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Abstract

Large Language Models (LLMs) hold significant promise for
improving clinical decision support and reducing physician
burnout by synthesizing complex, longitudinal cancer Elec-
tronic Health Records (EHRs). However, their implementa-
tion in this critical field faces three primary challenges: the
inability to effectively process the extensive length and frag-
mented nature of patient records for accurate temporal anal-
ysis; a heightened risk of clinical hallucination, as conven-
tional grounding techniques such as Retrieval-Augmented
Generation (RAG) do not adequately incorporate process-
oriented clinical guidelines; and unreliable evaluation metrics
that hinder the validation of AI systems in oncology. To ad-
dress these issues, we propose CliCARE, a framework for
Grounding Large Language Models in Clinical Guidelines
for Decision Support over Longitudinal CAncer Electronic
Health REcords. The framework operates by transforming
unstructured, longitudinal EHRs into patient-specific Tempo-
ral Knowledge Graphs (TKGs) to capture long-range depen-
dencies, and then grounding the decision support process by
aligning these real-world patient trajectories with a norma-
tive guideline knowledge graph. This approach provides on-
cologists with evidence-grounded decision support by gener-
ating a high-fidelity clinical summary and an actionable rec-
ommendation. We validated our framework using large-scale,
longitudinal data from a private Chinese cancer dataset and
the public English MIMIC-IV dataset. In these settings, Cli-
CARE significantly outperforms baselines, including leading
long-context LLMs and Knowledge Graph-enhanced RAG
methods. The clinical validity of our results is supported by a
robust evaluation protocol, which demonstrates a high corre-
lation with assessments made by oncologists.

Code — https://github.com/sakurakawa1/CliCARE

1 Introduction
Large Language Models (LLMs) are emerging as promis-
ing tools for clinical decision support, with current re-
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Figure 1: The shared challenges for clinicians and LLM in
handling complex longitudinal EHRs.

search demonstrating their potential to serve as collabora-
tive partners that augment expert workflows, alleviate clin-
ician workloads, and improve decision-making in complex
fields such as oncology (Hager et al. 2024; Rajashekar et al.
2024). However, their integration into high-stakes clinical
practice is far from straightforward. The reality of clinical
oncology involves physicians navigating cognitive burdens
from manually integrating fragmented data within multi-
year Electronic Health Records (EHRs), a key contributor
to professional burnout (Warner et al. 2020; sin 2016). This
chaotic, unstructured environment amplifies the critical dis-
parity between LLMs’ high performance on standardized
benchmarks and their capabilities in the clinic. Indeed, sys-
tematic reviews indicate that their performance in cancer
decision-making is inconsistent, with critical safety aspects
frequently unaddressed (Hao et al. 2025), while other recent
studies confirm that even state-of-the-art models struggle to
adhere to treatment guidelines or accurately interpret labora-
tory results (Hager et al. 2024). Therefore, the frontier of this
field is not merely the development of more powerful mod-
els, but the creation of robust frameworks that ensure these
technologies are reliable, safe, and effectively grounded in
expert medical knowledge to augment, not supplant, the role
of the physician. In practice, augmenting the expert physi-
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cian’s role means supporting their core clinical workflow:
synthesizing a patient’s multi-year history into a coherent
Clinical Summary, and from that summary, generating an
actionable Clinical Recommendation for future treatment.

However, automating this expert workflow with existing
LLMs faces three challenges. First, LLMs exhibit an inabil-
ity to perform effective temporal reasoning over the exten-
sive data records typical of cancer EHRs. Our research ad-
dresses a corpus containing large samples of patient records,
where a single patient’s history can span years, exceed
20,000 tokens, and even include multilingual entries, mak-
ing brute-force approaches inefficient (Liu et al. 2024). The
second challenge is the unacceptable risk of clinical halluci-
nation, which undermines the potential for reliable decision
support. Factually incorrect recommendations pose a threat
to patient safety, a risk that is exacerbated by the limitations
of standard Retrieval-Augmented Generation methods. The
retrieval of fragmented text fails to capture the sequential
dependencies in a patient’s trajectory and cannot effectively
bridge the gap with process-oriented clinical guidelines (Li
et al. 2024). Finally, the field confronts two interconnected
barriers to real-world adoption. The deployment dilemma
centers on a trade-off. On one hand, powerful, closed-source
models offer state-of-the-art performance but raise signifi-
cant concerns regarding cost and patient data privacy. On the
other hand, open-source alternatives are more efficient and
easier to deploy locally, though they often lag in capability.
This trade-off is compounded by the significant challenge of
reliable evaluation, as the high-stakes nature of clinical con-
tent renders conventional automated metrics untrustworthy,
thereby hindering reliable progress and diminishing clinical
trust (Wang et al. 2023; Zheng et al. 2023).

To address these barriers, we propose CliCARE, a frame-
work for Grounding Large Language Models in Clinical
Guidelines for Decision Support over Longitudinal CAncer
Electronic Health REcords. CliCARE first tackles long-
context temporal analysis by structuring raw EHRs into
Temporal Knowledge Graphs (TKGs) to make temporal re-
lationships explicit (Sec 3.1). It then mitigates hallucinations
by grounding the model through a deep alignment of pa-
tient trajectories with clinical guidelines (Sec 3.2). This rep-
resentation provides both guideline-grounded data for fine-
tuning specialist models and rich context for large generalist
models. Finally, we ensure reliable evaluation via an Expert-
Validated LLM-as-a-Judge protocol whose ratings correlate
with expert judgments (Sec 4.1).

Our contributions are summarized below:

• We introduce CliCARE, an end-to-end framework that
grounds LLMs by transforming unstructured clinical text
from EHRs into TKGs and aligning them with clinical
guidelines. It features an adaptable architecture for both
generalist and specialist models.

• We propose a reliable evaluation methodology using
an Expert-Validated LLM-as-a-Judge, whose ratings are
highly correlated with expert oncologists, addressing the
limitations of automated metrics.

• Extensive experiments on diverse datasets show Cli-
CARE significantly outperforms baselines, while abla-

tion studies confirm the contribution of each component.

2 Related Work
2.1 LLMs for Decision Support with Long-Form

EHRs
Leveraging LLMs for clinical decision support holds
promise for synthesizing complex EHRs. However, the lon-
gitudinal, long-form nature of these records presents a bar-
rier. Models often struggle with long-context processing,
leading to issues like the lost-in-the-middle problem and per-
formance degradation (Liu et al. 2024; Zhang et al. 2025;
Yang et al. 2025b). These challenges are now being sys-
tematically evaluated by specialized benchmarks like Long-
Bench and MedOdyssey (Bai et al. 2024; Fan et al. 2024).

To mitigate these issues and unlock the potential of LLMs
for decision support, a primary strategy is to transform un-
structured data into structured formats. Current approaches
range from prompting LLMs on pre-structured data for pre-
diction tasks (Zhu et al. 2024b), or enhancing predictions
from structured codes via retrieval augmentation (Xu et al.
2024), to generating Patient Journey Knowledge Graphs
(PJKGs) from raw text, though the latter can face reliabil-
ity challenges (Khatib et al. 2025). The emergence of so-
phisticated, multi-agent architectures like ColaCare further
raises the bar for comprehensive EHR modeling (Wang et al.
2025), highlighting the field’s push towards robust, struc-
tured solutions for decision support.

2.2 Knowledge Graph-enhanced LLMs and RAG
Augmenting LLMs with external Knowledge Graphs (KGs)
is a crucial strategy for mitigating factual errors and halluci-
nations, which is essential for safety in high-stakes domains
such as healthcare (Khan, Wu, and Chen 2024). This ap-
proach helps bridge the gap between general-purpose mod-
els and specialized clinical knowledge (Yu and McQuade
2025). However, standard RAG often retrieves isolated text
snippets, overlooking the relational structures necessary for
clinical decision-making (Lewis et al. 2020). Recent ef-
forts seek to address this by focusing retrieval on specific
knowledge sources, such as directly incorporating clinical
practice guidelines (Oniani et al. 2024) or enhancing multi-
modal EHR analysis through RAG-driven frameworks like
REALM (Zhu et al. 2024a). To more fundamentally resolve
knowledge fragmentation, Graph-Aware RAG moves be-
yond text retrieval to extract structured information, retriev-
ing entire knowledge paths to improve diagnosis prediction
(Gao et al. 2025) or pulling relevant subgraphs via frame-
works like MedRAG and GNN-RAG (Zhao et al. 2025;
Mavromatis and Karypis 2025). An even more advanced
frontier moves beyond retrieval to the alignment and fusion
of KGs and LLMs at the representation level (Jiang et al.
2024), a synergy that creates a virtuous cycle of grounding
and enrichment (Maushagen et al. 2024).

2.3 Assessment of Open-Ended Clinical
Generation Tasks

Evaluating open-ended generation from LLMs in high-
stakes medical domains presents a challenge. Traditional au-
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Figure 2: A comparison of RAG approaches for long-form longitudinal clinical tasks. (a) Standard RAG suffers from missing
key information and hallucinations. (b) KG-enhanced RAG struggles to model temporal dependencies in patient journeys.
(c) In contrast, our CliCARE framework transforms EHRs into Temporal Knowledge Graphs, aligns patient trajectories with
guidelines, and generates answers using a distilled specialist model, which are then assessed by our evaluation approach.

tomated metrics, such as ROUGE and BLEU, are regarded
as inadequate because their emphasis on lexical overlap fails
to capture essential aspects like clinical validity, factual ac-
curacy, and safety (Wang et al. 2023; Singhal et al. 2023).
In response, research has increasingly focused on more nu-
anced evaluation methods, including dynamic agent-based
assessments (Tu et al. 2024; Tadevosyan et al. 2025) and
the scalable LLM-as-a-Judge paradigm (Zheng et al. 2023).
However, the reliability of LLM judges is compromised by
known systematic biases like positional bias and verbosity,
raising safety concerns in a field where deep domain exper-
tise is essential (Zheng et al. 2023; Wang et al. 2024). This
highlights the urgent need for rigorous methodologies to val-
idate automated judgments against human expert reasoning.

Existing research has treated long-context processing,
knowledge grounding, and reliable evaluation as distinct
challenges. A research gap exists in developing a solution
that simultaneously addresses the long-context limitations in
real-world EHRs, provides deep grounding in clinical guide-
lines that exceeds standard RAG, and guarantees trustworthy
assessment. CliCARE is designed to bridge this gap by inte-
grating these capabilities into a unified pipeline.

3 CliCARE
In this section, we present the CliCARE framework, as il-
lustrated in Figure 2. CliCARE is designed to systematically

analyze long-form, unstructured cancer EHRs to generate
a clinically grounded clinical summary and clinical recom-
mendations. A key feature of this design is its extensibility:
the guideline knowledge graph can be efficiently updated
and expanded to accommodate new clinical evidence and
corresponding guidelines.

3.1 EHR-to-TKGs Transformation
The initial stage of CliCARE transforms raw, multi-year
EHRs from unstructured text into patient-centric TKGs,
effectively addressing the fundamental challenge of long-
context temporal reasoning.

Event Extraction. The complete EHR for each pa-
tient p can be formalized as a sequence of documents
Dp = (dτ1 , dτ2 , . . . , dτn) ordered by timestamps Tp =
{τ1, τ2, . . . , τn}, where each document dτi is an unstruc-
tured or semi-structured clinical text at time τi. To man-
age this extensive text sequence, we developed an efficient
context processing pipeline, fpipeline, to systematically com-
press, refine, and structure the raw text before it is input into
the final pathway generation model.

Ep = fpipeline(Dp) (1)

Here, Ep represents a structured sequence of key clini-
cal events. Specifically, the core of fpipeline is an extrac-
tive summarization module based on the Longformer model.
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Given the computational cost of processing the entire Dp,
we partition the document sequence into the most re-
cent clinical note, dτn , and the historical records, Dhist

p =
(dτ1 , . . . , dτn−1). We utilize a Longformer model (Beltagy,
Peters, and Cohan 2020), MLF, pre-trained on clinical text,
to process the extensive historical records Dhist

p :

Shist
p = MLF(D

hist
p ; θLF) (2)

where θLF are the model parameters and Shist
p is a summary

text that includes the most informative sentences from the
historical records. This summary effectively functions as the
patient’s past medical history. The most recent clinical note,
dτn , is regarded as the history of the present illness. The fi-
nal structured event sequence Ep is created by concatenating
these two components, thus providing a chronologically co-
herent and condensed patient history. From this combined
text, key clinical facts—such as diagnostic confirmations,
staging updates, treatment regimens, biomarker trends, and
imaging assessments—are identified and organized into dis-
crete events using BERT for information extraction(Yang,
Wang, and Li 2021; Huang, Altosaar, and Ranganath 2019).

TKG Instantiation. Extracted event sequences Ep are
organized into a patient-centric Clinical TKG, denoted as
Gt = (Et, Rt, T ), where Et is the set of entities, Rt the
set of relations, and T the set of timestamps. To enrich the
TKG with standardized medical knowledge, we first con-
struct a general, static biomedical knowledge graph GB =
(EB ,RB), where EB contains standardized medical con-
cepts and RB represents the relations. For each patient, let-
ting Ep be the set of raw clinical entities extracted from the
patient’s record, we instantiate a personalized TKG Gt by
linking extracted clinical entities from the patient’s record
to the concepts in GB . This uses an entity linking function
ϕ : Ep → EB , which maps textual mentions in the EHR to
their corresponding canonical entries in the biomedical on-
tology. Each entity e ∈ Et is represented as e = (eB , τ, A),
where eB ∈ EB is the linked standard entity, τ ∈ T is the
event timestamp, and A is a set of event-specific attributes.

The TKG employs a hierarchical timestamp granularity
by assigning precise timestamps τ ∈ T only to macro-level
clinical encounters, while linking intra-encounter events
through relative temporal relations, thereby mirroring the
structure of real-world clinical records designed to capture
the dynamic evolution of a patient’s disease course.

3.2 Trajectory-Guideline Alignment
To integrate real-world patient data with normative medi-
cal knowledge, this stage aligns the descriptive patient TKG
with a prescriptive guideline KG through a training-free fu-
sion pipeline, as illustrated in Figure 3.

Knowledge Formalization. Our guideline knowledge
graph, Gg , is a normative, static graph formalized as Gg =
(Eg, Rg). It is constructed based on authoritative CPGs,
where Eg represents abstract medical concepts such as Can-
cer, ClinicalSituation, and Treatment. The edges, Rg , rep-
resent logical and recommendation relationships, collec-
tively forming a graph that represents an idealized clini-
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Figure 3: Trajectory-Guideline Alignment workflow. It fuses
patient data with guidelines via semantic matching, LLM-
based Reranking, and iterative bootstrapping expansion to
create a comprehensive, evidence-grounded mapping.

cal workflow. We first perform a basic entity-level align-
ment between the patient’s temporal graph, Gt, and Gg us-
ing medical ontologies. Subsequently, the clinical history for
each patient p is organized from Gt into a time-ordered se-
quence of Clinical Events, resulting in a Temporal Trajec-
tory Trp = ⟨e1, e2, . . . , em⟩. The set of all patient trajec-
tories is denoted as {Trp}Pp=1. Concurrently, we systemati-
cally enumerate all possible normative treatment workflows
from Gg to form a set of paths {Pak}Kk=1, where each path
Pak = ⟨s1, s2, . . . , sl⟩ represents a recommended sequence
of guideline steps.

Similarity Matching. We developed a global matching
strategy based on deep semantic representations to directly
assess the similarity between the entire patient trajectory and
each candidate guideline path. Specifically, the matching
score for a candidate path Pak = ⟨s1, s2, . . . , sl⟩ with the
patient trajectory Trp is computed as follows. First, for each
step sj in the guideline path, we identify the most semanti-
cally similar event in the patient’s event trajectory Trp. This
similarity is calculated using a BERT model, fBERT, pre-
trained on biomedical text. Finally, we aggregate the best-
match similarities for all steps to derive the total score for
the path. Formally, the matching score is defined as:

Score(Trp, Pak) =

l∑
j=1

max
ei∈Trp

(
cos sim(fBERT(desc(sj)),

fBERT(desc(ei)))
)

(3)
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where the desc(·) function retrieves the text description of
a node, and cos sim computes the cosine similarity between
two vectors. A higher score indicates a better alignment be-
tween the normative path Pak and the patient’s experience.
The optimal matching path Pa∗ is then determined by se-
lecting the candidate with the highest score:

Pa∗ = argmax
Pak

Score(Trp, Pak) (4)

This method relies primarily on the deep semantic under-
standing provided by BERT, transcending simple lexical
matching to capture conceptual associations between clin-
ical events and guideline steps, thereby facilitating precise
trajectory-path alignment.

LLM-based Reranking. The method described above
generates a ranked list of candidate alignment paths for
each patient trajectory. However, purely algorithmic match-
ing may fail to capture the complexities of clinical logic.
Therefore, we introduce an LLM as a Clinical Reasoner,
fLLM , to perform reranking. We provide the LLM with a
rich-context prompt in a zero-shot manner, which includes
the patient’s trajectory Trp, the top-N candidate normative
paths {Pa1, . . . , PaN}, and their corresponding matching
scores {Score1, . . . , ScoreN}. The LLM’s task is to evalu-
ate which candidate alignment is the most clinically plau-
sible and to output a reranked list: ⟨Pa′1, . . . , Pa′N ⟩ =
fLLM (Trp, {⟨Pak, Scorek⟩}Nk=1).

Alignment Expansion. To further enhance the coverage
and accuracy of our alignments, we introduce an expansion
stage inspired by bootstrapping techniques (Sun et al. 2018).
After the LLM reranking, the top-ranked alignment path,
Pa′1, and its corresponding aligned node pairs serve as a
high-confidence seed set, A′. We then iteratively expand this
set. For each unaligned event eu in the patient trajectory, the
framework seeks to identify the best corresponding node ŝ
from the entire guideline path Pa′1. The selection process is
not based solely on direct similarity; rather, it considers how
well the candidate pair (eu, sv) coheres with the entire set of
existing high-confidence alignments in A′. This is accom-
plished by selecting the guideline node sv that maximizes
the sum of consistency scores with all established pairs in
the seed set. The process is formalized as follows:

ŝ = arg max
sv∈Pa′

1

∑
(ei,sj)∈A′

sim((eu, sv), (ei, sj)) (5)

where sim is a function that measures the consistency be-
tween a candidate pair (eu, sv) and an existing seed pair
(ei, sj). This function utilizes the semantic representations
derived from the language model fBERT to compute the sim-
ilarity between the corresponding nodes within the pairs.
A high consistency score indicates that the semantic re-
lationship between the patient event eu and the candidate
guideline node sv is analogous to the established, high-
confidence relationship between the seed event ei and the
guideline node sj . This approach enables us to leverage es-
tablished strong associations to infer new alignment rela-
tionships, thereby expanding our alignment set A′. After de-
termining the final expanded alignment path, we employ a

principled fusion strategy to enrich the guideline knowledge
graph Gg with evidence from the patient trajectory Trp. Ul-
timately, this alignment process produces a robust, evidence-
fused knowledge representation that serves as a direct, high-
quality context for an LLM to generate its final clinical sum-
mary and clinical recommendation.

4 Experiments
4.1 Evaluation Method
To assess the quality of generated text, we developed an
Expert-Validated LLM-as-a-Judge component. This com-
ponent assesses two primary tasks: retrospective Clinical
Summary, referred to as TCS, and prospective Clinical Rec-
ommendation, referred to as TCR. Our methodology em-
ploys a concise, four-dimensional rubric, co-designed with
senior oncologists, to assess Factual Accuracy, Complete-
ness & Thoroughness, Clinical Soundness, and Actionability
& Relevance. The LLM judge is prompted to assign a score
ranging from 1 (poor) to 5 (excellent) for each dimension.

To address the systematic biases of LLM judges, includ-
ing positional bias, verbosity, and self-enhancement (Zheng
et al. 2023; Wang et al. 2024), and after verifying their pres-
ence in our specific context, we implement a robust two-part
mitigation protocol. First, to ensure rating stability and re-
duce model bias, we create a judging ensemble composed
of three powerful LLMs, such as GPT-4.1 (Achiam et al.
2023), Claude 4.0 Sonnet (Anthropic 2025), and Gemini 2.5
Pro (Comanici et al. 2025), using their averaged score. Sec-
ond, to eliminate ordering effects, all items are presented in
a randomly shuffled sequence during the evaluation.

We validated the ratings of our LLM judge against those
of three experienced oncologists using a subset of data to
ensure reliability. We employed Spearman’s rank correlation
coefficient, denoted as ρ, a non-parametric measure that as-
sesses the monotonic relationship between the LLM’s and
the experts’ rankings. The coefficient is calculated as:

ρ = 1− 6
∑

d2i
n(n2 − 1)

(6)

where n is the number of samples and di is the difference
in ranks for each sample. A high correlation provides evi-
dence that our LLM judge functions as a reliable and scal-
able proxy for expert assessment. This justifies its applica-
tion for large-scale evaluations throughout our experiments.

4.2 Datasets
We evaluated our framework using two large-scale clini-
cal datasets. The first dataset is a private Chinese collec-
tion, referred to as CancerEHR. It contains longitudinal
records for 2,000 patients from Liaoning Cancer Hospital.
These records span extensive periods—some exceeding two
decades—resulting in inputs of up to 20,000 tokens. The
dataset includes a variety of data types, such as physicians’
orders, laboratory results, and surgical notes. The second
dataset is derived from the publicly available MIMIC-IV
dataset (Johnson et al. 2023), filtered to include only patients
with cancer-related diagnoses, which we refer to as MIMIC-
Cancer. This dataset provides a focus on disease progres-
sion similar to CancerEHR; however, the language and data
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structure differ, offering a robust test of our method’s gen-
eralizability. For brevity, in the subsequent implementation
and results sections, we will refer to the two datasets as
DCEHR for CancerEHR and DMC for MIMIC-Cancer. Sim-
ilarly, the two primary tasks will be abbreviated as TCS for
Clinical Summary and TCR for Clinical Recommendation.

4.3 Baselines

We compare our proposed CliCARE framework against a
variety of robust baseline methods. These include standard
RAG pipelines implemented with powerful open-source
models such as Mistral-7B and its instruction-tuned vari-
ant (Jiang et al. 2023), Qwen3-8B (Yang et al. 2025a),
and the domain-specific BioMistral-7B (Labrak et al. 2024).
Additionally, we evaluate more advanced KG-enhanced
RAG techniques designed for long-context or knowledge-
intensive tasks. The selected methods include BriefContext
(Zhang et al. 2025), which employs a Map-Reduce strat-
egy, as well as several Graph-Aware RAG frameworks, such
as GNN-RAG (Mavromatis and Karypis 2025), KG2RAG
(Zhu et al. 2025), and the healthcare-focused MedRAG
(Zhao et al. 2025). We evaluate these RAG frameworks
using both the open-source models and leading generalist
models, including Deepseek-R1 (Guo et al. 2025), Gemini
2.5 Pro, GPT-4.1, and Claude-4.0-Sonnet.

4.4 Implementation Details

In the knowledge graph alignment stage, the threshold is
set to 0.7 when using BERT to calculate semantic cosine
similarity in the initial step. During the fine-tuning stage,
we divided the 2,000-sample dataset into a training set of
1,800 samples and a test set of 200 samples, with 10% of
the training data reserved for validation. The key hyperpa-
rameters for training include a batch size of 1, a maximum
context length of 20,000 tokens, and an initial learning rate
of 5 × 10−5 with a cosine scheduler. We utilized BF16 for
mixed-precision training, set the maximum output length to
4,096 tokens, and trained for 3 epochs. All experiments were
conducted using a configuration of 4 NVIDIA A800 GPUs.

4.5 Experimental Results

High Agreement with Clinician Judgments. Acknowl-
edging the limitations of traditional metrics for clinical
tasks, we validated our LLM-as-a-Judge protocol against
three experienced oncologists. To ensure a feasible yet rep-
resentative assessment, we created a validation subset by
randomly sampling generated outputs from eight different
models. Our protocol minimized bias by evaluating these
outputs column-wise and presenting the Clinical Summary
and Recommendation tasks together for a comprehensive
review. The results demonstrate a strong positive correla-
tion between the automated ratings and those of the experts.
Specifically, the Spearman’s rank correlation ρ between our
LLM judge’s scores and the physicians’ mean scores was
approximately 0.7, confirming that our metric serves as a re-
liable proxy for human expert judgment.

Method DCEHR DMC

TCS TCR TCS TCR

Qwen-3-8B
StandardRAG 1.485 1.527 2.475 2.467
BriefContext 2.681 2.701 2.571 2.497
MedRAG* 2.333 2.366 2.495 2.462
KG2RAG* 2.595 2.558 2.317 2.166
GNN-RAG* 2.508 2.527 2.194 2.182
CliCARE 3.173 3.215 2.575 2.544

Gemini 2.5 Pro
StandardRAG 2.735 2.818 3.563 3.556
BriefContext 4.527 4.468 4.354 4.233
MedRAG* 4.470 4.576 4.476 4.323
KG2RAG* 3.845 3.942 3.747 3.797
GNN-RAG* 3.607 3.552 3.683 3.588
CliCARE 4.976 4.965 4.398 4.333

Table 1: CliCARE Outperforms RAG Baselines on Clini-
cal Generation Tasks. Scores are assigned by our Expert-
Validated LLM-as-a-Judge. The asterisk (*) denotes KG-
enhanced RAG variants.

CliCARE Significantly Outperforms Baselines. As de-
tailed in Table 1, CliCARE demonstrates a clear perfor-
mance advantage over a suite of robust baselines, including
both context-aware and KG-enhanced RAG methods. The
benefits of our framework are most pronounced when paired
with a powerful model on complex datasets. With Gemini
2.5 Pro, CliCARE achieves impressive Clinical Summary
and Recommendation scores of 4.976 and 4.965, respec-
tively, on the challenging CancerEHR dataset. This perfor-
mance significantly surpasses that of other methods. For in-
stance, while BriefContext achieves a commendable score of
4.527, it does so through a costly Map-Reduce strategy that
involves multiple LLM calls, underscoring the efficiency
of CliCARE’s approach. Even when utilizing a smaller
model like Qwen-3-8B, CliCARE obtains scores of 3.173
and 3.215, substantially outperforming all baselines on the
same complex dataset. This success is attributed to Cli-
CARE’s TKG transformation, which effectively organizes
the chaotic, longitudinal patient records and overcomes the
fragmented retrievals that hinder other RAG pipelines.

Structured Knowledge is Key for Complex EHRs. As
demonstrated in Table 2, our framework’s knowledge struc-
turing offers a significant advantage over standard RAG. The
performance uplift is most pronounced on the complex Can-
cerEHR dataset, where nearly all models exhibit substan-
tial gains. Notably, the improvements for Qwen-3-8B and
Deepseek-R1 are the largest in their respective groups, with
their Clinical Summary scores increasing by +1.688 and
+2.279, respectively. This underscores that even advanced
models require a coherent structure for effective reasoning
on complex records. On the simpler MIMIC-Cancer dataset,
while the absolute gains are smaller, CliCARE still delivers
a distinct and consistent advantage. For instance, it elevates
the score of a strong baseline like GPT-4.1 from 4.419 to
4.737, a gain of +0.318. While the uplift is nearly universal,
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Method
Standard RAG CliCARE

DCEHR DMC DCEHR DMC

TCS TCR TCS TCR TCS TCR TCS TCR

Mistral-v0.1-7B 1.120 1.164 2.505 2.505 1.407 (+0.287) 1.526 (+0.362) 2.575 (+0.070) 2.514 (+0.009)
Mistral-Instruct-v0.1-7B 1.054 1.070 2.183 2.115 1.274 (+0.220) 1.355 (+0.285) 2.231 (+0.048) 2.071 (-0.044)
Biomistral-7B 1.161 1.098 2.785 2.698 1.548 (+0.387) 1.529 (+0.431) 2.903 (+0.118) 2.742 (+0.044)
Qwen-3-8B 1.485 1.527 2.475 2.467 3.173 (+1.688) 3.215 (+1.688) 2.575 (+0.100) 2.544 (+0.077)

Gemini-2.5-Pro 2.735 2.818 3.563 3.556 4.976 (+2.241) 4.965 (+2.147) 4.398 (+0.835) 4.333 (+0.777)
GPT-4.1 2.667 2.873 4.419 4.429 4.690 (+2.023) 4.703 (+1.830) 4.737 (+0.318) 4.676 (+0.247)
Deepseek-R1 2.667 2.878 4.016 4.000 4.946 (+2.279) 4.935 (+2.057) 4.409 (+0.393) 4.319 (+0.319)
Claude-4.0-Sonnet 2.417 2.624 3.898 3.868 3.893 (+1.476) 3.924 (+1.300) 4.183 (+0.285) 4.110 (+0.242)

Table 2: Model performance with standard RAG versus the CliCARE framework. Applying CliCARE provides a substantial
performance uplift for most models.

we do note a single case of minor performance degradation,
confirming the intricate nature of these tasks.

Method DCEHR DMC

TCS TCR TCS TCR

CliCARE (Q) 3.173 3.215 2.575 2.544
w/o Exp. 3.012 (-) 3.035 (-) 2.075 (-) 2.110 (-)
w/o Rerank 2.857 (-) 2.866 (-) 2.000 (-) 1.962 (-)
w/o Comp. 1.485 (-) 1.527 (-) 2.475 (+) 2.467 (+)

CliCARE (G) 4.976 4.965 4.398 4.333
w/o Exp. 4.619 (-) 4.630 (-) 3.737 (-) 3.786 (-)
w/o Rerank 4.542 (-) 4.628 (-) 3.774 (+) 3.824 (+)
w/o Comp. 2.735 (-) 2.818 (-) 3.563 (-) 3.556 (-)

Table 3: Ablation study on CliCARE framework compo-
nents. Q denotes Qwen-3-8B and G denotes Gemini-2.5-
Pro. Exp., Rerank and Comp. signify the removal of Align-
ment Expansion, LLM-based Reranking, and TKG-based
Compression, respectively. The symbols (+)/(-) indicate a
performance increase/decrease compared to the row above.

Ablation Study. Our ablation study, with results in Ta-
ble 3, reveals the nuanced role of each module. This is
most evident for the Qwen model on the simpler MIMIC-
Cancer dataset; removing TKG-based Compression para-
doxically boosts the scores to 2.475 and 2.467. This re-
sult is substantially better than when LLM-based Reranking
is removed, which causes a drop to 2.000, suggesting ag-
gressive compression can be counterproductive for shorter
records. A similar, though less pronounced, positive effect is
observed for the Gemini model under the same conditions.
Conversely, on the complex CancerEHR dataset, the consis-
tent, significant performance drops from any ablation high-
light that the full, integrated CliCARE framework is crucial
for achieving optimal performance.

Performance Analysis Based on EHR Length. Further
analysis of record length reveals distinct performance pat-
terns, as detailed in Table 4. The smaller model, Qwen-3-
8B, performs optimally on Short length records but exhibits
a decline in quality when processing the longest records, par-

Method DCEHR DMC

TCS TCR TCS TCR

CliCARE(Qwen-3-8B)
All (100%) 3.173 3.215 2.575 2.544
Short (0˜33%) 3.228 3.345 2.850 2.645
Medium(33%˜66%) 3.267 3.283 2.429 2.450
Long (66%˜100%) 2.976 2.983 2.460 2.533

CliCARE(Gemini-2.5-Pro)
All (100%) 4.976 4.965 4.398 4.333
Short (0˜33%) 4.982 4.937 4.362 4.311
Medium(33%˜66%) 4.962 4.976 4.365 4.317
Long (66%˜100%) 4.988 4.982 4.467 4.373

Table 4: Performance analysis by EHR length. Segments are
stratified by percentile (0-33%, 33-66%, 66-100%). Aver-
age token counts for CancerEHR segments are 4875, 6303,
9411; for MIMIC-Cancer, 4070, 5176, 6463.

ticularly with the complex CancerEHR data. In contrast, the
more powerful Gemini-2.5-Pro model demonstrates strong
and consistent performance across all record lengths. No-
tably, when guided by the CliCARE framework, it achieves
its highest scores on the longest record segments for both
datasets. This suggests that CliCARE effectively organizes
extensive clinical histories and enables advanced models to
leverage richer context for enhanced reasoning.

5 Conclusion
We introduced CliCARE, a framework for reliable clinical
decision support that transforms cancer EHRs into Temporal
Knowledge Graphs and aligns them with clinical guidelines.
This approach addresses key challenges in long-context rea-
soning and hallucination, enabling both small specialist and
large generalist models to significantly outperform base-
lines. We also validated a robust LLM-as-a-Judge protocol
that correlates highly with expert oncologist assessments,
representing a significant advancement toward deploying
trustworthy AI in clinical practice. Future work should focus
on generalizing this framework to a wider range of clinical
domains.
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