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Abstract
Integrating external medical knowledge into
longitudinal electronic health record modeling
is a prevailing paradigm to mitigate clinical
data sparsity. However, existing approaches
face a reliability-timeliness dilemma, strug-
gling to balance the structural authority of
static ontologies with the reasoning flexibil-
ity of large language models. Furthermore,
most frameworks overlook the risk of relative
negative transfer, where indiscriminately fus-
ing task-irrelevant knowledge can introduce
noise or even cause conflicts that weakens
patient-specific signals. In this paper, we pro-
pose TrustKE, a Trustworthy Knowledge En-
hancement framework. First, we construct a
dual-layer knowledge graph that anchors dy-
namic, evidence-based chain-of-thought rea-
soning from medical literature within the stable
structure of medical knowledge graph. Second,
we introduce a task-adaptive knowledge selec-
tion mechanism that dynamically optimizes the
graph, retaining only task-specific signals. Ex-
tensive experiments on MIMIC-III and MIMIC-
IV across four clinical tasks show that TrustKE
outperforms state-of-the-art baselines. Our
analysis confirms that TrustKE effectively miti-
gates negative transfer while offering transpar-
ent reasoning for clinical decision-making.

1 Introduction

Deep learning has revolutionized the modeling of
longitudinal Electronic Health Records (EHRs) for
critical clinical tasks, ranging from mortality pre-
diction to drug recommendation (Rasmy et al.,
2021; Chen et al., 2023; Li and Zhou, 2025). How-
ever, real-world clinical data often exhibits signifi-
cant sparsity and long-tail distributions (Zhao et al.,
2024; Li et al., 2024a), yielding suboptimal general-
ization in few-shot scenarios (Zhao et al., 2025a,b).
Consequently, integrating external medical knowl-
edge to augment patient representations has be-
come a prevailing paradigm.
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Figure 1: Unlike multi-source knowledge fusion may
accumulate noise and cause conflicts, TrustKE employs
Task-Adaptive Knowledge Selection. It dynamically
optimizes the graph structure to retain only task-specific
signals (e.g., Cases A and B), effectively filtering noise.

Despite progress, current knowledge fusion ap-
proaches face a reliability-timeliness dilemma.
Traditional methods rely on structured Knowledge
Graphs (KGs) like UMLS (Bodenreider, 2004),
which provide authoritative facts but remain static,
failing to capture emerging medical nuances or
complex patient pathways (Lu et al., 2022; Kang
et al., 2024). Conversely, Large Language Models
(LLMs) offer comprehensive reasoning but often
suffer from hallucinations or retrieve unstructured
noise that lacks grounding in the patient’s specific
physiological state (Thirunavukarasu et al., 2023;
Liu et al., 2025; Lu et al., 2025). Relying exclu-
sively on either source limits system robustness.

Critically, a fundamental challenge remains over-
looked: knowledge enhancement does not inher-
ently guarantee information gain. Most existing
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frameworks indiscriminately fuse a fixed, global
KG or retrieved context into patient representations.
However, as illustrated in Figure 1, distinct clin-
ical tasks possess unique knowledge boundaries.
For instance, mortality prediction relies heavily on
physiological signals (e.g., lab tests), whereas drug
recommendation depends on qualitative drug co-
occurrence patterns. Indiscriminately incorporat-
ing irrelevant knowledge introduces spurious corre-
lations, leading to relative negative transfer (Yang
et al., 2023; Li et al., 2024b), where task-irrelevant
knowledge causes signal dilution, weakening the
patient-specific history compared to an optimally
pruned graph.

To address these challenges, we propose
TrustKE, a framework balancing credibility and
adaptivity. First, we construct a dual-layer knowl-
edge graph by embedding dynamic, evidence-
based chain-of-thought (CoT) reasoning from
LLMs into a stable UMLS structure to resolve the
reliability-timeliness dilemma. Second, we design
a task-adaptive knowledge selection mechanism
that dynamically refines the graph structure based
on the task, retaining only relevant connections to
mitigate negative transfer. Finally, a patient-guided
fusion module aligns the refined knowledge with
patient history.

Our contributions are threefold: (1) We identify
the negative transfer phenomenon caused by task-
irrelevant knowledge fusion in clinical modeling.
(2) We propose a dual-layer knowledge construc-
tion method that merges the structural authority
of ontologies with the flexible reasoning of LLMs.
(3) We develop a task-adaptive knowledge selec-
tion mechanism, achieving state-of-the-art (SOTA)
performance on MIMIC-III/IV across four distinct
clinical tasks while offering interpretability.

2 Related Works

Longitudinal EHR Modeling. Deep learning
has become the bedrock for modeling time-series
data in healthcare (Luo et al., 2020; Wu et al., 2022;
Ren et al., 2022). Standard approaches employ spe-
cialized attention mechanisms or recurrent units
to capture temporal dynamics from patient history.
For instance, some methods (Ma et al., 2020a,b)
introduce multi-scale calibration and cross-head
attention to capture long-term biomarker variations
for risk prediction, while Kim et al. (2024) uti-
lizes a selective attention mechanism to filter out
unimportant visits for clinical prediction. How-

ever, these methods operate under a closed-world
assumption, relying exclusively on statistical cor-
relations within the training corpus. They lack
the ability to consult external medical knowledge,
leading to poor generalization for patients with
rare conditions or sparse records. To address this,
TrustKE augments patient representations with
a dual-layer KG to handle data sparsity.

Knowledge-Enhanced Clinical Representation.
To mitigate the limitations of data-driven models,
integrating KGs has become a standard paradigm to
enrich patient representations. Early works (Shang
et al., 2019; Lu et al., 2021) pre-train on medical
ontologies to refine code embeddings, while recent
structure-aware models (Lu et al., 2022; Yang et al.,
2023; Zou et al., 2024; Zheng et al., 2025) construct
dynamic clinical graphs to capture evolving patient
health status. Despite their contributions, these ap-
proaches often suffer from negative transfer. Most
methods employ global fusion strategies that indis-
criminately input generic knowledge. In contrast,
TrustKE employs a task-adaptive knowledge
selection module, dynamically optimizing the
graph to retain task-relevant connections (e.g.,
prioritizing lab tests for mortality prediction).

LLM-Driven Clinical Reasoning. The frontier
of clinical AI is shifting towards interpretability
and advanced reasoning capabilities. Recent stud-
ies (Zhao et al., 2025a; Li et al., 2024b; Kang
et al., 2024) have explored diverse strategies to
enhance robustness, particularly by introducing dis-
crete clues and causal interventions to handle long-
tail distributions. While LLM agents like Zhu et al.
(2024) leverage Retrieval-Augmented Generation
(RAG) to enhance their knowledge base, others
like Wang et al. (2025) use multi-agent collabora-
tion to simulate clinical decision-making processes.
While promising, these methods face the reliability-
timeliness dilemma. Purely agent-based frame-
works are computationally expensive and prone to
hallucinations, whereas causal models often rely
on opaque latent embeddings. TrustKE addresses
these challenges by anchoring dynamic evidence-
based CoT reasoning within a authoritative base
graph, offering a framework that is both clini-
cally robust and transparent.

3 Methodology

We propose TrustKE, a framework integrating inter-
pretable medical reasoning into clinical sequence
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modeling (Figure 2). TrustKE comprises three
modules: (1) Dual-Layer Knowledge Construc-
tion builds a global graph by augmenting EHR
with ontologies and evidence-based CoT reason-
ing; (2) Task-Adaptive Knowledge Selection mit-
igates negative transfer by dynamically refining
the graph structure guided by downstream tasks;
and (3) Patient-Guided Heterogeneous Fusion
queries subgraph based on patient context to gener-
ate the final representation for prediction.

3.1 Problem Formulation

We formalize the task of knowledge-enhanced clin-
ical prediction over longitudinal EHRs.

Patient Representation. Let C = Cd ∪ Cp ∪
Cm ∪ Cs ∪ Cl denote the heterogeneous medical
vocabulary, representing diagnoses, procedures,
medications, symptoms, and lab tests. A patient
is represented as a temporal sequence of visits
P = {v1, . . . , vT }. Each visit vt ⊆ C is a multi-hot
set of medical codes recorded at time step t.

Knowledge Graph Definition. An external KG
G = (V,R, E) models the latent relationships be-
tween medical concepts. Here, V ⊇ C denotes the
entity set, and E represents the relation edges.

Prediction Tasks. Given patient P and graph G,
the goal is to learn a mapping function f(P,G) →
Y . We generalize across two task categories: 1)
Binary Risk Prediction (e.g., Mortality, Readmis-
sion): The target is a scalar y ∈ {0, 1} indicating
an adverse event. 2) Multi-label Prediction (e.g.,
Disease Prediction, Drug Recommendation): Let
Ytask ⊂ C denote the task-specific label space. The
target is a binary vector y ∈ {0, 1}|Ytask|, where
each dimension indicates the presence of a label.

3.2 Dual-Layer Knowledge Construction

To resolve the reliability-timeliness dilemma,
where static ontologies lack coverage and genera-
tive models hallucinate, we construct a global KG
G via a dual-layer strategy. This anchors dynamic,
evidence-based reasoning within a stable base.

Layer 1: Base Graph via Ontology Align-
ment. We first map heterogeneous EHR codes
(ICD, NDC) to the UMLS to identify the seed en-
tity set Vseed. To mitigate knowledge explosion in
general ontologies, we construct a concise active
subgraph. Let Tumls denote the set of all UMLS
triples. We instantiate the base edge set Ebase as:

Ebase = {(u, r, v) ∈ Tumls | u, v ∈ Vseed} (1)

where Vseed denotes high-frequency medical con-
cepts essential for connectivity (filtering thresholds
detailed in Appendix B.1). This constraint ensures
a dense, clinically relevant structural base.

Layer 2: Enrichment via RAG-Based Reason-
ing. Static base graphs often lack explicit causal
chains found in recent literature. We enrich the
graph using a rigorous RAG, expanding it dynami-
cally: G = (Vtop ∪ Vrag, Ebase ∪ Erag), where Vtop

are the top K most frequent Vseed.
1) Adaptive Evidence Retrieval. Raw clinical

terms are first normalized via a hybrid rule LLM
pipeline (details in Appendix B.2). To ensure ev-
idence quality, we employ a cascading retrieval
policy. The system initially queries for systematic
reviews; if insufficient, it adaptively degrades to
standard articles. This ensures the graph is built
primarily on authoritative consensus.

2) Evidence-Based CoT Extraction. To guar-
antee transparency and reduce hallucinations, we
propose an evidence-based CoT mechanism. In-
stead of directly predicting triples, we prompt the
LLM to follow a strict reasoning path: (1) Locate
sentences mentioning the target entity; (2) Infer the
specific clinical relation (e.g., Treats vs. Causes);
and (3) Quote the exact text span as supporting
evidence. To ensure structural validity, we apply a
self-loop filter (u ̸= v) to remove trivial self-loops.
Formally, the extracted relation set is defined as:

Erag = {(u, r, v, euv) | LLM(u,Du)

→ (u, r, v, euv) ∧ u ̸= v} (2)

where euv represents the textual evidence grounded
in the document Du. This evidence-aware tuple
(u, r, v, euv) enables the model to justify its reason-
ing. Implementation details and comparisons with
standard extraction are in Appendix B.3.

During the RAG process, if the LLM iden-
tifies valid medical concepts not in our initial
UMLS mapping, we generate a unique identifier
TXTHash and initialize their embeddings with
Bio-ClinicalBERT(Alsentzer et al., 2019). This
enables dynamic graph expansion beyond the struc-
tured ontology’s closed vocabulary.

3.3 Task-Adaptive Knowledge Selection

The base graph from Section 3.2 anchors reason-
ing but remains task-agnostic. Direct utilization of
such a static structure often introduces irrelevant
noise, leading to negative transfer. To resolve this,
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Figure 2: Overall architecture of our proposed TrustKE.

we propose a select-from-expanded graph strategy
that operates in two phases: (1) expanding the
base graph into a multi-view expanded graph to
maximize coverage, and (2) applying task-adaptive
knowledge contraction to extract the optimal task-
specific subgraph.

3.3.1 Multi-View Knowledge Expansion
We extend the base graph into a comprehensive
heterogeneous network Gext = (V, Eext). We inte-
grate three distinct views to capture implicit, em-
pirical, and physiological associations:

1) Implicit Semantic View. Ontologies often
miss latent associations between semantically sim-
ilar concepts (e.g., renal insufficiency and kidney
failure). We recover these implicit links by encod-
ing entity descriptions using Bio-ClinicalBERT to
obtain context-aware embeddings Hbert. We estab-
lish semantic edges Esem between pairs exceeding
a high-confidence similarity threshold τ = 0.9, cre-
ating a dense layer for message passing between
structurally distant nodes.

Esem = {(u, v) | cos(hu,hv) > τ} (3)

2) Empirical Structural View. To incorporate
statistical priors, we construct two graph types from
the training corpus: a taxonomy hierarchy (Ehier)
built by truncating medical codes to parent cate-
gories to capture vertical generalization, and a co-
occurrence graph (Eco) retaining edges where the
conditional probability P (v|u) > 0.05 to capture
horizontal comorbidities.

3) Lab-Aware Heterogeneity. A critical design
in our framework is the explicit segregation of lab-
oratory tests. Unlike qualitative diagnostic codes,
lab results (e.g., abnormal lactate) act as critical
precursors to adverse events. We assign lab-related
connections to a distinct relation type Elab, separate
from standard diagnostic correlations Eco. This het-
erogeneity allows the model to learn specialized
attention weights for vital signals.

3.3.2 Task-Adaptive Knowledge Contraction
The expanded graph (1.3 million edges in MIMIC-
III) introduces significant noise and redundancy. To
extract task-relevant knowledge, we propose task-
adaptive knowledge contraction, which dynami-
cally compresses the graph based on task-specific
embedding t through node-aware semantics.

Task-Conditioned Edge Scoring. Unlike
global relation attention, our knowledge contrac-
tion evaluates the relevance of each specific edge
instance. We design a scoring network fθ that eval-
uates the relevance of each specific edge instance
conditioned on both node-aware semantics and the
task embedding t. The relevance score suv ∈ [0, 1]
is computed as:

xuv = [Wphu ∥ Wphv ∥ rrel ∥ t] (4)

suv = σ(MLP(xuv)) (5)

where ∥ denotes concatenation, rrel is the learn-
able relation embedding, and Wp projects BERT
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features into the task space. This mechanism al-
lows the model to capture fine-grained dependen-
cies (e.g., retaining a specific interaction only when
relevant to the target outcome).

Hybrid Fusion with Lab Inductive Bias. To
balance data-driven learning with empirical pri-
ors, we fuse the learned score suv with the static
structural weight wbase (derived from similarity or
probability). Crucially, to prevent sparse but vi-
tal laboratory signals from being overwhelmed by
frequent edges during early training, we introduce
a lab-prior mechanism. We enforce a minimum
activation floor ϵ = 0.5 based on experience for
the lab relation set Rlab:

αuv =

{
max(suv, wbase, ϵ) if r ∈ Rlab

max(suv, wbase) otherwise
(6)

This strategy introduces a domain-specific in-
ductive bias, architecturally separating quantita-
tive physiological signals from qualitative seman-
tic noise to ensure physiological indicators are pre-
served. During inference, we apply α > 0.1 to
prune low-weight edges, yielding a compact, inter-
pretable, and task-specific subgraph.

3.4 Patient-Guided Heterogeneous Fusion
This module aligns the task-adaptive knowledge
Gtask with the patient’s evolving status using a dual-
stream architecture.

3.4.1 Dual-Stream Representation Learning
1) Knowledge Stream (Graph Encoder). We
employ a relation-weighted GCN over the pruned
adjacency matrix Atask (from Eq. 6) to update
BioBERT-initialized node features. Crucially, be-
cause the learnable relation embedding rrel directly
dictates the final scalar weights in Atask (as de-
fined in Eq. 4 and 5), the subsequent message
passing is strictly modulated by the relation type,
effectively preserving graph heterogeneity. This
yields a knowledge-enriched representation matrix
Hkg ∈ RN×d, capturing task-specific structures.

2) Patient Stream (Sequence Encoder). We
use separate GRUs to model heterogeneous modal-
ities (diagnoses, procedures, medications, labs) in
parallel. Let hm

t be the hidden state for modality
m. To synthesize a unified patient state qt, we em-
ploy a View-Interaction Attention to weigh clinical
views dynamically:

αm
t = softmax(wT

v tanh(Wa[h
diag
t ∥ · · · ∥ hlab

t ]))
(7)

qt =
∑

m

αm
t hm

t (8)

This ensures the model focuses on the most in-
formative modality (e.g., prioritizing symptoms for
early diagnosis) at each step.

3.4.2 Semantic Alignment and Fusion
We first align both streams via a lightweight resid-
ual projector that aligns both streams into a shared
semantic manifold: q̃t = MLP(qt) + qt and
H̃kg = MLP(Hkg) +Hkg.

We then implement a patient-query mechanism,
treating the patient state q̃t as the query and knowl-
edge nodes H̃kg as keys/values. This allows dy-
namically retrieve relevant knowledge from the
global graph:

zt = LayerNorm
(
q̃t + Attn(q̃t, H̃kg)

)
(9)

The retrieved context zt serves as the patient’s
final representation.

3.5 Prediction and Optimization
The final representation zt is passed to task-specific
decoders optimized end-to-end.

Task-Specific Decoding. For binary risk pre-
diction, we employ a MLP to capture high-order
interactions, outputting a scalar probability ŷt =
σ(MLP(zt)). For multi-label prediction, we utilize
a linear projection head to map representations to
the label space R|Ytask|.

Optimization Objective. Binary tasks are opti-
mized via Binary Cross-Entropy (BCE). For multi-
label tasks, the model is optimized using a combi-
nation of BCE and margin ranking loss to ensure
valid labels (i ∈ Y+) consistently score higher than
invalid ones (j ∈ Y−):

Lrank =
∑

i∈Y+,j∈Y−

max(0, 1− (ŷi − ŷj))

|Ytask|
(10)

L = γLbce + (1− γ)Lrank (11)

where γ = 0.97 is a hyperparameter balancing
Lbce and Lrank.

4 Experiments

4.1 Experimental Setup
Datasets. We evaluate TrustKE on two real-world
datasets, MIMIC-III and MIMIC-IV (Johnson et al.,
2016, 2018). Following standard preprocessing
pipelines (Yang et al., 2023; Sun et al., 2022), we
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Model MIMIC-III Mortality MIMIC-III Readmission MIMIC-IV Mortality MIMIC-IV Readmission
AUPRC AUROC F1 AUPRC AUROC F1 AUPRC AUROC F1 AUPRC AUROC F1

AdaCare 0.4493 0.8796 0.3576 0.2845 0.5896 0.3052 0.5336 0.9471 0.4810 0.4627 0.6159 0.3502
ConCare 0.4554 0.8635 0.4471 0.2910 0.6014 0.3327 0.5319 0.9458 0.4177 0.4328 0.6073 0.3325
GRASP 0.4155 0.8772 0.3378 0.2849 0.5865 0.3028 0.5150 0.9484 0.5204 0.4417 0.6105 0.3455
Chet 0.2524 0.5232 0.1604 0.1802 0.4946 0.2069 0.4833 0.6127 0.3917 0.1940 0.5362 0.2967
VITA 0.3566 0.8005 0.3958 0.2151 0.4921 0.2194 0.4629 0.7345 0.4759 0.3516 0.6047 0.2627
EMERGE 0.5610 0.8356 0.4713 0.3474 0.6262 0.3926 0.6182 0.9542 0.6297 0.4967 0.6438 0.5137
ColaCare 0.4674 0.8893 0.4323 0.3436 0.6045 0.3586 0.5247 0.8439 0.4583 0.4743 0.6247 0.3708
UDC 0.4992 0.8906 0.5804 0.2479 0.5973 0.2585 0.5985 0.9612 0.5842 0.4715 0.6256 0.3619

TrustKE 0.6502 0.9160 0.6271 0.3640 0.6760 0.4244 0.6230 0.9681 0.6306 0.5192 0.6716 0.5423

Table 1: Performance comparison on mortality and readmission. We report the average performance for each model
after 10 runs. The best results are highlighted in bold, and the second best are underlined.

Model MIMIC-III Drug Rec MIMIC-IV Drug Rec
AUPRC F1 Jaccard AUPRC F1 Jaccard

MoleRec 0.7748 0.6841 0.5301 0.7002 0.6180 0.4625
StratMed 0.7779 0.6861 0.5321 0.7023 0.6122 0.4560
DAI-Net 0.7717 0.6798 0.5253 0.7035 0.6114 0.4552
VITA 0.7635 0.6785 0.5261 0.6989 0.6200 0.4816
RAREMed 0.7811 0.6853 0.5360 0.7295 0.6182 0.4751
CausalMed 0.7831 0.6898 0.5367 0.7236 0.6258 0.4757

TrustKE 0.7888 0.6932 0.5404 0.7454 0.6506 0.4982

Model MIMIC-III Disease Pred MIMIC-IV Disease Pred
w-F1 re@10 re@20 w-F1 re@10 re@20

Timeline 20.46 25.75 34.83 25.26 29.00 37.13
G-BERT 19.88 25.86 35.31 24.49 27.16 35.86
HiTANet 21.15 26.02 35.97 24.92 27.45 36.37
CGL 21.92 26.64 36.72 25.41 28.52 37.15
Chet 22.63 28.64 37.67 25.10 30.28 38.69
UDC 19.12 24.65 33.69 23.08 26.72 34.52

TrustKE 22.79 26.94 37.34 27.93 28.75 37.73

Table 2: Performance comparison on drug recommen-
dation and disease prediction. We report the average
performance for each model after 10 runs. The best
results are highlighted in bold, and the second best are
underlined.

extract longitudinal visits and identify symptoms.
For binary tasks, we predict mortality (in-hospital
death) and readmission (within 30 days). For multi-
label tasks, we perform drug recommendation and
disease prediction. Dataset statistics are detailed in
Appendix A.1.

Baselines. Our baselines include AdaCare (Ma
et al., 2020a), ConCare (Ma et al., 2020b), GRASP
(Zheng et al., 2025), and Chet (Lu et al., 2022). For
multi-label prediction tasks (medication and dis-
ease), we additionally consider specialized frame-
works including Timeline (Bai et al., 2018), G-
BERT (Shang et al., 2019), HiTANet (Luo et al.,
2020), CGL (Lu et al., 2021), VITA (Kim et al.,
2024), MoleRec (Yang et al., 2023), RAREMed
(Zhao et al., 2024), StratMed (Li et al., 2024a),
DAI-Net (Zou et al., 2024), and CausalMed (Li
et al., 2024b). Furthermore, we benchmark against
recent language model-based approaches, includ-
ing LLM and multi-agent approaches, such as,

EMERGE (Zhu et al., 2024), UDC (Zhao et al.,
2025a), and ColaCare (Wang et al., 2025). Imple-
mentation is detailed in Appendix A.2.

Evaluation Metrics. We adopt standard met-
rics aligned with specific task requirements. For
binary risk prediction (mortality/readmission), we
report Area Under the ROC Curve (AUROC), Area
Under the Precision-Recall Curve (AUPRC), and
F1-score. For drug recommendation, we utilize Jac-
card Similarity (Jaccard), F1-score, and AUPRC.
For disease prediction, following previous works
(Lu et al., 2022; Zhao et al., 2025a), we employ
Weighted-F1 (w-F1) and Recall@k (k = 10, 20) to
evaluate top-k performance. Details in Appendix
A.3.

Implementation Details. TrustKE implement
in Python 3.10.13 and PyTorch 2.4.0. The text en-
coder is initialized with Bio-ClinicalBERT, with
Qwen2.5-7B-Instruct (Yang et al., 2024) parame-
ters frozen for CoT reasoning and relation extrac-
tion. The graph module uses a 2-layer GNN with
a hidden dimension of 128. We set the retrieval
threshold K = 1000 based on sensitivity analysis.
Training uses the AdamW optimizer with learn-
ing rates of 2e-5 for the text encoder and 2e-4 for
other modules. The batch size is 64, and we train
for 30 epochs. All runs are conducted on a single
NVIDIA V100 GPU (32GB VRAM) on a server
with 256GB system RAM, running CUDA 12.2.

4.2 Experimental Results

Table 1 details mortality and readmission predic-
tion performance. TrustKE consistently consis-
tently leads on both datasets. Notably, on the
MIMIC-III mortality task, it surpasses ColaCare
(AUPRC 0.4674) by about 19%. This indicates that
while multi-agent frameworks offer flexible infer-
ence capabilities, they tend to be unstable in sparse
clinical settings. In contrast, TrustKE’s dual-layer
knowledge construction provides a robust struc-
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Variant Mortality Readmission Drug Rec Disease Pred
AUPRC ∆ AUPRC ∆ Jaccard ∆ w-F1 ∆

TrustKE (Full) 0.6502 - 0.3640 - 0.5404 - 22.79 -

1) Knowledge Source
EHR Only 0.6004 -4.98% 0.3245 -3.95% 0.5170 -2.34% 20.59 -2.20
UMLS Only 0.6062 -4.40% 0.3349 -2.91% 0.5191 -2.13% 20.70 -2.09

2) Dual-Layer Structure
w/o Evidence-Based CoT 0.6313 -1.89% 0.3631 -0.09% 0.5138 -2.66% 20.54 -2.25

3) Task-Adaptive Selection
w/o Knowledge Expansion 0.6124 -3.78% 0.3325 -3.15% 0.5173 -2.31% 20.47 -2.32
w/o Knowledge Contraction 0.6295 -2.07% 0.3460 -1.80% 0.5197 -2.07% 22.43 -0.36
w/o Task Adaptive 0.6392 -1.10% 0.3457 -1.83% 0.5221 -1.83% 21.83 -0.96

4) Fusion Strategy
w/o Cross-Attention 0.6447 -0.55% 0.3491 -1.49% 0.5162 -2.42% 21.24 -1.55

Table 3: Ablation study on MIMIC-III. We report AUPRC for binary tasks, Jaccard for drug recommendation, and
w-F1 for disease prediction. ∆ denotes the performance drop compared to the full TrustKE model.

tural foundation, ensuring reliable generalization.
TrustKE also significantly outperforms the RAG-
based EMERGE (e.g., +9% AUPRC on MIMIC-III
mortality). While EMERGE retrieves clinical ev-
idence, it suffers from task-irrelevant knowledge.
In contrast, TrustKE’s task-adaptive selection ef-
fectively prunes irrelevant signals, demonstrating
that learning what to ignore is as critical as what to
expand in complex clinical predictions.

Table 2 presents the performance of the multi-
label task. TrustKE particularly outperforming
the baseline CausalMed on the MIMIC-IV dataset,
with F1 improvement of approximately 2.5%.
While CausalMed relies on a static causal graph,
our task-adaptive mechanism effectively mitigates
the negative migration effect by pruning irrelevant
knowledge. In disease prediction, TrustKE per-
forms robustly. We observe that Chet achieves a
higher Recall@k, likely due to its disease-level
temporal learning with transition functions specifi-
cally designed for co-occurrence ranking. However,
TrustKE, as a unified framework, still significantly
outperforms recent language model-based methods
such as UDC (a 3.2% improvement on MIMIC-IV
re@20), offering a better balance between struc-
tural interpretability and generalizability.

4.3 Ablation Studies

We validated the contribution of each component
on the MIMIC-III dataset (Table 3). Similar trends
were observed on MIMIC-IV (see Appendix A.4).

1) Knowledge Sources. The model performance
was lowest when using only the EHR dataset, con-
firming the data sparsity problem. Adding the
UMLS dataset resulted in a slight improvement
in performance (AUPRC increased by 0.58%), in-
dicating that static ontologies lack causal depth.
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Figure 3: Performance by different RAG sizes.

2) Dual-Layer Structure. Removing the
evidence-based CoT decreases performance, con-
firming that our reasoning with the evidence-based
CoT can capture latent causal chains not present
in static databases. This effectively addresses the
trade-off between reliability and timeliness.

3) Task-Adaptive Selection. This module effec-
tively mitigates the negative transfer.

w/o Knowledge Expansion: Disable multi-view
expansion leads to a sharp decline in mortality pre-
diction (-3.78%), demonstrating that a sparse base
graph alone is insufficient.

w/o Knowledge Contraction: Using the com-
plete expanded graph also reduces optimal perfor-
mance. This validates that indiscriminate fusion
introduces noise, and learning what to ignore is
crucial.

w/o Task Adaptive: Removing the task embed-
ding vector t leads to a decrease in performance
for multi-label tasks, demonstrating that different
clinical tasks require different views.

4) Fusion Strategy. Replacing the cross-
attention with concatenation reduces model per-
formance, confirming that knowledge must be used
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dynamically based on the patient’s changing state.

4.4 Parameter Sensitivity Analysis

We investigate how the scope K of RAG enrich-
ment affects model performance. As described
in the methodology, we select the top-K high-
frequency entities (Vtop) from the base graph to un-
dergo LLM-based relation extraction from PubMed.
We varied K within {500, 1000, 1500, 2000, 3000}
and report the results in Figure 3.

Performance significantly improves as K
reaches 1000, confirming that the static UMLS
graph lacks recent causal chains, which RAG
bridges effectively. However, performance plateaus
or degrades slightly when K exceeds 1500, indi-
cating that critical reasoning is concentrated within
this range. Extending RAG to lower-frequency en-
tities yields diminishing returns and may introduce
literature noise or irrelevant associations. Thus,
we set K = 1000 as a cost-effective threshold for
knowledge enrichment.

4.5 Task-Adaptive Knowledge Analysis

Figure 4 visualizes the learned attention weights,
revealing distinct selection patterns that align with
medical intuition. Mortality prediction prioritizes
Lab-Medical Entity edges (0.46). This reflects the
reliance on acute physiological derangements (e.g.,
abnormal lactate) captured by lab tests rather than
static hierarchies. Disease prediction is dominated
by Medical Entity-Medical Entity edges (0.72), uti-
lizing clinical patterns (e.g., drug-disease) to infer
potential diagnoses. Drug recommendation shifts
to Semantic edges (0.61) to exploit implicit rela-
tions for medication matching. Readmission pre-
diction relies heavily on Hierarchy edges (0.48).
Unlike mortality, readmission relates to chronic
complexity; the hierarchy helps generalize specific
codes to broader conditions for robust long-term
prediction. These results confirm that TrustKE ac-
tively decouples the KG into task-specific views.

Crucially, beyond merely amplifying relevant
signals, this differential weighting explicitly val-
idates our paradigm of learning what to ignore.
For instance, semantic edges are aggressively sup-
pressed to a near-zero weight (0.01) in mortality
prediction—in stark contrast to their prominence
(0.61) in drug recommendation. This targeted sup-
pression prevents noisy associations (e.g., diabetes
is similar to obesity) from interfering with acute
mortality signals.
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Mortality
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Figure 4: Visualization of Task-Adaptive Knowledge
Selection.

Figure 5: Visualization of the reasoning subgraph for
a high-risk patient (Patient #14, Mortality=1). Red
nodes denote lab tests, blue nodes denote medical con-
cepts (diseases/drugs), and orange blue nodes represent
PubMed knowledge.

4.6 Case Study

To demonstrate TrustKE’s interpretability, we vi-
sualize the inference subgraph for a representative
high-risk patient in Figure 5. This patient was ad-
mitted with multiple organ dysfunctions and even-
tually died. TrustKE correctly predicted a high
mortality risk. Consistent with our statistical anal-
ysis in Section 4.6, the model assigns the highest
attention weights (visualized by node size and edge
width) to lab tests (red nodes), such as Magnesium,
Glucose, and Thyroxine. These nodes as direct
signals for acute physiological instability, which
are critical predictors in ICU settings. Crucially,
while the subgraph for this patient contains dense
connections related to chronic history, TrustKE ex-
plicitly assigns them negligible attention weights.
By suppressing these irrelevant edges, the model
prevents the signal dilution effect.

Beyond direct associations, TrustKE exhibits rea-
soning capabilities. For instance, while attending to
the explicit abnormal record of Glucose, the model
activates the 2-hop neighbor Uncontrolled Diabetes
(orange node). This indicates that the model does
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Task MIMIC-III
(ms)

MIMIC-IV
(ms)

Avg. Time
(ms)

Mortality 3.11 3.13 3.12
Readmission 2.38 2.83 2.61
Drug Rec 18.14 18.73 18.44
Disease Pred 5.88 5.58 5.73

Table 4: Empirical online inference latency per patient.

not merely memorize numerical values but under-
stands the underlying pathology driving the abnor-
mality. Similarly, the connection between Nausea
and related symptom concepts verifies the model’s
ability to perform semantic expansion. Specifically,
the node-aware semantics effectively ensures the
reasoning remains dynamically grounded in task-
specific evidence. Such a transparent reasoning
process builds clinical trust.

4.7 Complexity and Efficiency Analysis

To ensure the practical feasibility of TrustKE in
real-world clinical deployments, we explicitly de-
couple the system into offline knowledge construc-
tion and online inference, analyzing their computa-
tional complexity and empirical latency separately.

Offline Knowledge Construction (One-Time
Cost). The computationally intensive retrieval and
LLM reasoning are one-off pre-computation pro-
cesses. The complexity of this phase is dominated
by the Layer 2 Enrichment via RAG-Based Reason-
ing (Section 3.2), bounded by O(K ·CLLM ), where
CLLM is the inference cost of the LLM per query.
As we set K = 1000, this produces a static global
graph with a highly controllable cost. Empirically,
on a single NVIDIA V100 GPU ((32GB VRAM)),
the end-to-end construction takes approximately 2
hours for MIMIC-III and 3 hours for MIMIC-IV
(including network latency).

Online Inference (Real-Time Efficiency). Dur-
ing deployment, the generative LLM is not in-
volved. The online complexity is determined by
three lightweight components:

1) Task-Adaptive Knowledge Selection: Com-
puting edge scores takes O(|Eext| · d), where |Eext|
is the number of edges in the expanded graph and
d is the hidden dimension.

2) Graph Encoder: The message passing com-
plexity is O(L(|Etask|d+ |V|d2)), where L is the
number of layers. Crucially, our task-adaptive con-
traction explicitly filters out low-weight edges, en-
suring |Etask| ≪ |Eext|. This significantly reduces
the computational burden compared to full-graph.

3) Sequence Encoder: The GRU-based mod-

eling takes O(T · d2), where T is the sequence
length.

Empirical Latency. To validate the real-time ca-
pability, we measured the actual inference latency
per patient. As shown in Table 4, the online in-
ference is strictly dominated by the GCN on the
task-specific graph, consistently requiring less than
20 ms per patient across all distinct clinical tasks.

5 Conclusion

In this work, we identify and address two critical
impediments in knowledge-enhanced clinical se-
quence modeling, the trade-off between knowledge
reliability and timeliness, and the phenomenon of
relative negative transfer caused by indiscriminate
fusion. We propose TrustKE, a unified framework
that synergizes the structural rigor of curated KGs
with the generative reasoning of LLMs through
a novel dual-layer knowledge construction. Cru-
cially, by incorporating a task-adaptive knowledge
selection mechanism, TrustKE prove that learning
what to ignore is as vital as knowledge expansion
in complex clinical settings. Empirical results on
multiple benchmarks validate that our approach not
only achieves superior predictive performance but
also provides grounded explanations for its deci-
sions.

Limitations

While TrustKE achieves robust performance, we
identify three aspects for future exploration:

1) Efficiency-Accuracy Trade-off. To achieve
deep semantic reasoning, TrustKE incorporates a
comprehensive graph construction and retrieval
process. While this design ensures high predic-
tive precision essential for critical care, it natu-
rally incurs a higher computational cost compared
to shallow baselines. In resource-constrained de-
ployment scenarios, future iterations could employ
knowledge distillation to compress the reasoning
capabilities into lighter student models.

2) Specialization for Intensive Care Settings.
Our framework is explicitly optimized for ICUs
data(e.g., MIMIC-III/IV), leveraging the dense tem-
poral granularity of laboratory tests to enhance rep-
resentation learning. While highly effective in this
domain, extending the framework to outpatient sce-
narios with irregular records represents a distinct
challenge. We plan to investigate adaptation mech-
anisms for low-frequency data in subsequent work.

3) Dependency on Backbone Capabilities. The
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quality of the constructed knowledge graph corre-
lates with the capabilities of the underlying LLM
and the retrieval corpus. While our evidence-based
constraint mechanism effectively filters noise, the
system’s reasoning ceiling is partially determined
by the generative backbone. As LLMs continue
to evolve, replacing the backbone with more ad-
vanced models is expected to further elevate the
quality of knowledge extraction without architec-
tural changes.

Ethics Statement

This research focuses on clinical prediction us-
ing the MIMIC-III and MIMIC-IV datasets. Both
datasets are publicly available and strictly de-
identified. No private patient information was ex-
posed during this study.

Furthermore, while TrustKE integrates medical
knowledge to enhance interpretability, it is intended
as a research framework to assist clinical decision-
making, not to replace it. Due to the potential for
errors in deep learning models and LLM-generated
content, any deployment in real-world clinical set-
tings would require rigorous prospective validation
and human-in-the-loop oversight to ensure patient
safety.
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A Experimental Setup

A.1 Dataset Statistics

Our experiments are conducted on two widely
recognized real-world electronic health record
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(EHR) datasets: MIMIC-III and MIMIC-IV. These
datasets are standard benchmarks for analyzing
longitudinal clinical data, encompassing diagnos-
tic codes, procedures, medications, and labora-
tory tests. For laboratory tests, we utilize the
explicit flag column (e.g., abnormal) provided in
the MIMIC labevents table to determine the input
abnormality state without introducing subjective
thresholds.

We follow a standard preprocessing pipeline. Pa-
tients with fewer than two visits are filtered out to
ensure longitudinal validity. The datasets are split
into training, validation, and test sets with a ratio
of 0.75:0.1:0.15, ensuring no information leakage
across splits. Table 5 presents the detailed statistics
of the processed datasets.

Item MIMIC-III

Patients 6,313
Visits 14,599
Dis. / Proc. / Sym. / Med. / Lab 1,957 / 1,416 / 434 / 131 / 278
Lab Avg. / Max Visits 2.31 / 29
Avg. / Max Dis. per Visit 10.67 / 128
Avg. / Max Proc. per Visit 3.89 / 50
Avg. / Max Sym. per Visit 7.88 / 78
Avg. / Max Med. per Visit 11.66 / 65
Avg. / Max Lab per Visit 18.23 / 109

Item MIMIC-IV

Patients 54,845
Visits 138,824
Dis. / Proc. / Sym. / Med. / Lab 2,000 / 1,500 / 564 / 131 / 325
Lab Avg. / Max Visits 2.53 / 69
Avg. / Max Dis. per Visit 8.89 / 268
Avg. / Max Proc. per Visit 2.19 / 63
Avg. / Max Sym. per Visit 7.22 / 118
Avg. / Max Med. per Visit 7.04 / 72
Avg. / Max Lab per Visit 18.35 / 110

Table 5: Dataset statistics comparison between MIMIC-
III and MIMIC-IV.

A.2 Baselines Details

We categorize the baseline models based on their
target tasks. All baseline methods followed their
optimal experimental settings.

1) Mortality/Readmission Prediction

• AdaCare: Uses multiple time scales to
capture long-term temporal dependencies
in biomarker changes, interpreting them as
health status within clinical characteristics.

• ConCare: Introduces a cross-head attention
mechanism to explicitly capture the interde-
pendencies between different clinical char-
acteristics, forming personalized health con-
texts.

• GRASP: A graph similarity computation
method that enhances node features through
positional encoding to learn general patient
representations.

• Chet: Utilizes a context-aware learning frame-
work with transformation functions on a dy-
namic disease graph to design dynamic sub-
graphs for each patient’s visit, modeling
health events in a single step.

• VITA: Proposes a selective attention mecha-
nism to filter out noisy or uninformative pa-
tient visit records, thereby enhancing the ro-
bustness of long-sequence modeling of patient
visits.

• EMERGE: A Retrieval-Enhanced Generative
(RAG) framework for retrieving clinical evi-
dence from guidelines to support predictions.

• ColaCare: A multi-agent framework where
different LLM agents simulate roles to collab-
oratively improve clinical decision-making.

• UDC: Utilizes language models to generate
discrete clinical cues to enhance sparse patient
representations.

2) Drug Recommendation

• MoleRec: Explicitly models the molecular
substructure of drugs for finer-grained drug
recommendations.

• RAREMed: Specifically designed to handle
long-tailed distribution problems in drug rec-
ommendations, employing relative relation
modules.

• StratMed: Utilizes a correlation-based pyra-
midal hierarchical approach to enhance the
expressive power of sparse data, thereby ob-
taining patient representations.

• DAI-Net: Utilizes a dual-view attention mech-
anism to capture dynamic patient states and
static drug interactions.

• VITA: Proposes a selective attention mecha-
nism to filter out noisy or uninformative pa-
tient visit records, thereby enhancing the ro-
bustness of long-sequence modeling of patient
visits.
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Variant Mortality Readmission Drug Rec Disease Pred
AUPRC ∆ AUPRC ∆ Jaccard ∆ w-F1 ∆

TrustKE (Full) 0.6230 - 0.5192 - 0.4982 - 27.93 -

1) Knowledge Source
EHR Only 0.5943 -2.87% 0.5036 -1.56% 0.4777 -2.05% 27.11 -0.82
UMLS Only 0.6129 -1.01% 0.5027 -1.65% 0.4767 -2.15% 26.45 -1.48

2) Dual-Layer Structure
w/o Evidence-Based CoT 0.6090 -1.4% 0.5032 -1.6% 0.4730 -2.52% 25.18 -2.75

3) Task-Adaptive Selection
w/o Knowledge Expansion 0.5997 -2.33% 0.5021 -1.71% 0.4744 -2.38% 26.75 -1.18
w/o Knowledge Contraction 0.5968 -2.62% 0.5067 -1.25% 0.4764 -2.18% 27.18 -0.75
w/o Task Adaptive 0.5974 -2.56% 0.5035 -1.57% 0.4747 -2.35% 27.24 -0.69

4) Fusion Strategy
w/o Cross-Attention 0.5887 -3.43% 0.5047 -1.45% 0.4782 -2.00% 26.14 -1.79

Table 6: Ablation study on MIMIC-IV. We report AUPRC for binary tasks, Jaccard for drug recommendation, and
w-F1 for disease prediction. ∆ denotes the performance drop compared to the full TrustKE model.

• RAREMed: Proposes a pre-training and fine-
tuning framework tailored for rare diseases to
enhance patient representations.

• CausalMed: A causal graph learning frame-
work that eliminates spurious relevance in
drug recommendations by identifying invari-
ant substructures.

3) Disease Prediction

• Timeline: Learns fine-grained time decay fac-
tors for each medical code by explicitly de-
signing an attention mechanism with attention
weights for visit intervals and each medical
code.

• G-BERT: Integrates a pre-trained model that
fully considers the hierarchical information of
the disease as part of the pre-training process,
achieving performance improvements.

• HiTANet: Employs a hierarchical temporal
attention mechanism to calculate the impact
of each visit and its corresponding time point
on the final disease prediction result.

• CGL: Designs a collaborative graph learning
model that combines disease knowledge and
free text data to explore patient-disease inter-
actions, providing more reference information
for disease prediction.

• Chet: Constructs a global disease co-
occurrence matrix to calculate the neighbors
and global neighbors of each disease category
in each visit, thereby obtaining the internal
network of diseases between different patients

and between different visits of the same pa-
tient, which helps predict the risk of future
disease development.

• UDC: Utilizes a language model to generate
discrete clinical cues to enhance sparse patient
representations.

A.3 Evaluation Metrics Details
We adopt standard metrics aligned with specific
task requirements.

1) Binary Risk Prediction (e.g., Mortality,
Readmission): We report the AUROC, AUPRC,
and F1.

2) Multi-label Prediction (e.g., Disease Pre-
diction, Drug Recommendation): For drug rec-
ommendation, we evaluate using Jaccard, F1, and
AUPRC. For disease prediction, following, we ad-
ditionally employ w-F1 and Recall@k to assess
top-k retrieval performance. Formally, let Yi be the
true label set and Ŷi be the predicted label set for
patient i. The key metrics are defined as:

Jaccard =
1

N

N∑

i=1

|yi ∩ ŷi|
|yi ∪ ŷi|

(12)

Recall@k =
1

N

N∑

i=1

|yi ∩ ŷ
(k)
i |

|yi|
(13)

where ŷ
(k)
i denotes the top-k predicted labels

ranked by probability.

w-F1 =
∑

c∈C

Nc

Ntotal
· F1c (14)

where Nc is the number of samples for class c,
Ntotal is the total samples, and F1c is the F1-score
for class c.
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Raw EHR Term Cleaning Method Final Query
PNEUMONIA, ORGANISM NOS Rule-Based Pneumonia Organism
ACUTE MI UNSPEC SITE Rule-Based Acute MI
GIB LLM-Rewriting Gastrointestinal Bleeding
CABG LLM-Rewriting Coronary Artery Bypass Grafting

Table 7: Examples of the hybrid query optimization results.

A.4 Ablation Studies in MIMIC-IV
Due to space limitations, we present the ablation
study on the larger MIMIC-IV dataset in Table 6.
The trend is consistent with MIMIC-III, where re-
moving the Task-Adaptive Selection module leads
to a significant performance drop. This further val-
idates the necessity of learning what to ignore to
mitigate negative transfer.

B Knowledge Construction Details

B.1 Base Graph Construction & Filtering
Constructing a graph with the entire UMLS intro-
duces significant noise and sparsity. Therefore,
we define an active entity sets Vseed consisting of
medical concepts that appear in the MIMIC-III/IV
dataset with a frequency greater than a threshold
δ = 2. For every entity u ∈ Vseed, we query the
UMLS semantic network for neighbors. A relation
edge (u, r, v) is added to the base graph if and only
if both nodes belong to the active set:

u, v ∈ Vseed (15)

This constraint ensures the base graph remains
dense and clinically relevant, effectively filtering
out obscure associations and rare, low-confidence
entities.

B.2 Hybrid Query Optimization & Retrieval
Hybrid Term Cleaning. Raw EHR descriptions
are often administrative or abbreviated. We employ
a two-stage cleaning pipeline:

1) Rule-Based Filtering: We systematically re-
move administrative suffixes (e.g., "NEC", "NOS")
and strip non-semantic punctuation.

2) LLM-Based Rewriting: For cryptic terms
remaining after filtering, we employ a specific
prompt designed to standardize medical terminol-
ogy.

The specific prompt template used for query op-
timization is presented in Figure 6. The prompt
enforces strict rules such as abbreviation expansion
and administrative suffix removal to ensure the gen-
erated query is compatible with PubMed’s indexing
system.

Prompt for Relation-Agnostic Extraction
(Ablation Study)

You are a medical terminology expert. Your task is to
convert the following raw EHR/ICD code description
into a standard, searchable medical term for PubMed.
Here is a raw term description. Please follow the rules
to normalize it.
Raw Term: {raw_term}
Rules:

1. Expand abbreviations (e.g., "CHF" → "Conges-
tive Heart Failure").

2. Remove administrative suffixes like "NEC",
"NOS", "w/o".

3. Fix capitalization (Title Case).

4. Keep it concise.

5. Output ONLY the standardized term. No expla-
nation.

Example:

• Input: "ACUTE MI UNSPEC SITE"

• Output: Acute Myocardial Infarction

Figure 6: The prompt template for normalizing raw
EHR terms into standard medical search queries.

Table 7 shows concrete examples of this opti-
mization process.

Cascading Retrieval Strategy. To handle the
variance in medical literature availability, we imple-
ment an adaptive cascading search via the PubMed
API. One is a strict strategy used to filter Guide-
line, Systematic Review, or Review. This prioritizes
high-evidence summaries. The other is an alter-
native strategy. If strict strategy yields 0 results,
the system relaxes the filter to standard Journal
Articles, sorted by relevance.

For both strategies, we strictly require the pres-
ence of a structured abstract and limit the context
to the top-3 results.

B.3 Evidence-Based CoT Prompt Design

We leverage the instruction-following capability of
Qwen-2.5-7B to perform explicit medical reason-
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Prompt for Relation-Agnostic Extraction
(Ablation Study)

Role: System
Content: You are a strict Medical Knowledge Extrac-
tion Expert.

Role: User
Content: Entity: {entity_name}
Text: {context_text}
Task: Extract clinical relations involving "{en-
tity_name}".
Instructions:

1. Identify sentences mentioning "{en-
tity_name}".

2. Extract specific relationships supported by the
text. Relations must be one of: [Treats,
Causes, Has_Symptom, Contraindicates,
Associated_With].

3. Ignore self-loops (Target != Tail).

4. QUOTE the sentence as ’evidence’.

5. Output JSON list. No markdown formatting,
no explanations, no <think> tags.

Output Format:
[

{
"relation": "Treats",
"tail_entity": "Aspirin",

"evidence": "Exact quote from text..."
}

]

Figure 7: The Evidence-Based CoT prompt template.
The instructions explicitly require the model to ground
its extraction in text quotes and distinguish specific re-
lation types, contrasting with simple co-occurrence ex-
traction.

ing. Unlike standard relation extraction which acts
as a black box, our Evidence-Based CoT prompt
enforces a three-step cognitive process: context
identification, relation verification, and evidence
citation. Figure 7 presents the specific prompt tem-
plate used in our proposed framework.

To validate the necessity of this fine-grained rea-
soning, we also designed a general prompt (used
in ablation studies), as shown in Figure 8, which
simply extracts entities appearing in the same con-
text as "Associated With" without analyzing the
specific causal mechanism.

Prompt for Relation-Agnostic Extraction
(Ablation Study)

Role: System
Content: You are a medical term extractor.

Role: User
Content: Target Entity: "{entity_name}"
Text: {context_text} ...

Task: Identify other medical entities in the
text that are mentioned in the same context as
"{entity_name}". Do NOT analyze the specific
relationship type (e.g., whether it treats or causes).
Simply identify that they are semantically related or
co-occur.

Constraints:

1. Output valid JSON ONLY. No markdown, no
explanations.

2. ALWAYS use "Associated_With" as the re-
lation type for all entries.

3. Ignore self-loops (Target != Tail).

Output Format:
[

{
"relation": "Associated_With",
"tail_entity": "Aspirin",

"evidence": "Found in same sentence"
}

]

Figure 8: The general prompt template.
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