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Background and Motivation

Electronic Health Records (EHRS)

* Contain vast patient history as sequences of medical
V|sc|jts each containing diagnosis, procedure, and drug
codes.

* Rich, context-aware code representations are critical
for robust clinical predictions.

Two Source of External information
 Maedical Ontology
* Medical ontologies (e.g., ICD, ATC) organize
diagnoses, drugs, and procedures into
hierarchical codes.
* They encode domain relationships, but are often
underutilized in predictive models.
* Large Language Models
e pre-trained on extensive corpora such as
biomedical literature, provide a rich source of
domain-specific knowledge
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Background and Motivation

Challenges:

EHR codes are sparse, diverse, and complex, especially for rare diseases.

Ontology graphs capture domain knowledge, but most models use only single or unconnected
systems, missing cross-ontology links.

LLMs have potential as knowledge bases, but can produce factually inconsistent or misleading
content in free-text.

Result: Limited representations and poor predictions for rare or complex cases.
Need: unified, multi-ontology representation learning

Objective

Enhance medical concept representation learning by integrating multiple ontologies (disease,
drug, procedure) in a unified learning structure.

Leverage LLMs for expert knowledge while ensuring reliability in healthcare predictions.
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Proposed Method

* We present LINKO: LLM-augmented INtegrative Knowledge Propagation over
Ontology Graphs, a medical concept encoder with three key steps:
1. Meta-KG construction - integrates multiple ontologies, initializes embeddings using LLM
2. Horizontal Message Passing (HMP) — between codes across and within ontologies
3. Vertical Message Passing (VMP) — between hierarchical ontology levels within each ontology
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Proposed Method - Meta-KG construction

* Formulating the Meta-KG, a multifaceted knowledge graph (KG) that joins multiple

ontology graphs through every level of hierarchy.
The initialization of node embeddings in Meta-KG is enabled through a curated LLM

prompting strategy and dense embedding retrieval.
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Proposed Method - Horizontal Message Passing (HMP)

* Core ldea:

e Connects heterogeneous
concepts, e.g., disease <> drug
<> procedure

* Enables horizontal propagation
of knowledge at each level

* Bridges ontology graphs using
EHR-driven co-occurrence edges

* How It Works:

* Build co-occurrence conditional probabilities from EHR visits to
define directed edges
* Filter edges by threshold 7Wto control connectivity
* Encode graphs using:
* GAT (Graph Attention Network) = for parent-level graphs

* HAT (Hypergraph Attention Network) - for leaf-level
hypergraph
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Proposed Method - Vertical Message Passing (VMP)

e Core ldea:

* Goal: Propagate information within each ontology — from general

to specific concepts and back.
Two rounds of message passing:

 Bottom-Up Propagation (HGIP) — children - parents

* Top-Down Propagation (GRAM) — parents - children
Enables multi-level information sharing across ontology hierarchy

How It Works:

Construct sequential vertical subgraphs between adjacent levels
Apply Graph Attention (GAT) to aggregate information between
levels

Compute final leaf-level embeddings via attention-weighted
combination
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Proposed Method — Plug-In into Downstream Task

Integrating LINKO into EHR Models

* LINKO can be used as a plug-in medical concept

encoder for any EHR prediction framework. Yt+1
e Qutputs dynamic, ontology-informed embeddings PredictionT
tailored for clinical tasks.
 No changes needed to the core architecture of EHR Model
existing EHR models. A
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Evaluation - Experimental Setup

* EHRs Dataset
e  MIMIC-lIl, MIMIC-IV

 Maedical Ontologies:
* Drug codes: Anatomical Therapeutic Chemical (ATC) classification
* Diagnosis/Procedure : The International Classification of Diseases (ICD-9)

* Task
» Sequential Diagnosis Prediction: Given a patient’s visit sequence X; = {V;,V5,...,V;}, the
objective is to predict diagnosis codes for the next visit V¢
* Evaluation Metrics
e AUPRC : The area under the precision-recall curve

 Acc@k: The number of correct diagnosis codes among the top k predictions.
e F1-score: The harmonic mean of precision and recall

* Scope
* In this paper, we have tackled 6 Research Questions (RQ)



Evaluation - RQ1: Plug-in Enhancement Evaluation
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RQ1: Does our method enhance the performance of EHR models as a complementary
concept encoder?

Integrated LINKO as a plug-in encoder into multiple EHR models

Consistently improved downstream prediction performance
Demonstrated strong model-agnostic generalization across architectures
Validated LINKQ'’s effectiveness in enhancing medical concept representations
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Evaluation - RQ2: Baseline Comparison

RQ2: How does LINKO perform compared to existing medical code encoders?

Base model is Transformer, while
subsequent rows represent Base
with added medical concept
encoders (e.g., GRAM = Base +
GRAM)

Compared to leading ontology-
based encoders LINKO
consistently achieved the
outperforms across datasets
Grouping Diagnosis labels into
four frequency bands, label
category performance showes
robustness for rare and low-
frequency medical codes

General Performance

Label Category Performance (AUPRC)

Model AUPRC F1 Acc@15 Acc@20 Acc@30 0-25% 25-50% 50-75% 75-100%
Base 28.5410_39 22.9010_10 37.8810_53 39.5310_(,0 44.1010_52 28.33:‘:0_44 58.?3:‘:0_5(, 46.5410_30 67.55:‘:0_]5
GRAM 29961045  24.174018 39424025 41235045 45904061  29.73:053  60.62i007  47.674027  68.454021
Z | MMORE 30.060025  25.114160 39561018  41.46:032  46.19:034  29.84.020  60.60i047  48.84.p34 68.0741 3
g' KAME 290.13.052  23.39.032  39.184032  40.28:032  45.67s025  28.844032  59.624032  47.21.042  68.084032
E G-BERT 30.1310.36 25194033 39.65+0.73 41.6640 81 46.2949 95 29914950 60.83+0.69 49.88.:0.74 69.03510
= HAP 30.0240.23 24.2241 30 39.5540.23 41.37 1037 46.2240 33 29.644031 60.76.4¢.35 49.53 4033 68.9441 4
ADORE 30.1140.34 25.2140.87 39.87 +0.24 41.5140.42 46.2540.34 30.154030 60.8940.45 49.44 41 o2 68.18.10.093
KAMPNet 30.2140.23 25.3241.10 40.1840.42 41.8840.54 46.4149 56 30.214034 61.05.40.80 48.9340.53 70.3041 0
LINKOyw, gaT 32.1340.12 28.36.40.09 42.6040.14 43.5640.14 48.1240.18 31.8340.13 63.03.40.26 50.96.40.40 71.3540.20
LINKOy, AT 32.38:0.32 30.02:9.13 42.0540.65 43.7049 66 48.6319.73 32.31:0.m 63.2510.73 51.17+9.23 71.58+0.12
Base 28.2340.24 22.3640.33 36.1540.22 38.0340.34 43.1940.43 28.07 4028 54.28.40.10 49.8940.20 73.3440.26
GRAM 28.9940.34 24.1040.48 37171036 39134052 44.324¢ 51 28.79+0.11 54.81413 50.58.40.34 74.44.49 77
E. MMORE 29.114038 23.67 +0.70 37.1540.46 39.14453 44.3640 50 28.87 +0.43 54.9249.87 51.2940.25 74.4240.30
9 KAME 28.5240.32 23.18.40.09 36.7640.47 38.3640.45 43.7540.36 28.1940.38 55.1340.16 30.0940.32 73.7940.23
E G-BERT 29.22 0.8 24.92 1083 37.3640.12 39.5540.12 45.1540.44 29.1640.10 54.47 19,99 52.45,40.62 75.4049.18
= HAP 29.2840.01 23.2540.88 37.47 1056 39.6440 55 45.0540.57 29.1040.45 55.114¢.99 532.1940.27 73.5040.24
ADORE 293110220 23.611p.81 37.53:0.3 39.6840.32 45.0149 58 29184073 55.1449 42 521449 45 75.4149.27
KAMPNet 29.384+0.65 25.0140.72 37.8340.39 39.91+0.61 45.2640 53 29314045 55.204¢.87 52.56.40.34 75914029
LINKOy, AT 30.7840.99 27.67+0.23 39.1140.92 41.184¢.73 46.654 83 30.7240.85 54.7449 19 57.1640.26 79.2349.10
LINKOy,; gaT 31.79+0.11 28.6640.13 39.95.0.11 41.84.49. 14 46.96.19 96 31.6241 09 55.6840.15 56.90.40 50 80.7649.47
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Evaluation - RQ3: Ablation Study

General Performance Label Category Performance (AUPRC)

Model AUPRC F1 Acc@15  Acc@20  Acc@30 0-25% 25-50% 50-75% 75-100%
LINKOy, GAT 32132012 28.56:000 42601014 43561014 48122018 31832013  63.03:026  50.96:040  71-352029
LINKOy,; AT 32.38:0.32 30.0240.13 42.0540.65 43.70+0.66 48.63+0.73 323101 63.2540.73 51.17 +0.23 71.58+0.12

2 w/o HGIP 30.65:025  26.19:022  40.164.020  42.034021  46.81ig40  30.36:045  61.3d.013  49.15.010  68.634055
e w/o LLM 30.865050  26.69:052  40.40.053  42.064075  46.54i0g8s  30.66:06s  61.420010  48.35.018  67.104012
= w/o leaf-HMP 30704033  26.89:085  40.27. 043  42.09,038  46.76:060  30.41i04s  61.301000  48.77s070  69.4640 99
E wio part:nt—l-[MP 30-321:0_69 25.4910_25 39.83ig_sg 41.?21[}_92 46.4710_9[} 30.0710_'}3 61.40t0_72 46.463:1]_23 68.0610_29
w/o HMP 30104030  25.26:083  39.671041 41504034  46.25.053  29.85.051  60.94.075  47.39.i028  67.331042

LINKOy; HAT 30.7840.99 27.67 10,23 39.1149.92 41.18 49,73 46.6540 33 30.7240 35 54.7440.19 57164026  79.2310.10

- LINKOy; gaT 31.79:0.11 28.66+0.13 39.95:0.11 41.84:9.14 46.96.+0.96 31.62:1.00 55.68.40.15 56.90+0.59 80.7610.47
= w/o HGIP 30.25.037  25.75:044  38.54.051  40.47.0s5  46.00s066  30.04:041  55.6li012  53.36:031 77000
& w/o LLM 30385000  25.88:000  38.23.057  40.38,066  45.82:090  30.33.040  55.05:099  55.03:061  79.164033
= w/o leaf-HMP 30095043 25444015  38.25.051  40.35.0s4  4592.050  29.88.0s1  55.57s057  53.62:030  76.684017
2 w/o pa.rcnt—HMP 29.761:0_13 26.0210_10 37.9710_39 39.931[}_55 45.4310_52 29.5310_43 55-241:0_88 52.48:H]_2(, ?S-TS:I:D_'I?
w/o HMP 2941,040  25.28:088  37.551041  39.61s0sz  45.25:060 29261050  54.52:043  52.58:020  75.464001

RQ3: What is the impact of each component of LINKO on performance?

Removing any key component of LINKO leads to performance degradation

* w/o leaf-HMP: removing ontology fusion at the leaf level weakens fine-grained concept interaction

* w/o parent-HMP: greater drop — parent-level fusion is crucial for coarse-grained alignment

* w/o HMP: removing all horizontal propagation severely hurts performance; cross-ontology links are vital
* w/o HGIP: loss of hierarchical information flow reduces structured representation quality

* w/o LLM: random initialization degrades semantic grounding and performance
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Evaluation - RQ3: Ablation Study

RQ3: What is the impact of each component on performance? Closer look at HMP

Concept Type

w/ Multi-level Integration

w/o Multi-level Integration

AUPRC F1 Acc@15 Acc@20 Acc@30 | AUPRC F1 Acc@15 Acc@20 Acc@30
2 | rx,px 22.7450.04 16.92:017 31.561020 33.57:027 38.751x026 | 21.3540.27 15.1540.26 30.03:053 32.21:065 37.23:0.39
QO | dx,px 30.67+0.44 25.87:0.13 40.251062 42.21:050 46.99:042 | 29.285031 22.49:0.15 38.62:031 40.68:037 45.56:0.24
E dx.rx 30.86+0.10 25.34:1023 40.44:010 42.53:012 47.31:0.10 | 30.1710.10 25.0810.14 39.771057 41.71i070 46.5910.64
= | dxrx,px 32.384032 30.024p43 42.05:065 43.70:066 48634073 | 30.104039 25.264023 39.67:041 41.504034 46.254053
E. IrX,px 24.245097 18.29:097 31.924036 34431004 39.87.0.13 | 22.98.022 16554014 30.81.031 32.95:049 38.61:033
O | dx,px 30.1940.11  26.40:026 38.03.081 40.18:0709 46.03.9.11 | 29.01067 24.48:0.00 37.041074 39.16:061 44.89:0.68
E dx,rx 30.64:040 27.06:0.15 39.311058 41.27:064 46.621057 | 29.564038 24.44:065 37.8810061 39.9810.65 45.46:0.60
= dx,rx,px 31.79:0.11  28.6610.18 39.95:0.11 41.84:0.14 46.961096 | 29.410.40 25.28:0.88 37.55:0.41 39.61i052 45.25:0.60

Evaluated LINKO with different ontology combinationsof (dx, rx, px) and Repeating experiments with and
without Horizontal Message Passing (HMP)
Without HMP: ontologies learned independently - weaker and less consistent performance
With HMP: cross-ontology integration captures both heterogeneous and homogeneous code relations
Dropping any ontology reduces performance; dx has the largest impact, px the smallest

HMP enables synergy, even sparse ontologies (like px) contribute meaningfully through integration
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Evaluation - RQ4:

Prompt Analysis

Prompt Information MIMIC-1V MIMIC-III
AUPRC F1 Acc@15 Acc@20 Acc@30 | AUPRC F1 Acc@15 Acc@20 Acc@30
no LLM 30.864059 26.694052 40.404083 42.064075 46.5440588 | 30.3840.10 25.88i1090 38.23:057 40.384066 45.8210.00
type-code-noise 31.2840.10 28.464030 40.99:075 43.25:i0.10 47.3940.11 | 30.571074 27.88i1021 38.99:i0.4¢ 40.964057 46.5710463
tpr—COdC 31 -9610.40 27-77i0.6'}' 41-57i0.35 43.241{}.42 47.9210_50 31-]5i0.98 27-89i0.10 39-2810.69 41.2610_44 46.7910_53
type—code—concept 32-0010.25 29-0710,56 41-73i{l74 43-521{},83 43.1710_73 31-]8i1.0{] 28-35i0,65 39-39i{}‘91 41.5510_33 46.9010_94
type—code—concept—children 32-0511.00 29-0311,02 41-57i{l11 43.411{)‘13 47.9410_14 31-09i1.0{] 27-67i1,02 39-23i{}‘13 41.1810_10 46.6610_99
type—code—concept—parent 32.354050 28.27+0.48 42.014073 43.59:038 48.4945041 | 31.2140095 28.48i029 39464079 41.6441010 46.91.p.97
type-code-concept-parent-task | 32.38:0.32 30.02.0.13 42.05:065 43.70:066 48.63:073 | 31.79:011 28.6610.18 39.95:0.11 41.84:0.14 46.96.¢.96
w/ LLM-emb-freezed | 22.1340.77 13.35:0.89 30.79:090 32.9140.92 37.704007 | 25.754037 19.96403¢ 33.8240.39 36.28.p38 42.00.038

RQ4: How does the prompting strategy affect performance?

* Best performance: prompt includes code ID, name, description, parent info, and task context

* Adding child-level details does not help with performance

* Injecting irrelevant text/noise degrades embedding quality

* Freezing LLM embeddings weakens representation learning => fine-tuning is essential
 LLM initialization accelerates convergence (~4x faster than random initialization)



Evaluation - RQ5: Data Insufficiency Analysis

RQ5: How does our method mitigate data insufficiency limitations and rare disease
predictions?

AUPRC (MIMIC-IV) s ACC@20 (MIMIC-IV) 03— AUPRC (MIMIC-III) o ACC@20 (MIMIC-IN
* Evaluating LINKO under varying o = e o
training dataset sizes to simulate ~ °* A NE I =
limited-data scenarios, it o ™ | o / EZ / =
consistently outperforms baselines o= o . ol e
in data-scarce settings. P nseste. T Rnsasne. 0 " Rinsesre. 0 " Rincersne.
° In the P|Ug'in Enhancement AUPRC (MIMIC-III) Acc@20 (MIMIC-II1) AUPRC (MIMIC-IV) Acc@20 (MIMIC-IV)

setting, LINKO significantly
improves EHR model performance
even with reduced training data.

0.42
0.401 »~~
0.38
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e 0340«
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Evaluation — RQ6: Case Study Analysis

ﬂevell P cifculatory sys \
RQ6: How does LINKO learn representations for opdatomM s e
. o o - *\ s organ drugs
lnd"”dual COdES? diagn?&ic\&"-‘ 3 ' ngfvou sysg&an*u
theraP£UtiC,bX. Y ) s@ iseasei&‘ /
Case Study — Encoding CHF (ICD-9 428.0: Congestive Heart (Cevel2 " open ,eplcm,,'t . B
Failure) with LINKO - o offeiae ) e
. . . . . I tic | ! gen
* Dual-axis propagation: vertical (hierarchical ancestors) & p rag?;lmdi il TR i &
horizontal (co-occurring codes in all ontologies) faci WY
. RN . ) ] \“mid." ik n |hemorrh?glcs
LLM prompts initialize code embeddings with semantic : mtuba‘\o‘n iigatiop \cemgn "
context '. .: T A
* Graph attention learns edge importance; shown by line ‘
thickness 1 .'
* Color-coded edges: procedures (red), diagnoses (green), ! :
drugs (blue)
* Final embedding combines own and ancestor features
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Conclusion

We present LINKO: LLM-augmented INtegrative Knowledge
Propagation over Ontology Graphs, featuring following contributions:

* Unified Multi-Ontology Framework: Jointly represents diagnoses, drugs, and
procedures in a single meta-graph.

* Dual-axis Knowledge Propagation: Combines vertical (hierarchical) and
horizontal (cross-ontology) message passing.

* Graph-Augmented LLM Initialization: Uses LLM-based, graph-aware
embeddings for strong initialization, then refines in-graph.

* Plug-in, Robust Gains: Outperforms baselines, boosts robustness for rare
diseases, and works as a plug-in encoder.
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