnosis-related informa-
tion. Thus, patient profile pairs were mapped to
corresponding ground truth similarity scores in this
benchmark.

ClinPath-SimBench provided an objective frame-
work to evaluate patient similarity and can be used to
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enhance clinical models for improved treatment rec-
ommendations, clinical decision support, and clinical
trial cohort discovery.

4.3. Baseline Models

The benchmark described in Section 4.2 was utilized
to evaluate performance of ClinKG against baselines.
A diverse group of baselines were selected spanning
lexical, graph, and embedding-based models.

A traditional text similarity technique, TF-IDF
(Salton and Buckley, 1988), was used to establish a
performance floor. Node2Vec (Grover and Leskovec,
2016), a graph-embedding model, was included to
evaluate the contribution of ClinKG’s graph struc-
ture. BioClinical BERT (Alsentzer et al., 2019), a
transformer model pretrained on biomedical liter-
ature and MIMIC III clinical notes, was selected
for its ability to capture deep contextual seman-
tics within clinical text. SapBERT (Liu et al.,
2021), a transformer model initialized from PubMed-
BERT and trained with a self-alignment objective on
UMLS biomedical ontologies, was included because
of its strength in identifying semantic similarity be-
tween medical terms, especially synonymous diag-
noses. The Patient Similarity Network (PSN) was
also evaluated as it has been extensively applied in
patient similarity research (Navaz et al., 2022). It
involves similarity driven by feature overlap (proce-
dures, symptoms, etc) that is highly interpretable
and thus heavily used in healthcare. Two PSN vari-
ants were evaluated: PSN Learned, in which the
model learns optimal weights of features, and PSN
Uniform, a simpler model in which all features have
equal weights. Lastly, ClinPathNoGraph, a variant
of ClinPath that excluded graph analytics augmenta-
tion described in Section 3.5, was included as a base-
line to demonstrate the contribution of the knowledge
graph component of ClinPath.

4.4. Evaluation
4.4.1. BENCHMARK

Once the benchmark was created, ClinPath and the
baseline models were evaluated on it.

As shown in Table 1, ClinPath achieved the high-
est performance across almost all metrics, with con-
sistent results and minimal variance (j0.01 for all
key metrics) across ten independent seeds. It ob-
tained the highest Topl=1.0 score and Topl>0.75
(fraction of queries where the highest ranked patient

had a similarity of 1.0 or >0.75, respectively) in-
dicating strong performance on exact matches and
clinically relevant close matches. It also had the
highest performance on the Normalized Discounted
Cumulative Gain (NDCG) metric (measures rank-
ing accuracy with emphasis on patients with high
rankings), highlighting that the model outperformed
baselines in prioritizing clinically similar patients in
the ranking. ClinPath also had the highest Pearson
correlation coefficient with statistically significant p-
values, representing that the model produces similar-
ity scores that more accurately match clinical expec-
tations. While ClinPath had a slightly lower pairwise
order accuracy than BioClinical BERT), it was only by
0.005, which can be negligible given its superior per-
formance across other metrics.

On the other hand, multiple models outperformed
ClinPathNoGraph, a variant of ClinPath that ex-
cluded graph analytics augmentation. This under-
performance demonstrated the importance of hav-
ing graph-based reasoning for patient similarity tasks
and emphasized the value of integrating a knowledge-
graph component in ClinPath.

ClinPath not only outperformed other patient sim-
ilarity models in accuracy, but also in ranking quality
and score alignment.

4.4.2. CLINPATH INFERENCE EVALUATION

In addition to the benchmark-based evaluation de-
scribed in earlier sections, we conducted a separate
controlled experiment to directly evaluate the Clin-
Path pipeline on the real constructed ClinKG. This
setup was designed to test ClinPath’s ability to in-
fer patient similarity from ClinKG itself, rather than
relying solely on the benchmark dataset.

For each real patient node in Clin-KG, three syn-
thetic patient profiles were generated with predefined
ground-truth similarity scores of 1.0, 0.5, and 0.0,
using the same methodology as in the benchmark
setup. These profiles were then appended to the ex-
isting Clin-KG, creating an augmented version of the
real-world graph that retained its temporal and mul-
timodal structure.

The LLM reasoning layer was applied to this aug-
mented Clin-KG to predict similarity scores between
each real patient and their corresponding synthetic
profiles. This process was repeated for all real pa-
tients, enabling a direct evaluation of ClinPath’s en-
tire pipeline including the actual ClinKG. Spearman
correlation and Pearson correlation values were then
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Table 1: Performance comparison of ClinKG and baseline models on the new benchmark dataset, sorted

from best to worst.

Model Topl=1.0 Topl>0.75 Pairwise Order NDCG®@all Mean Rank Spearman Pearson
ClinPath 0.80 1.00 0.935 0.983 1.20 0.872 0.867
BioClinical BERT 0.80 0.95 0.940 0.981 1.20 0.857 0.630
PSN (Learned) 0.75 0.95 0.920 0.976 1.25 0.873 0.601
Node2Vec 0.75 0.95 0.920 0.976 1.25 0.872 0.601
ClinPathNoGraph 0.70 0.90 0.910 0.971 1.30 0.811 0.795
PSN (Uniform) 0.65 0.90 0.915 0.970 1.40 0.808 0.597
TF-IDF 0.65 0.80 0.905 0.959 1.40 0.790 0.694
SapBERT Concepts 0.35 0.45 0.930 0.844 2.70 -0.038 -0.038

determined between predicted and ground truth sim-
ilarity scores as shown in Table 2.

Table 2: ClinPath Inference Patient Similarity Eval-
uation: correlation coefficients

Metric Result
Spearman Correlation 0.7728
P-value 0.0001698
Pearson Correlation 0.7608
P-value 0.0002461

A Spearman correlation of 0.7728 demonstrated
the pipeline’s effectiveness in ranking patient pair
similarities accurately, and a Pearson correlation of
0.7608 indicated the pipeline’s effectiveness in deter-
mining the magnitude of similarity scores.

Low p-values demonstrated that these results were
not likely a result of randomness. Together, both
indicated a strong positive correlation between pre-
dicted and ground truth similarity scores, highlight-
ing that this pipeline can be utilized to effectively
rank and estimate patient similarity. Consequently,
the ClinPath framework can be effectively applied
to a wide range of clinical similarity tasks, including
clinical trial matching and ICU mortality prediction.

5. LLM Reasoning Extended:
Provider Behavior Analysis

5.1. Introduction

In addition to patient-centric analysis, we examined
provider orders and behaviors across patients as a

complementary direction. Understanding provider-
level patterns allows us to detect potential outliers or
anomalies in ordering behaviors.

5.2. Experimental Setup

First, all provider actions were extracted from the
physician order entry data represented in the knowl-
edge graph. These actions were categorized into dis-
tinct clinical groups, including medications, labora-
tory tests, procedures, and related categories. Each
provider’s ordering profile was then represented as a
collection of these grouped orders. To assess provider-
level variation, GPT-40 (OpenAl, 2023) was applied
to compare each provider’s ordering profile against
all others. This comparison highlighted unique el-
ements in ordering patterns and produced a list of
providers whose behaviors deviated significantly from
their peers.

For evaluation, we constructed a benchmark
dataset of 20 provider profiles derived from raw
knowledge graph triples. Each profile included as-
sociated clinical information such as diagnoses, labo-
ratory tests, prescriptions, and procedures. Ground
truth outliers within this cohort were identified
through manual curation, with large language models
assisting in the annotation process.

Our evaluation focused solely on whether the
method could correctly identify the ground truth out-
liers. The method successfully detected 100% of the
provider outliers, demonstrating strong baseline ac-
curacy.

Nonetheless, this application remains exploratory,

and future work will focus on developing a more com-
prehensive and rigorous benchmark.
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6. Case Studies

We present two illustrative case studies on patient
similarity and provider behavior analysis that high-
light the potential clinical impact of use cases enabled
by ClinPath.

6.1. Patient Similarity: Pulmonary Embolism

Query Patient (10001234, 68F): Pulmonary em-
bolism with recurrence requiring thrombolysis. Med-
ications: Apixaban, Heparin, Alteplase. Procedures:
CT angiography, Doppler, Echocardiogram.

Patient Shared Shared Unique
Meds Proce- Insight
dures
20001234 (74M) | Apixaban, | CT An- Structured
Heparin, giography, follow-up
Ac- Echocar- imaging
etaminopher, diogram (repeat
On- CT/echo).
dansetron
30001234 (59F) | Heparin, CT An- Monitor
Apixaban giography, for
/ Rivarox- | Echocar- infection;
aban, diogram consider
Ac- v
etaminophen, antibiotics
Albuterol if septic
PE
suspected.
40001234 (66F) Apixaban, Doppler, Escalate
Heparin, Catheter to
Furosemide,| Thrombol- | advanced
Metopro- ysis, IVC interven-
lol Filter tions if
anticoagu-
lation
fails.

Table 3: Similar patients to 10001234 with action-

able insights.

As seen in Table 3, identifying patients similar to
the query patient is valuable. Clinical analyses of
these comparable cases can inform the primary pa-
tient’s care and support subsequent clinical decision-
making.

6.2. Provider Behavior Analysis

As an extended downstream application of ClinPath
beyond patient-centric analysis, we present a sample
case study on provider behavior analysis from our
benchmark results.

Outlier Provider | Reason for Outlier Behavior

Provider_P003 Prescribed Experimental Drug X
and ordered genomic sequencing

without standard procedures.

Provider_P007 Relied on obsolete antibiotic and

outdated lab panels.

Provider_P010 Used Unapproved Compound Y

with rare laboratory tests.

Provider_P014 Ordered alternative therapies
(“Energy Healing”) and

nonstandard lab panels.

Provider_P018 Focused on experimental
immunotherapy and tumor DNA
sequencing, omitting conventional

procedures.

Provider_P020 Relied on herbal compounds with
nonstandard herbal-related

procedures and assays.

Table 4: Outlier providers identified from benchmark
dataset with reasons for deviation.

The case study from the benchmark in Table 4
demonstrates how provider-level similarity analysis
can flag atypical behavior. Outlier insights are valu-
able for potentially highlighting unsafe, obsolete, or
nonstandard prescribing practices.

7. Conclusion

In this work, we introduce ClinPath, a framework
that integrates knowledge graph modeling with LLM
reasoning to analyze clinical interactions across time.
The constructed ClinKG unifies diagnoses, symp-
toms, procedures, medications, demographics, and
provider interactions into a single representation of
patient care. In patient similarity analysis, evalu-
ated on our curated benchmark ClinPath-SimBench,
ClinPath surpassed baseline methods across nearly
all metrics. The provider behavior study further
illustrates the expandability of ClinPath beyond
patient-centric tasks. Together, these evaluations
show how combining graph-structured representa-
tions with LLM reasoning yields clinically meaningful
insights. Overall, ClinPath provides a reusable foun-
dation for reasoning over diverse clinical interactions
through a multistep integration of knowledge graphs
and LLMs.
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