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Synonym Discovery in Clinical Data 

2

Medical Term Synonyms

vitamin c vit c; c vitmin; ascorbic acid; … 

copper deficiency copper low; copper decreased; hypocupremia; … 

large kidney enlarged kidneys; nephromegaly; renomegaly; … 

hiv disease hiv infection; human immunodeficiency virus; … 



Why Synonym Discovery?
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User Query

vitamin c

One Application Scenario: Search



Why Synonym Discovery?
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User Query Expansion

vitamin c; ascorbic 
acid; vit c; c vitmin

More relevant  
documents

User Query

vitamin c

One Application Scenario: Search



Existing Synonym Discovery Methods on Text Corpora 
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Text corpus with raw sentences

The USA is also known as America.

The USA (America) is a country of 50 states.

Illinois, which is also called IL, is a state in the US.

Michigan, also known as MI, consists of two peninsulas.

Examples from (Qu et al., KDD’17)Concept Space [Wang et al., IJCAI’15]

DPE [Qu et al., KDD’17]

SynonymNet [Zhang et al., 2018]

…




Privacy Concerns in Clinical Data
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Examples from [Roberts, ClinicalNLP’16] 

Raw clinical texts are rarely publicly available!



Privacy-Aware Clinical Data
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Medical term-term co-occurrence graph
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Observations in Privacy-Aware Clinical Data

8

Global context  
information

Surface form 
information
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Observations in Privacy-Aware Clinical Data
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Global context  
information

Surface form 
information

Surface forms for “vitamin c”

Character-level vit, ita, tam, min, …

Word-level vitamin, c



Modeling the surface form information
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[Mueller and Thyagarajan, AAAI’16]

[Neculoiu et al., 2016]

Good at capturing the string-level association

Siamese Recurrent Networks

Y i W a m i n ␣ c a V c o U b i c ␣ a c i d

RecXrrent�NeXral�NetZorks RecXrrent�NeXral�NetZorks

Distance�Loss



Modeling the surface form information
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Challenge I
1. Similar in surface form with different meanings

• hemostatic (stop bleeding) vs. homeostasis (stable inner environment)

2. Similar in meaning with different surface forms

• ascorbic acid vs. vitamin c

Y i W a m i n ␣ c a V c o U b i c ␣ a c i d

RecXrrent�NeXral�NetZorks RecXrrent�NeXral�NetZorks

Distance�Loss
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Modeling the global context information

13Figure from Siv’s Blog 
https://iamsiva11.github.io/graph-embeddings-2017-part1/

[Perozzi et al., KDD’14]

[Tang et al., WWW’15]

[Grover and Leskovec, KDD’16] Learning semantic representations 

from graph structures

https://iamsiva11.github.io/graph-embeddings-2017-part1/


Modeling the global context information
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Challenge II
Traditional embeddings cannot deal with Out-Of-Vocabulary (OOV) 
Query terms

• No global contexts available for OOVs in the graph



SurfCon Framework: Surface form + Context
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QXeU\�TeUP�

CaQdidaWe�TeUP�

“ vitamin c ”

“ ascorbic acid ”



SurfCon Framework

16

QXeU\�TeUP�

CaQdidaWe�TeUP�

CKaU-OeYeO¬
EQcRdeU

WRUd-OeYeO
EQcRdeU

CKaU-OeYeO
EQcRdeU

WRUd-OeYeO
EQcRdeU

SXrface�Score

1

Bi-level Surface Form Encoding



SurfCon Framework
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QXeU\�TeUP�

CaQdidaWe�TeUP�

CKaU-OeYeO¬
EQcRdeU

WRUd-OeYeO
EQcRdeU

CKaU-OeYeO
EQcRdeU

WRUd-OeYeO
EQcRdeU

SXrface�Score

1

Bi-level Surface Form Encoding

Capture character-level similarity 
by n-gram embeddings

Recover some semantic 
meanings by word embeddings



SurfCon Framework
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QXeU\�TeUP�

CaQdidaWe�TeUP�
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...

Inductive�Conte[t
Prediction�Module

Inductive�Conte[t
Prediction�Module

1 2

Pre-trained Context Predictor



SurfCon Framework
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QXeU\�TeUP�

CaQdidaWe�TeUP�
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EQcRdeU
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EQcRdeU
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...

...

Inductive�Conte[t
Prediction�Module

Inductive�Conte[t
Prediction�Module

1 2

Pre-trained Context Predictor

Applicable to OOV 
terms



SurfCon Framework
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SurfCon Framework
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3

Context Matching

Matching two 
context sets 
dynamically



SurfCon Framework
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For each query term, a list of candidate terms will be ranked 
based on both the surface and context scores.
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SurfCon Framework
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Challenge I: balancing 
two information

1. Word-level encoder  
2. Context score



QXeU\�TeUP�

CaQdidaWe�TeUP�

CKaU-OeYeO¬
EQcRdeU

WRUd-OeYeO
EQcRdeU

CKaU-OeYeO
EQcRdeU

WRUd-OeYeO
EQcRdeU

SXUface�ScRUe

...

...

MaWchiQg�MechaQiVP CRnWe[W�ScRUe

Inductive�Conte[t
Prediction�Module

Inductive�Conte[t
Prediction�Module

BL-OeYeO�SXUface�FRUP�EQcRdLQg CRQWe[W�PUedLcWLRQ�&�MaWcKLQg
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Challenge I: balancing 
two information

1. Word-level encoder  
2. Context score

Challenge II: OOV query terms
1. Only require surface form as the input 
2. Infer global context based on surface 

form



Experimental Setup
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1-day dataset All-day dataset

# Nodes 52,804 43,406

# Edges 16,197,319 50,134,332

Average # Degrees 613.5 2310.0

❖ Two existing co-occurrence graphs from 
Finlayson et al. (2014) in Scientific data 

❖ 20 million clinical notes from Stanford 
Hospital and Clinics since 1995 

❖ 1-day dataset & all-day dataset 

❖ Synonym labels from UMLS



Experimental Setup
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1-day dataset All-day dataset

# Nodes 52,804 43,406

# Edges 16,197,319 50,134,332

Average # Degrees 613.5 2310.0

# Train Terms 9,451 7,021

# Dev Terms 960 726

# InV Test 
Terms

All 960 726

Dissim 175 152

# OOV Test 
Terms

All 2,000 2,000

Dissim 809 841

❖ Two testing scenarios  

❖ InV (query) testing and OOV (query) 
testing   

❖ A testing subset, Dissim, with string-
dissimilar synonyms



Main Results
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Category Methods InV - All InV - Dissim

Surface form 
based methods

CharNgram (Hashimoto et al., EMNLP’17) 0.8473 0.4657

CHARAGRAM (Wieting et al., EMNLP’16) 0.8507 0.5504

SRN (Neculoiu et al., 2016) 0.8565 0.5102

Global context 
based methods

Word2vec (Mikolov et al., NeurIPS’13) 0.3748 0.3188

LINE (2nd) (Tang et al., WWW’15) 0.4301 0.3494

DEP-NoP (Qu et al., KDD’17) 0.6107 0.4855

Hybrid methods
Concept Space (Wang et al., IJCAI’15) 0.8109 0.4690

Planetoid (Yang et al., ICML’16) 0.8514 0.5612

Our model and 
variants

SurfCon (Surf-Only) 0.9053 0.6145

SurfCon(Static) 0.9151 0.6542

SurfCon 0.9176 0.6821
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Main Results
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Category Methods InV - All InV - Dissim

Surface form 
based methods

CharNgram (Hashimoto et al., EMNLP’17) 0.8473 0.4657

CHARAGRAM (Wieting et al., EMNLP’16) 0.8507 0.5504

SRN (Neculoiu et al., 2016) 0.8565 0.5102

Global context 
based methods

Word2vec (Mikolov et al., NeurIPS’13) 0.3748 0.3188

LINE (2nd) (Tang et al., WWW’15) 0.4301 0.3494

DEP-NoP (Qu et al., KDD’17) 0.6107 0.4855

Hybrid methods
Concept Space (Wang et al., IJCAI’15) 0.8109 0.4690

Planetoid (Yang et al., ICML’16) 0.8514 0.5612

Our model and 
variants

SurfCon (Surf-Only) 0.9053 0.6145

SurfCon(Static) 0.9151 0.6542

SurfCon                 0.9176   (+7.1%)                   0.6821   (+21.5%)



Main Results
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Category Methods OOV - All OOV - Dissim

Surface form 
based methods

CharNgram (Hashimoto et al., EMNLP’17) 0.7427 0.4131

CHARAGRAM (Wieting et al., EMNLP’16) 0.7609 0.5142

SRN (Neculoiu et al., 2016) 0.7241 0.4341

Global context 
based methods

Word2vec (Mikolov et al., NeurIPS’13) - -

LINE (2nd) (Tang et al., WWW’15) - -

DEP-NoP (Qu et al., KDD’17) - -

Hybrid methods
Concept Space (Wang et al., IJCAI’15) - -

Planetoid (Yang et al., ICML’16) 0.731 0.4714

Our model and 
variants

SurfCon (Surf-Only) 0.8228 0.5829

SurfCon(Static) 0.8285 0.5933

SurfCon                 0.8301   (+9.1%)                   0.6009   (+16.9%)



Case Studies
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Query Term “unable to vocalize” 
(InV Query)

“marijuana” 
(OOV Query)

SurfCon Top 
Ranked 

Candidates

“does not vocalize” 

“aphonia” 

“loss of voice” 

“vocalization” 

“unable to phonate”

“marijuana abuse” 

“cannabis” 

“cannabis use” 

“marijuana smoking” 

“narcotic”

• Bold terms are existing synonyms in the KBs

• Underlined terms are new synonyms we discover 



Conclusions

• SurfCon model for synonym discovery 

• Leverages surface form and global context information 

• Handles InV and OOV query terms 

• Does not require raw clinical texts and works on co-occurrence graphs 

• Medical term co-occurrence graph as privacy-aware clinical data 

• Better preserves privacy 

• Can be used for solving many data mining tasks

32



Thanks! Any Questions?
Zhen Wang

The Ohio State University

SurfCon: Synonym Discovery on Privacy-Aware Clinical Data 
Source Code and Datasets: https://github.com/yzabc007/SurfCon
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Dynamic Context Matching Mechanism
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...
...

...
...

Weigh each context of query term based on its 
matching degree with contexts of the candidate term, 

and vice versa. 


