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Electronic Health Records
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Language 
Models

ØDiagnosis prediction
Ø Long-tail Distribution
ØMulti-label text Classification

ØDomain Knowledge
ØCompensate for data scarcity 
ØRelation constraints

Diagnosis Prediction 
(Multi-label text classification)

o ICD-9 diagnose code
o EMS Protocols



Related Work
• Pretrained language models for diagnosis prediction
• BioBERT[1](110M), GatorTron[2](325M), BioMedLM[3](2.7B)
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Related Work
• Knowledge enhanced approaches
• Semantic meaning of labels was integrated into text embeddings in CAML[1]

• Hierarchical label structures was encoded into a graph model and further 
concatenated into text features in ZAGCNN[2]

• Label semantics similarity, label co-occurrence along with label hierarchy was 
utilized to construct multiple graphs in KAMG[3]
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Related Work
• Common Limitations of Existing Works

• Contribution
• Knowledge graph construction by GPT-4 with chain-of-thought prompting. 
• Knowledge graph incorporation with language models by heterogeneous label-

wise attention to improve multi-label classification
• DKEC outperform SOTAs on two real-world datasets and enables smaller 

language models achieve comparable performance to large language models. 
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DKEC pipeline
• Knowledge Graph 

Construction

• Graph Branch

• Text Branch

• Heterogeneous 
Label-wise Attention

• Classification
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Knowledge Graph Construction
• Information query

• GPT-4 CoT prompt
• Token classification
• Span Detection
• Relation Extraction

• UMLS normalization

• Union of Multiple 
Knowledge Bases
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GPT-4 Prompt
Let's think step by step

Text Content
Early symptoms include

cough, wheezing,
shortness of breath.
Other symptoms may
include anxiety,
depression. Give
antibotics  Lung

transplantation...

Query
API or WebDriver

Medical Concept
Normalization 

UMLS API Graph from 
KnowBase_1

Graph from
KnowBase_i

Heterogenous
Knowledge Graphs

...

Knowledge Bases
KnowBase_1 KnowBase_i

. . .

UMLS Semantic
Types

SYMPTOM: sosy, dsyn...
TREATMET: clnd, antb...

Token Classification
Label the token one by one

symptom, treatment  or none
-"Early": none

-"symptoms": none
-"include": none

-"cough: symptom
-"wheezing": symptom

...

Span Detection
Locate minimal spans

representing symptoms, or
treatments

-"cough": symptom
-"wheezing": symptom

...
-"lung transplantation": treatment

...

Relation Extraction
identify the relation [positive,
negative] between entity with

disease
"cough": positive

-"wheezing": positive
...

-"lung transplantation": positive

Formatting Output
\begin{SYMPTOM}

\item{cough}
...

\end{SYMPTOM}
\begin{TREATMENT}

\item{antibotics}
...

\end{TREATMENT}

"008.45": "Clostridiodies infection",
"Protocol 3-1", "Medical-Abdominal Pain"

Diagnosis code



Heterogeneous Graph
• Nodes
• Diagnose code 𝐷 = {𝐷!}!"#$

• Signs and Symptoms 𝑆 = {𝑆!}!"#
|&|

• Procedures 𝑇 = {𝑇!}!"#
|'|

• Hierarchy 𝐻 = {𝐻!}!"#
|(|
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• Edges
• Diagnosis Code – Signs: 𝐸)& 
• Diagnosis Code –Treatment: 𝐸)&
• Diagnosis Code – Hierarchy: 𝐸)(

• Embedding Initialization
• Pre-trained BERT
• Diagnose code: Overview
• Other medical entities: Names
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Graph Branch
• Input: Knowledge Graph with initial node embedding
• Graph Model: Heterogeneous Graph Transformer[1]

• Output: Updated Diagnosis code embedding 𝐷!∗
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Text Branch
• Long Document Encoder
• Multi-filter CNNs
• Pre-trained Transformers
• Document representation 𝐸)*+
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Heterogeneous Label-wise Attention
• Given document representation 𝐸!"# and 𝑘th label 

representation 𝐷$∗, we derived 𝑘th label-wise attention 
vectors 𝑎!"#,$, which having 𝒌th label assign different 
weights for each token in the document representation.
• 𝑎!"#,$ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑡𝑎𝑛ℎ 𝑊'𝐸!"# + 𝑏' 𝐷$∗)

• Combine all label-wise attention vectors
• 𝐴!"# = [𝑎!"#,(	 𝑎!"#,) 	… 	𝑎!"#,$	…	𝑎!"#,*	 ]+

• Apply label-wise attention vectors to text representation, 
the label-attentive text representation which measures 
how informative medical document 𝑫𝒐𝒄 is for all 𝐿 labels

• 𝐸!"#$%%& = 𝐴!"#𝐸!"#
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Classification
• Pooling and Linear Layer
• )𝑦)*+ = Linear(Pooling(𝐸)*+/001))

• Binary cross-entropy Loss
• ℒ = ∑)*+"#

|)*+| ∑2"#$ 𝑦)*+,2log( )𝑦)*+,2) + :
;

1 −
𝑦)*+,2 log(1 − )𝑦)*+,2)
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Experiments
• We apply DKEC to different baseline language models and compare it 

with state-of-the-art label-wise attention networks and large language 
models, we aim to answer three research questions:

• RQ1: Can DKEC improve MLTC performance for class-imbalanced datasets?

• RQ2: How does DKEC perform when applied to language models with varying 
sizes?

• RQ3: How does DKEC perform with scaling label sizes?
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Knowledge Bases (KBs) and Datasets
• Emergency Medical Service (EMS): 
• A collection of  4,417 pre-hospital ePCR annotated with EMS protocols
• KBs: ODEMSA documents

• MIMIC-III: 
• A real-world EHR dataset annotated with ICD-9 diagnosis codes
• KBs: Wikipedia & Mayo Clinic web

• Label Frequency
• Head(H): labels with more than 100 samples
• Middle(M): labels with 10 to 100 samples
• Tail(T): labels with less than 10 samples
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Knowledge Graph Quality Evaluation
• Manual annotation of Symptoms and treatments
• 50 ICD-9 diagnosis codes (evenly sampled from head, middle, tail labels)
• 43 EMS protocols

• One-shot CoT GPT-4 outperforms other baselines in medical entity 
extraction consistently by a considerable margin 
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RQ1: Can DKEC improve MLTC performance for 
class-imbalanced datasets?
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RQ2: How does DKEC perform when applied to 
language models with varying sizes?
• Performance of DKEC-based models 

increase less as model size grows

• DKEC enables smaller language 
models to achieve comparable 
performance to LLMs
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RQ3: How does DKEC perform with scaling label 
sizes?
• With the increase in the number of labels, the MLTC performance 

generally drops, but DKEC helps maintain performance, particularly 
when external knowledge for all the labels.
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Ablation Study
• Effectiveness of DKEC
• DKEC outperforms SOTAs that uses 

only label hierarchy

• Effectiveness of External 
Knowledge
• Incorporating label-specific external 

knowledge is the main driver of 
performance improvements. 
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Limitations
• Only 3,737 MIMIC-III diagnosis codes are found having domain knowledge from 

Wikipedia and Mayo Clinic, larger KBs may be needed for completeness.

• The accuracy of the full knowledge graph would require a considerable amount of 
human effort. 

• DKEC and other baselines studied in this paper can only used as a reference and not 
as a final decision for treatment of the patients in the real world. 
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