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 A B S T R A C T

Objective: Medical Concept Normalization (MCN) maps informal health phrases to formal clinical concepts. 
It is a critical task for pharmacovigilance, patient record analysis, and health-related text mining. Extensive 
MCN research has mainly relied on single-source datasets and overlooked data quality (DQ) issues. This study 
aims to develop a quality-aware data fusion framework for MCN using Large Language Models (LLMs).
Methods: The methods consist of DQ evaluation and enhancement, LLM-based data augmentation, and 
multi-source MCN dataset fusion using enriched concept-phrase pairs. We analyze six widely used MCN 
datasets—AskAPatient, CADEC, COMETA, PsyTAR, TwADR-S, and TwiMed—each collected from social media 
and mapped to SNOMED-CT. Our evaluation metrics include correctness, concept validity, coverage, semantic 
variety, and class imbalance. For DQ enhancement and data augmentation, we use Gemini for zero-shot and 
few-shot learning to increase the semantic variety and phrase count for rare concepts. We then perform data 
fusion based on shared medical concepts.
Results: The DQ evaluation reveals substantial issues, including incorrect mappings, invalid concepts, low-
variety redundant phrases, and long-tail concept-phrase distribution. After augmentation, phrase counts 
increase by 172.1%, and by 450.0% after fusion. To directly investigate model performance improvement on 
rare cases, we introduce concept-level macro metrics. SapBERT, KNN-BioEL, and KRISSBERT trained on the 
augmented and fused dataset achieve significant gains in accuracy, recall, precision, and F1 over single-source 
baselines, up to 38%.
Conclusion: Our study finds that existing MCN benchmarks present data quality issues and underexplored 
data fusion potential. Data quality enhancement and LLM-based controlled-variety data augmentation help 
alleviate overlapping phrases and long-tail issues. Moreover, quality-aware data fusion can expand conceptual 
coverage, improving MCN performance. This work highlights data quality evaluation and fusion strategies are 
effective in advancing MCN. We hope these contributions could support quality-guided large-scale MCN data 
generation with minimal label costs, strengthen reliable biomedical text mining and downstream applications.
Availability: https://github.com/yhZHOU515/DataFusion4MCN.
1. Introduction

Medical Concept Normalization (MCN) is the task of mapping in-
formal expressions of health conditions, symptoms, and drug effects 
to standardized medical concepts defined in controlled vocabularies 
such as the Unified Medical Language System (UMLS) and SNOMED-
CT (Systematized Nomenclature of Medicine—Clinical Terms) [1]. By 
aligning patient-generated language with formal clinical terminology, 
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MCN enables large-scale healthcare analytics, particularly in settings 
where health information is extracted from noisy, informal text sources 
such as social media and online forums [2].

The lack of a comprehensive data quality (DQ) evaluation represents 
a critical research gap in MCN [3]. Extensive evidence from machine 
learning research shows that data quality factors—such as correctness, 
coverage, semantic diversity, and class imbalance—have a direct and 
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data mining, AI training, and similar technologies. 
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Fig. 1. Illustration of quality-aware multi-source data fusion and enhancement framework for MCN, using one SNOMED-CT concept ‘Agitation’ as an example. 
Three datasets are sourced from a patient forum, AskAPatient, and the other three are sourced from general social media platforms. Under normalization, each 
colored square denotes the example phrase-concept pair. Since these datasets share this concept, after data quality enhancement and fusion, each fused dataset 
will be enriched with all the phrases mapped to this concept from other datasets, as shown on the right.
often decisive impact on model performance and generalization [4]. 
In healthcare NLP, low-quality data can lead to unstable predictions 
and biased decision signals, particularly because patient expressions 
frequently diverge from standardized clinical terminology [5,6]. Sev-
eral MCN datasets have already been reported to suffer from such 
issues. For example, AskAPatient has been shown to exhibit severe 
redundancy between training and test splits, leading to inflated perfor-
mance estimates and model overfitting [1,7]. Other datasets, including 
MedNorm, COMETA, and MIMIC-IV-derived resources, demonstrate 
pronounced class imbalance, meaning medical concepts with limited 
phrases dominate the datasets [8–11]. A systematic, multi-dataset data 
quality evaluation across the MCN landscape is still missing, limiting 
both dataset enhancement and diagnostic insight.

Another gap lies in the exclusive reliance on single-source datasets 
for MCN model training and evaluation. Most MCN corpora are con-
structed from specific data sources, such as patient forums, social 
media platforms, or biomedical literature, each reflecting a narrow 
linguistic and contextual scope. Prior studies in biomedical NLP and 
information extraction suggest that multi-source corpora offer richer 
semantic diversity and improved generalization by capturing comple-
mentary expression patterns across domains and platforms [12–14]. 
Yet, MCN research has not fully exploited this potential. Consequently, 
semantic complementarity across data sources remains underexplored, 
and current MCN benchmarks fail to reflect the variability, constraining 
the MCN models trained on them [15].

Taken together, effective multi-source fusion for MCN must be 
quality-aware. Therefore, we propose a quality-aware multi-source data 
fusion framework for MCN, focusing on social media-derived datasets 
as a representative and impactful use case. Fig.  1 illustrates the core 
idea. We evaluate six MCN datasets derived from social media and 
mapped to the same controlled vocabulary, SNOMED-CT. While multi-
source fusion naturally enriches phrase coverage for shared medical 
concepts, qualitative inspection reveals substantial data quality issues. 
For example, the phrase ‘‘Agitation feeling’’ from TwiMed is nearly 
identical to its target concept ‘‘Agitation’’ and is semantically redundant 
with ‘‘Feeling agitated’’ from AskAPatient. Such intra- and inter-dataset 
redundancy reflects limited semantic variety and highlights the risk of 
naïve datasets. We aim to address the following research questions:
2 
• RQ1:  How to define and evaluate data quality metrics for MCN 
datasets?

• RQ2: How can large language models (LLMs) be leveraged to 
improve data quality across MCN datasets?

• RQ3:  What is the impact of data quality on MCN model perfor-
mance?

• RQ4:  How to construct larger-scale and high-quality datasets for 
MCN using a quality-aware multi-source fusion framework?

To answer these research questions, (1) we first define and evaluate 
data quality in MCN by assessing six widely used datasets along five 
metrics: correctness, concept validity, coverage, semantic variety, and 
class imbalance. (2) We then adopt Gemini to augment data, improv-
ing semantic variety and mitigating long-tail class imbalance. Phrase 
counts increase by 172.1% after augmentation, and by 450.0% after 
fusion. (3) We adopted SapBERT, KNN-BioEL, and KRISSBERT models 
to quantify the impact of data quality on MCN performance through 
comparative experiments on original, augmented, and fused datasets. 
Across all three models, F1 scores increase under augmentation on 
every dataset, up to 38%. We also investigated the redundancy is-
sue in AskAPatient and CADEC revealed by the decreased accuracy 
scores. (4) Finally, this framework enables us to construct larger-scale, 
high-quality MCN datasets with little label costs.

Introducing data quality and fusion into MCN has broad impli-
cations. For the MCN research community, it provides a systematic 
lens to diagnose foundational dataset issues and encourages more 
rigorous, data-centric development practices. For biomedical NLP, con-
structing larger, higher-quality corpora reduces annotation costs while 
improving model generalization and reliability. For healthcare applica-
tions, improved MCN performance supports more accurate interpreta-
tion of patient expressions, strengthens pharmacovigilance and safety 
surveillance, and ultimately contributes to more informed clinical and 
regulatory decision-making [3,16].

Our main contributions are summarized in Table  1 and as follows:

1. We propose the first quality-aware multi-source data fusion 
and enhancement framework for MCN. This framework contains 
data quality evaluation, investigation of data quality impacts 
on model performance, LLM augmentation, and data fusion for 
large-scale MCN dataset curation with less label cost.
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Table 1
Statement of significance.
 Aspect Summary  
 Problem or Issue Existing Medical Concept Normalization (MCN) research 

primarily relies on single-source datasets and often 
neglects systematic evaluation of data quality (DQ).

 

 What is Already Known Prior MCN datasets have reported notable DQ issues. 
Multi-source data fusion has been recognized as a way to 
alleviate data scarcity in health informatics, but 
quality-aware approaches remain limited.

 

 What this Paper Adds This paper introduces a novel quality-aware data fusion 
framework with five DQ metrics and LLM-based data 
augmentation strategies, demonstrated with six widely 
used MCN datasets. It presents the first quality-aware 
multi-source data fusion and enhancement framework for 
MCN.

 

 Who Would Benefit Biomedical NLP researchers and practitioners who seek to 
build high-quality health-related datasets more efficiently 
and at lower cost.

 

2. We design 5 DQ metrics for MCN datasets and analyze DQ issues 
in 6 widely used MCN datasets through experiments.

3. We develop LLM-based data augmentation strategies to enhance 
semantic variety and alleviate long-tail class imbalance in MCN 
corpora.

4. We construct a larger-scale, high-quality MCN dataset through 
quality-aware fusion. We demonstrate that the fused datasets 
improve model performance over single-source baselines.

The rest of the paper is organized as follows. Section 2 summarizes 
related work in MCN, data quality metrics, LLMs in data augmentation, 
and multi-source data fusion. Section 3 introduces our framework 
and workflow in detail, including datasets, data quality evaluation 
metrics, LLM prompt design, and fusion methods. Section 4 presents 
the DQ evaluation results, and Section 5 discusses how DQ issues, data 
augmentation and fusion affect model performance. Finally, Section 6 
concludes the findings and puts forward future directions.

2. Related work

This section reviews related studies from four perspectives: (1) 
Medical Concept Normalization, covering definitions, datasets, and 
modeling approaches; (2) Data quality, emphasizing its impact on 
model performance; (3) Large Language Models (LLMs) in data aug-
mentation, addressing how synthetic data can mitigate imbalance while 
raising quality concerns; and (4) Multi-source data fusion, explor-
ing how integrating diverse datasets and knowledge bases enhances 
robustness through quality-aware fusion strategies.

2.1. Medical concept normalization

Medical concept normalization is also known as medical entity 
normalization/linking (MEN/MEL) [16,17], biomedical entity link-
ing (BEL) [18], biomedical named entity normalization (BNEN) [19], 
biomedical terminology normalization (BTN) [20], and extreme multi-
label text classification (XMTC) task [21].

Prior research on MCN has largely focused on improving model 
architectures, including domain-adapted transformer encoders, con-
trastive learning strategies, and multi-stage ranking pipelines [22,23]. 
Common solutions include convolutional neural networks (CNNs), re-
current neural networks (RNNs), transformer-based models, graph neu-
ral networks (GNNs), and large language models (LLMs). For example, 
SapBERT is a transformer-based model derived from BERT that spe-
cializes in biomedical concept representation through self-alignment of 
synonymous terms [24].

On the dataset side, several benchmark corpora have been de-
veloped [12,25,26], alongside shared tasks and surveys that examine 
task formulations, evaluation protocols, and modeling challenges [27–
29]. There are three main categories for MCN datasets based on the 
3 
source type: social media platforms, the medical literature, and clinical 
records. Social media becomes a valuable resource because of its pa-
tient engagement [30]. It allows patients to describe symptoms, share 
experiences, and ask questions about health-related issues [31,32]. The 
language style is often informal and colloquial, expressed in slang [7,
33,34]. The platforms include patient forums such as AskAPatient web-
site,1 and general social media platforms such as Reddit2 and Twitter 
(now ‘X’3) [4].

The controlled vocabulary, or ontology, contains standardized con-
cepts. Widely adopted ones include UMLS (Unified Medical Language 
System),4 ICD (International Classification of Diseases),5 SNOMED-CT 
(Systematized Nomenclature of Medicine-Clinical Terms),6 MedDRA 
(Medical Dictionary for Regulatory Activities),7 and MeSH (Medical 
Subject Headings).8 Despite their comprehensiveness in covering com-
mon and rare terms, the overlapping concepts between each vocab-
ulary, concept synonyms, incorrect concept names with typos, and 
inactive concepts require further quality checks [5,6].

We identify two research gaps in this field. Firstly, the majority 
of studies evaluate their models on a single dataset at a time, rather 
than performing multi-source integration and validation. Magge et al. 
observed that the adverse drug effect (ADE) mention normalization 
achieves the best F1 score only when incorporating semi-supervised 
learning and annotations from other corpora [27]. Furthermore, data 
quality evaluation for these datasets is often neglected despite its 
importance [1,35]. As a result, fundamental data-centric issues in 
widely used MCN datasets remain insufficiently understood and under-
explored.

2.2. Data quality

Data quality (DQ) evaluation metrics, as specific measurements, 
often include correctness, duplication, class imbalance, variety, and so 
on [4,36]. Correctness refers to the fact that records in a dataset are cor-
rectly labeled if they are labeled records. Incorrectly labeled data leads 
to label noise [1]. For example, every mapping between a Reddit phrase 
and a medical concept in a dataset should be correct. Duplication refers 
to the same instances appearing multiple times in one dataset or several 
datasets [4]. Duplication within datasets can significantly inflate model 

1 https://www.askapatient.com/
2 https://www.reddit.com/
3 https://x.com/
4 https://www.nlm.nih.gov/research/umls/index.html
5 https://icd.who.int/en
6 https://www.nlm.nih.gov/healthit/snomedct/index.html
7 https://ich.org/page/meddra
8 https://www.nlm.nih.gov/mesh/meshhome.html
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https://www.nlm.nih.gov/healthit/snomedct/index.html
https://ich.org/page/meddra
https://www.nlm.nih.gov/mesh/meshhome.html
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performance [1]. Models trained on duplicated data demonstrate sub-
stantially higher but over-claimed accuracy compared to those trained 
on de-duplicated data [7]. Data that is not exactly the same but highly 
similar indicates a semantic variety issue. Drosou et al. have defined a 
distance-based diversity metric calculated by pairwise similarity, and 
a novelty-based diversity metric to determine how different a new 
sample is relative to the existing samples to reduce redundancy [37]. 
In MCN, the phrases often exhibit low semantic variety, characterized 
by synonym replacement or changes in word order. Research has also 
found the class imbalance issue in MCN datasets [27,38]. The concepts 
often follow a long-tail distribution [39,40]. These tail labels or rare 
labels are the concepts with limited training samples, and they are 
harder to predict than the frequently occurring ones [21]. However, 
simply removing the rare cases cannot address this issue [41], thus 
requiring further research on mitigating these difficult concepts.

Besides designing DQ evaluation metrics, there is also a need to 
tailor these metrics to specific tasks and integrate them into a system-
atic framework [42]. Schwabe et al. designed a data quality framework 
for medical training data using a systematic review. It contains five 
clusters: consistency, informativeness, representativeness, timeliness, 
and measurement process, with a total of 15 dimensions [43]. However, 
this kind of framework mainly focuses on the evaluation and lacks 
validation on DQ improvement. As long as fusing multi-source data is 
potential and promising, simply increasing the quantity of data does 
not always improve performance [1], emphasizing the importance of 
data quality in data augmentation and fusion.

2.3. LLM in data augmentation

Data augmentation is the generation of high-quality artificial data 
by manipulating existing data [44]. It can help mitigate data imbalance 
by generating new samples for minority groups [45]. Large Language 
Models (LLMs) exhibit strong capabilities in generating phrases, con-
text, and mappings in MCN tasks [1,20] and others in the medical 
domain [46]. The strength of using LLMs lies in their accuracy and 
cost-efficiency. Phan et al. found out that Gemini could generate high-
quality medical responses used as training data [47]. Based on Jahan 
et al.’s findings, LLMs could improve biomedical tasks that lack large 
annotated data [48]. Fan et al. employed LLM agents to leverage 
external search engines and domain-specific knowledge bases to expand 
concise mentions into more detailed, semantically consistent, and in-
formative descriptions [20]. They set the agents as a clinical doctor, 
an outpatient doctor, an internet doctor, and a terminology expert. 
The prompt each focuses on different biomedical perspectives, making 
reasoning more comprehensive.

Synthetic data needs data quality evaluation. Dobbins found out 
LLMs alone may hurt MCN performance, but when combined with 
other normalization systems, they can help achieve higher precision 
and recall by synonym and alternative phrasing generation [49]. For 
generating methods, Meng et al. explored how to combine few-shot 
training samples with the generated novel data [23]. Chen et al. 
conducted experiments on how the size of the generated samples would 
affect the model performance in MCN [1]. They tested zero-shot and 
few-shot prompting to generate augmentation sizes ranging from 5 to 
100. Increasing the size of the generated samples in the combined 
training set generally improves model performance on the combined 
testing set. While generating data can be beneficial, the above research 
also points out that synthetic data needs data quality evaluation, as 
overly large augmentation sets may introduce noise [1,23,45]. This 
again emphasizes the importance of data quality and a data-centric 
workflow.
4 
2.4. Multi-source data fusion

Multi-source data is data collected from different sources. Fusing 
data from multiple sources refers to integrating them into one merged 
dataset [13]. It can mitigate data scarcity in health informatics and 
also utilize complementary information from multiple datasets. As an 
example in the medical domain, Yang et al. fused 10 mental-health-
related datasets from social media platforms into a unified, larger-scale 
corpus [15].

Source and content similarity facilitate cross-dataset generalization, 
pointing to the potential of data fusion approaches in MCN tasks. While 
single-source corpora alone can be limited, fusing datasets enables 
models to capture more diverse yet compatible patterns, thus improving 
performance [12–14]. Dai et al. found that the model trained on 
CADEC [50] also performs well on PsyTAR [51] because both are sam-
pled from online patient forums, despite their different focuses [52]. 
Peng et al. also found that multi-source medical datasets present higher 
comprehensiveness over single-source ones [53].

Fusing heterogeneous sources of knowledge, such as context, med-
ical ontologies, and task-specific supervision, can improve concept 
alignment [33,54]. Integrating textual representations from discharge 
summaries and other external medical knowledge bases, such as medi-
cal dictionaries, can mitigate the scarce annotated data [55]. Xu et al. 
found that integrating controlled vocabulary is more beneficial than 
literature sources, with incorporating all corpus yielding the highest 
performance [56]. Similarly, integrating synonyms generated by both 
SNOMED-CT and UMLS can improve the performance while training 
on CADEC [50] and PsyTAR [34,51].

Although fusing training data from multiple sources can make the 
model more generalizable, the absolute performance may be lower 
when comparing it to individual source-trained models due to the over-
fitting issue of a single-source dataset or the consistency issue across 
datasets [57]. This further requires data quality evaluation across multi-
source datasets and a fair comparison of the model performance. There-
fore, multi-source fusion also needs to be quality-aware. Zhang et al. 
put forward four metrics to evaluate multi-source DQ: accuracy, com-
pleteness, consistency, and instantaneity [58]. Sun et al. evaluated the 
trustworthiness of source data from the perspective of data provenance 
in healthcare [59]. However, to the best of our knowledge, there still 
lacks a DQ-driven multi-source fusion framework for MCN tasks.

3. Methodology

3.1. Research design

Fig.  2 shows the research design. As mentioned, previous MCN tasks 
not only rely on a single-source dataset but also overlook the data 
quality issues. This research design includes five data quality evalu-
ation metrics and corresponding improvement methods. The metrics 
were proven critical for MCN task [1,4] and in related data quality 
research [21,27,38–40]. Specifically, to ensure semantic variety and 
address long-tail problems before fusion, we employ an LLM to conduct 
data augmentation. By fusing the augmented datasets, we achieve 
better performance, thus offering a quality-aware solution to MCN 
tasks. Section 3.3 gives a detailed explanation of the metrics.

3.2. Datasets

AskAPatient, CADEC, COMETA, PsyTAR, TwADR-S, and TwiMed 
were selected based on shared characteristics that make them both 
comparable and complementary for multi-source MCN research. The 
six datasets were chosen because they are all widely used MCN bench-
marks derived from user-generated social media text and mapped to 
SNOMED-CT. Moreover, exhibit known data quality issues such as low 
semantic variety [1], and long-tail concept imbalance [27,38], making 
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Fig. 2. Research design for quality-aware multi-source data fusion and enhancement. The data quality evaluation metrics in the second row indicate how this 
approach addresses the research gap in this field. Fused datasets are enriched across other datasets with higher quality compared to the original ones.
Table 2
Counts of phrases and concepts of original datasets.
 Dataset Count of phrases Count of concepts 
 AskAPatient 4,496 1,036  
 CADEC 17,842 1,052  
 COMETA 20,015 3,901  
 PsyTAR 6,159 690  
 TwADR-S 201 58  
 TwiMed 791 185  
 Total 49,504 6,922  

them suitable for evaluating quality-aware augmentation. Each dataset 
is introduced below, and summarized in Table  2.

AskAPatient [25] is derived from blog posts on the AskaPatient 
website, which contains patient-reported experiences with prescription 
medications. The drug ratings and reviews mainly discuss health issues, 
symptoms, drugs, adverse drug reactions (ADR), and others. As the orig-
inal 10-fold training and testing datasets present significant duplication 
data quality issues, which cause overfitting [1,7], here we adopt the 
de-duplicated version.

CADEC [50] is a corpus of user discussions from AskaPatient posts 
annotated for adverse drug event mentions, drug names, and others.

COMETA [9], Corpus of Online Medical Entities, is a dataset for 
medical entity linking drawn from Reddit health-related subreddits, 
mapping to SNOMED-CT concepts. It covers diverse biomedical concept 
types such as symptoms, anatomy, diseases, and procedures.

PsyTAR [51], Psychiatric Treatment Adverse Reactions dataset, 
contains patient reviews about the efficacy and side effects of psy-
chotropic drugs. The initial phase includes 891 drug reviews from 
AskaPatient, each with demographic information, treatment duration, 
and detailed patient assessments.

TwADR-S [25] is a dataset of short tweets on Twitter mapped to 
SNOMED-CT concepts. The ‘‘S’’ stands for ‘‘short’’ tweets.

TwiMed [60], short for Twitter–Medline, is a biomedical text corpus 
designed to support social media-based health and pharmacovigilance 
research, particularly focusing on user-generated health-related tweets.

While the six datasets together cover a diverse range of biomedical 
and social media sources for MCN, they also present unique features. 
AskAPatient and CADEC are derived from patient forums, containing 
5 
informal user-generated posts that describe personal medication ex-
periences and adverse effects. COMETA, TwADR-S, and TwiMed data 
are from Twitter. COMETA is the largest of the three, containing 
tens of thousands of automatically mapped health-related mentions. 
In contrast, TwADR-S is a small, manually annotated dataset focused 
specifically on ADR mentions, offering high annotation quality but 
limited data volume. Domain-wise, PsyTAR focuses specifically on 
psychiatric medication reviews, offering manually annotated data that 
captures mental health-related expressions.

3.3. Data quality evaluation

Fig.  3 summarizes and compares the data quality evaluation metrics 
adopted in this research. Each of them is part of the essential DQ 
evaluation and has a different focus, as illustrated in Fig.  2. These 
metrics together form a comprehensive DQ framework that covers 
the relationships between phrases, concepts, and the mapping of each 
phrase-concept pair.

3.3.1. Correctness
Correctness evaluates whether each phrase is mapped to a concept 

without error [1]. Our previous research [1] has demonstrated LLMs’ 
effectiveness in evaluating MCN mapping’s correctness. We generated 5 
phrases for each concept in AskAPatient and TwADR-L, yielding 5180 
and 11,000 evaluated mappings, respectively. Two graduate students 
with health informatics backgrounds independently judged whether 
each mapping was correct. The agreement scores were 0.9342 and 
0.9526 for AskAPatient and TwADR-L under zero-shot prompting, and 
0.9465 and 0.9375 under few-shot. These results support the reliability 
of structured correctness evaluation for MCN mappings. In this study, 
we also manually checked Gemini’s evaluation results.

Correctness serves as the first step of the evaluation process, as the 
results determine whether the dataset is suitable for the intended task. 
A very low correctness rate suggests the dataset may not be reliable 
for further analysis. In this study, if the correctness rate exceeds a 
predefined threshold, we consider the dataset to be of sufficient quality 
for subsequent experiments. 

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑛𝑒𝑠𝑠 = Number of correct records
Total number of records in the dataset (1)
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Fig. 3. Data quality (DQ) metrics and their focuses. The ‘‘TERMS’’ icon 
represents a medical concept, and the quote icon represents the phrases 
mapped to this concept. These two combined refer to the MCN datasets that 
contain many mappings.

Defined in Eq. (1), this metric can be evaluated either by an LLM 
judge or by human annotators. We employ Gemini-2.5-flash as the 
evaluation model. It needs to determine if the phrase is a reasonable 
description, synonym, or common expression of the concept, and only 
reject mappings that are clearly unrelated. When rejecting, it must 
suggest the most precise alternative SNOMED-CT term.

3.3.2. Concept validity
The concepts in datasets could be updated in controlled vocabulary 

over time, becoming invalid. Checking concept validity helps diagnose 
potential DQ issues, such as annotation and labeling errors. A concept 𝑐
in the dataset is valid if it is in SNOMED-CT, the controlled vocabulary 
for all six datasets. Concept Validity evaluates how many valid concepts 
are in the dataset, as shown in Eq. (2). 

𝐶𝑉 = Number of valid 𝑐 in the dataset
Total number of 𝑐 in the dataset (2)

For invalid concepts, we use the UMLS API to retrieve the top five 
closest matches. We adopt the UMLS API because our target vocabulary, 
SNOMED-CT, is fully integrated within the UMLS, allowing reliable 
validation. Its cross-terminology mappings and updated concept in-
formation also enable automated recovery from annotation errors or 
outdated identifiers at scale. As shown in Fig.  4, the UMLS API returns 
semantically similar candidates for the invalid concepts.

We determine the best replacement for invalid concepts using se-
mantic similarity. The candidate with the highest similarity with the 
searched concept is selected. If the UMLS API returns no candidates, 
the invalid concept is removed. For example, the original term ‘on 
examination - tremor outstretched hands’ yields no exact matching 
results in UMLS, thus becoming invalid. To replace it, the candidate 
‘Bilateral outstretched hands tremor’ is chosen because of its high 
similarity with the original term.

3.3.3. Coverage
Coverage evaluates what percentage of concepts from each dataset 

represent the total mapped concepts, as shown in Eq. (3). A higher 
coverage means the dataset contains more valid concepts than others. 

𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 = Number of 𝑐 in one dataset
Total number of 𝑐 across all datasets (3)

3.3.4. Semantic Variety
Semantic Variety evaluates the extent to which one concept appears 

through different linguistic expressions, beyond simple reorderings or 
synonym replacement. Previous study has shown that using the BERT 
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Fig. 4. Retrieving result of ‘insomnia’ in SNOMED-CT.

(bidirectional encoder representations from transformers) model [61] 
to calculate the cosine similarities between the embeddings of informal 
phrases for medical concepts can reflect the semantic variety of the 
datasets [1]. High mean cosine similarity means low semantic variety, 
implying the phrases are nearly redundant. Conversely, a lower mean 
similarity reflects greater diversity in expressing the medical concept.

Compute it by embedding all phrases 𝑝 for the concept 𝑐 and 
summarizing pairwise cosine similarities using Eq. (4), where 𝑛𝑝 means 
the number of phrases for a concept 𝑐. 

𝑆𝑉 = 1 − 2
𝑛𝑝(𝑛𝑝 − 1)

∑

𝑖<𝑗
cos

(

𝐞𝑖, 𝐞𝑗
)

(4)

3.3.5. Class imbalance
Class imbalance measures how the phrase-concept pairs are dis-

tributed. The outcome of this metric is usually a distribution figure. One 
dataset may have many mentions of common or general terms, and few 
mentions of rare ones. This causes an imbalanced distribution, where 
a small number of concepts with a large number of phrases dominate 
the data [1,62]. High class imbalance makes the model biased towards 
the common classes and perform poorly on the rare classes [63].

3.4. Data augmentation using LLM

To improve semantic variety and address class imbalance issues, we 
performed data augmentation using the Gemini-2.5-flash model [64]. 
The process involved normalization, definition enrichment, prompt 
design, and human review.

To filter the rare concepts that require augmentation, we set a 
threshold of 20, meaning concepts with more than 20 phrases are con-
sidered sufficiently diverse and excluded from augmentation. It refers 
to previous research [1], to balance model performance improvement 
and augmentation cost. As shown in Algorithm 1, zero-shot refers to 
prompting the LLM without examples, whereas few-shot uses examples 
for guidance. Zero-shot candidates are phrase–concept pairs whose 
normalized forms were identical, indicating no meaningful example 
phrases for that concept [16]. Few-shot candidates are concepts with 
fewer than 20 distinct phrases.

For the zero-shot and few-shot sets, each concept was then enriched 
with a definition to provide context. Definitions were retrieved from 
the UMLS API when available; otherwise, Gemini-2.5-flash generated 
correct substitutes with sources, as in Algorithm 2. Prompt design is 
as follows, and the augmented data were manually reviewed to ensure 
quality. Algorithm 3 provides the process of data augmentation.

3.5. Data fusion

Six individual datasets were fused based on shared medical concepts 
identified by their concept names and IDs. Since many concepts appear 
across multiple datasets, this fusion process aggregates related phrases 
and attributes under the same concept identifier. For instance, if the 
concept ‘Agitation’ and its ID in AskAPatient also appear in other 
datasets, all associated phrases from those datasets will be fused into 
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Algorithm 1 Split Subsets to Zero Shot and Few Shot
Require: Table 𝑇  with columns concept, phrase; 

FEW_SHOT_Threshold = 19
Ensure: To_Zero_Shot, To_Few_Shot, Remainder
1: function Normalize(𝑠)
2:  if 𝑠 = null then
3:  return ""
4:  end if
5:  𝑠 ← lower(𝑠)
6:  remove substrings matching (. . . ) from 𝑠
7:  remove punctuation; collapse spaces; trim
8:  return 𝑠
9: end function
10: for all 𝑟 ∈ 𝑇  do
11:  𝑟.𝑛_𝑐𝑜𝑛𝑐𝑒𝑝𝑡 ← Normalize(𝑟.𝑐𝑜𝑛𝑐𝑒𝑝𝑡)
12:  𝑟.𝑛_𝑝ℎ𝑟𝑎𝑠𝑒 ← Normalize(𝑟.𝑝ℎ𝑟𝑎𝑠𝑒)
13: end for
14: for all 𝑐 ∈ 𝑇 .concept do
15:  𝑃 (𝑐) ← distinct 𝑛_𝑝ℎ𝑟𝑎𝑠𝑒 where 𝑐𝑜𝑛𝑐𝑒𝑝𝑡 = 𝑐
16:  𝑒𝑥𝑎𝑐𝑡(𝑐) ← (∃𝑟 ∶ 𝑟.𝑐𝑜𝑛𝑐𝑒𝑝𝑡 = 𝑐 ∧ 𝑟.𝑛_𝑝ℎ𝑟𝑎𝑠𝑒 = 𝑟.𝑛_𝑐𝑜𝑛𝑐𝑒𝑝𝑡)
17:  if 𝑒𝑥𝑎𝑐𝑡(𝑐) and |𝑃 (𝑐)| = 1 then
18:  mark 𝑐 as Zero
19:  end if
20: end for
21: To_Zero_Shot ← {𝑟 ∈ 𝑇 ∣ 𝑟.𝑐𝑜𝑛𝑐𝑒𝑝𝑡 is Zero}
22: 𝑅 ← 𝑇 ⧵ To_Zero_Shot
23: 𝑅_𝑑 ← unique rows of 𝑅 keyed by (𝑐𝑜𝑛𝑐𝑒𝑝𝑡, 𝑛_𝑝ℎ𝑟𝑎𝑠𝑒)
24: for all 𝑐 ∈ 𝑅_𝑑.concept do
25:  𝑃 ′(𝑐) ← distinct 𝑛_𝑝ℎ𝑟𝑎𝑠𝑒 in 𝑅_𝑑 where 𝑐𝑜𝑛𝑐𝑒𝑝𝑡 = 𝑐
26:  if |𝑃 ′(𝑐)| ≤ FEW_SHOT_Threshold then
27:  add rows with 𝑐𝑜𝑛𝑐𝑒𝑝𝑡 = 𝑐 to To_Few_Shot
28:  end if
29: end for
30: Remainder ← 𝑅_𝑑 ⧵ To_Few_Shot
31: return (To_Zero_Shot,To_Few_Shot,Remainder)

the new fused AskAPatient dataset, as illustrated in Fig.  1. This ensures 
that each concept in the fused dataset contains a comprehensive and 
enriched set of linguistic expressions representing the same concept 
across all sources.

3.6. Experiment

To systematically evaluate the impact of data enrichment strategies 
on model performance, three experimental settings were designed on 
original, augmented, and fused datasets, respectively. The Original 
experiment establishes a baseline by training and testing SapBERT [24]. 
We also added KNN-BioEL [65] and KRISSBERT [66] models for cross-
model comparison. KNN-BioEL is a retrieval-enhanced model that com-
bines encoder-based similarity with evidence from the 𝑘 nearest train-
ing instances, allowing the model to leverage similar examples during 
inference. KRISSBERT is a knowledge-rich self-supervised entity linking 
model initialized from PubMedBERT and trained with UMLS-based su-
pervision automatically generated from unlabeled biomedical text. The 
Augmentation experiment extends the training and testing set with a 
combination of original and augmented data. The purpose is to examine 
whether improving semantic variety can improve model performance. 
Similarly, the fusion experiment incorporates a combination of original, 
augmented, and fused data in both training and testing phases. The 
rationale is that training on augmented or fused data but testing solely 
on the original dataset can penalize models unfairly, as augmented data 
and fused data may shift the feature distribution away from the original 
data [1].
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Algorithm 2 Add Definitions via UMLS API → LLM
Require: Splits (To_Zero_Shot, To_Few_Shot, Remainder); 

UMLS key; LLM
Ensure: Definitions as tuples (𝑐, 𝑑𝑒𝑓 , 𝑠𝑟𝑐)
1: 𝐶 ← unique concepts in To_Zero_Shot ∪ To_Few_Shot ∪

Remainder
2: load definition cache; 𝑡𝑖𝑐𝑘𝑒𝑡 ← UMLSAuth(𝑘𝑒𝑦)
3: for all 𝑐 ∈ 𝐶 do ⊳ Resolve definition for each concept
4:  if 𝑐 in cache then
5:  (𝑑𝑒𝑓 , 𝑠𝑟𝑐) ← cache[𝑐]
6:  else
7:  𝑐𝑢𝑖 ← UMLSSearchConcept(𝑡𝑖𝑐𝑘𝑒𝑡, 𝑐)
8:  if 𝑐𝑢𝑖 ≠ ∅ then
9:  𝐷 ← UMLSGetDefinitions(𝑡𝑖𝑐𝑘𝑒𝑡, 𝑐𝑢𝑖)
10:  if 𝐷 ≠ ∅ then
11:  (𝑑𝑒𝑓 , 𝑠𝑟𝑐) ← ChooseBest(𝐷) ⊳ prefer SNOMEDCT_US, 

then MeSH, NCI, . . .
12:  else
13:  (𝑑𝑒𝑓 , 𝑠𝑟𝑐) ← LLMDefine(𝑐) ⊳ clear
14:  end if
15:  else
16:  (𝑑𝑒𝑓 , 𝑠𝑟𝑐) ← LLMDefine(𝑐)
17:  end if
18:  cache[𝑐] ← (𝑑𝑒𝑓 , 𝑠𝑟𝑐)
19:  end if
20:  add (𝑐, 𝑑𝑒𝑓 , 𝑠𝑟𝑐) to Definitions
21: end for
22: return Definitions

Few-shot prompt template for data augmentation

System Prompt
You are an expert in biomedical concepts and Medical Concept 
Normalization tasks. Follow the schema and guidelines strictly 
to ensure the output is valid JSON only.

Output Format: Return ONLY valid JSON matching 
the provided schema.

Schema: {json.dumps(schema_hint, 
indent=2)}

Language: US English
Task: Generate informal phrases that pa-

tients could use to describe this con-
cept in everyday language on social 
media.

Quantity: Generate exactly {num_new} dis-
tinct phrases per concept.

Restrictions: No emojis, hashtags, @mentions, or 
URLs. Do not copy example phrases 
verbatim.

Diversity: Try to cover a variety of ways people 
might express this condition.

Return Format: JSON object of the form:
{"results": {"<concept>": 
{"phrases": ["...", "..."]}, 
...}}

User Prompt
Concepts, definitions, and few-shot examples in JSON

Across all experiments, a 10-fold cross-validation scheme was em-
ployed to ensure statistical reliability. For each fold, the training set 
was explicitly de-duplicated against the corresponding testing fold 
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Algorithm 3 Augment Using LLM and Combine
Require: Splits from Alg. 1; Definitions from Alg. 2; 𝐾 phrases 

per concept
Ensure: Aug_Zero, Aug_Few, Final_Improved
1: function BuildPrompt(𝑐, 𝑑𝑒𝑓 , 𝐸,𝐾)
2:  return instruction with: concept 𝑐, definition 𝑑𝑒𝑓 , target 𝐾, 
example phrases 𝐸 (if any), and:
 ‘‘Generate 𝐾 informal phrases patients might use on social me-
dia to describe this concept; cover varied ways people might express 
this condition. Output JSON { "phrases":[. . . ] } only.’’

3: end function
4: 𝑆 ← set of (𝑐𝑜𝑛𝑐𝑒𝑝𝑡, 𝑛_𝑝ℎ𝑟𝑎𝑠𝑒) from To_Zero_Shot ∪

To_Few_Shot ∪ Remainder
5: Aug_Zero← ∅, Aug_Few← ∅
6: for all 𝑐 ∈ To_Zero_Shot.concept do ⊳ no example phrases
7:  𝑑𝑒𝑓 ← definition of 𝑐 from Definitions
8:  𝐸 ← ∅
9:  𝑝𝑟𝑜𝑚𝑝𝑡 ← BuildPrompt(𝑐, 𝑑𝑒𝑓 , 𝐸,𝐾)
10:  𝐽 ← LLMJSON(𝑝𝑟𝑜𝑚𝑝𝑡) ⊳ strict JSON
11:  𝑃 ← 𝐽 .phrases
12:  for all 𝑝 ∈ 𝑃  do
13:  𝑛𝑝 ← Normalize(𝑝)
14:  if 𝑛𝑝 ≠ "" ∧ 𝑛𝑝 ≠ Normalize(𝑐) ∧ (𝑐, 𝑛𝑝) ∉ 𝑆 then
15:  add (𝑐, 𝑝, "LLM") to Aug_Zero; 𝑆 ← 𝑆 ∪ {(𝑐, 𝑛𝑝)}
16:  end if
17:  end for
18: end for
19: for all 𝑐 ∈ To_Few_Shot.concept do
20:  𝑑𝑒𝑓 ← definition of 𝑐 from Definitions
21:  𝐸 ← distinct original phrases for 𝑐 from To_Few_Shot
22:  𝑝𝑟𝑜𝑚𝑝𝑡 ← BuildPrompt(𝑐, 𝑑𝑒𝑓 , 𝐸,𝐾)
23:  𝐽 ← LLMJSON(𝑝𝑟𝑜𝑚𝑝𝑡); 𝑃 ← 𝐽 .phrases
24:  for all 𝑝 ∈ 𝑃  do
25:  𝑛𝑝 ← Normalize(𝑝)
26:  if 𝑛𝑝 ≠ "" ∧ 𝑛𝑝 ≠ Normalize(𝑐) ∧ (𝑐, 𝑛𝑝) ∉ 𝑆 then
27:  add (𝑐, 𝑝, "LLM") to Aug_Few; 𝑆 ← 𝑆 ∪ {(𝑐, 𝑛𝑝)}
28:  end if
29:  end for
30: end for
31: Final_Improved ← Remainder ∪ Aug_Zero ∪ Aug_Few
32: return (Aug_Zero,Aug_Few,Final_Improved)

to prevent data leakage, ensuring that no instance in the training 
data overlapped with the current test fold. To assess the statistical 
significance of the observed gains, we apply a paired 𝑡-test to the per-
dataset Macro-F1 scores across the six datasets, treating 𝑝 < 0.05 as the 
threshold for significance.

4. Results

4.1. Data quality evaluation

Table  3 summarizes data quality results on the first three metrics. 
All the datasets present above 80% correctness rate, and we consider 
them to be correct enough for the following tasks.

Concept validation evaluates whether each concept corresponds 
to a valid SNOMED-CT entry using the UMLS API. As shown in Table 
3, PsyTAR has a relatively low concept validity rate compared to 
the other datasets. To further investigate this, Table  4 lists the top 
ten validated concept corrections in PsyTAR. Three major types of 
validation adjustments are observed.

1. Resolving ‘no code’ mappings by assigning appropriate valid 
SNOMED-CT concepts.
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2. Replacing non-SNOMED terms with their valid ones. For exam-
ple, ‘insomnia’ is not a recognized SNOMED-CT term and should 
be replaced by ‘sleeplessness,’ as shown in Fig.  4.

3. Adding semantic tags such as ‘(finding)’ to specify the SNOMED-
CT concept type.

These types of validation adjustments apply to all six datasets, 
though they appear more frequently in PsyTAR due to its higher propor-
tion of informal or non-standard terms. Overall, the validation process 
not only ensures that each concept belongs to the same controlled 
vocabulary but also harmonizes terminology across datasets, enabling 
concept fusion in subsequent analyses.

For coverage, COMETA contains the most SNOMED-CT concepts 
among all, with TwADR-S contributing the least. This corresponds to 
the datasets’ total concept counts. This step also filters out the concepts 
that are specifically in SNOMED-CT, since the validation step may 
return concepts in other vocabularies.

Fig.  5 shows that the AskAPatient and CADEC datasets show high 
embedding similarity between phrases for each concept, indicating that 
expressions are semantically very close. In AskAPatient, this result is 
particularly notable because the version used here has already had 
duplicates removed, yet the similarity remains high. This highlights 
a serious issue if the original 10-fold dataset were used, as data re-
dundancy in the training and testing sets will cause model biases [7]. 
COMETA and PsyTAR have much lower similarities. However, high 
variety can also introduce noise, potentially complicating alignment 
between phrases and standardized concepts. With fewer data, TwADR-S 
and TwiMed exhibit moderate variety, suggesting limited but present 
variation in phrasing.

Fig.  6 shows that every dataset has a class imbalance issue. The 
long-tail distribution indicates that only a few concepts are presented in 
many phrases, whereas most concepts are underrepresented. Hundreds 
or thousands of concepts appear only once or twice. This makes it hard 
for the model to learn the rare cases. AskAPatient and CADEC display 
the steepest declines and longest tails. COMETA also shows substantial 
imbalance, though its larger scale distributes phrases slightly more 
evenly across low-frequency concepts. In contrast, PsyTAR presents a 
relatively milder long-tail shape, while TwADR-S and TwiMed suffer 
from sparsity due to their small overall sizes.

Overall, data quality evaluation reveals issues with these datasets 
that have been almost neglected before. For correctness, although 
LLM judgment could only serve as a reference, it points to potential 
mapping quality issues. Regardless of whether these mappings are 
human-annotated or automatically generated, there are incorrect or 
ambiguous mappings that need further investigation. This could be 
caused by invalid concepts that are outdated or beyond the scope 
of the targeted vocabulary. In addition, redundant phrases lower the 
semantic variety, causing model overfitting. Similarly, if the phrase 
merely mirrors the concept, then it can be considered non-informative. 
To enrich the semantic expression and learn from multiple sources, we 
employ data augmentation and fusion.

4.2. Data augmentation and fusion for quality improvement

Data augmentation primarily addresses intra-dataset class imbal-
ance issues by generating phrases for infrequent cases. It also focuses 
on semantic variety by requiring different styles of daily expression. As 
shown in Table  5, augmentation increases the number of phrases per 
concept, especially for small datasets such as TwADR-S.

The impact of data fusion largely depends on the degree of concept 
overlap across datasets. As illustrated in Fig.  7, AskAPatient and CADEC 
exhibit nearly complete concept overlap, reflecting their shared focus 
on content. Consequently, the fusion of these two datasets yields a 
harmonization of their phrase sets, resulting in comparable final dataset 
sizes. TwiMed also increases substantially because of sharing over 70% 
of concepts with COMETA. Another factor is the original concept count. 
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Table 3
Data quality evaluation results on correctness, concept validity, and coverage for original datasets.
 Dataset Total concepts 

(Count)
Correctness 
(%)

Valid concepts 
(Count)

Concept 
validity (%)

SNOMED-CT 
concepts (Count)

Coverage
(%)

 

 AskAPatient 1,036 85.4 950 91.7 864 15.8  
 CADEC 1,052 85.3 943 89.6 857 15.7  
 COMETA 3,901 83.2 3,693 94.7 3,197 58.6  
 PsyTAR 690 81.0 337 48.8 315 5.8  
 TwADR-S 58 89.1 56 96.6 53 1.0  
 TwiMed 185 81.8 184 99.5 167 3.1  
 Total/Average 6,922 84.3 6,163 82.9 5,435 16.7  
Fig. 5. The embedding similarity of original datasets.
Fig. 6. Data quality evaluation on class imbalance for original datasets.
COMETA is the largest dataset, thus it also increases significantly after 
fusion.

Fig.  8 reveals the effects of data augmentation and fusion on seman-
tic variety. For highly similar datasets such as AskAPatient, CADEC, 
and TwiMed, the similarity distributions shift leftward, indicating that 
augmented phrases introduce greater semantic variety and reduce re-
dundancy. COMETA and PsyTAR exhibit moderate rightward shifts, 
suggesting that augmentation mitigates excessive variability for the 
datasets that have very low phrase similarity.

For class imbalance, data augmentation expands low-frequency 
coverage, while fusion integrates diverse expressions across datasets. 
Across all datasets, data augmentation reduces the number of rare cases 
where concepts are represented by only a few phrases. As shown in 
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Fig.  9, the red distributions shift rightward, starting from frequencies 
of about 20 and higher. The fused blue lines extend across a wide 
frequency range but display fewer extreme spikes than either the orig-
inal green or augmented red lines. Fusion not only effectively enlarges 
the scale but also smooths the distribution. AskAPatient and CADEC 
show similar distribution patterns because these datasets share many 
concepts and contain similar types of content. The other four datasets 
show more similarity between the red and blue lines, indicating that 
fusion closely follows the augmentation pattern while maintaining 
improved class balance.

After identifying the data quality issues, data augmentation and 
fusion together improve semantic variety and class imbalance in our 
quality-aware multi-source fusion framework.
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Table 4
Top 10 validated concepts in the PsyTAR dataset.
 Original concept Examples of validated 

concept
Count 

 no code blurred vision, feeling 
tired, sleeplessness, etc.

194  

 insomnia sleeplessness 67  
 loss of appetite loss of appetite 

(finding)
52  

 brain shivers shivering 50  
 excessive weight gain excessive body weight 

(finding)
43  

 tired feeling tired 39  
 feeling suicidal feeling suicidal 

(finding)
33  

 excessive sweating increased sweating 30  
 reduced libido decreased libido 29  
 indifference apathy 26  

Fig. 7. Each cell (𝑖, 𝑗) shows the percentage of concepts in dataset 𝑖 (row) 
that also appear in dataset 𝑗 (column). For example, the first row presents the 
percentage of concepts in AskAPatient shares with the other datasets. 98.6% 
of AskAPatient concepts also appear in the CADEC dataset. In the second row, 
99.4% of CADEC’s concepts are found in AskAPatient.

4.3. Model performance

Table  6 summarizes model performance across the original, aug-
mented, and fused versions of the six MCN datasets. Under SapBERT 
phrase-level metrics, each phrase is treated independently. Because 
frequent concepts contribute more mentions, they dominate the metric. 
As a result, a model may appear to perform well overall even if 
it consistently fails on rare concepts. For this reason, we introduce 
concept-level macro metrics, which compute performance for each 
concept individually and then average across all concepts with equal 
weight. For concept set  = {𝑐1,… , 𝑐𝐾}, macro F1 is defined as in 
Eq. (5): 

Macro-F1 = 1
𝐾

𝐾
∑

𝑘=1

2 ⋅ 𝑃𝑘 ⋅ 𝑅𝑘
𝑃𝑘 + 𝑅𝑘

, (5)

where 𝑃𝑘 and 𝑅𝑘 denote precision and recall for concept 𝑐𝑘. Macro 
metrics are therefore highly sensitive to rare-concept performance and 
provide a direct measure of whether augmentation improves underrep-
resented concepts rather than merely refining predictions for common 
ones.

Table  9 reports the number of concepts per phrase-frequency group, 
and the mean accuracy improvement within each group. The results 
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show greater improvement in low-phrase groups (1–3 phrases), con-
firming that data augmentation reduces sparsity and strengthens nor-
malization performance for long-tail concepts.

Overall, the augmented and fused datasets produce substantial im-
provements for COMETA, PsyTAR, TwADR-S, and TwiMed. For these 
four datasets, augmentation increases accuracy, recall, and F1 scores, 
with gains ranging from moderate to large across different metrics. 
Fusion further enhances performance for most metrics and provides 
the highest overall results, especially for recall and F1, indicating more 
comprehensive coverage of phrase–concept mappings.

Data augmentation and fusion lead to different effects across
datasets. AskAPatient and CADEC experience performance decreases 
after augmentation, compared to their relatively high accuracy on 
original datasets. In these two datasets, fusion performs slightly better 
than augmentation but remains below the original accuracy, indicating 
that neither augmented phrases nor cross-dataset phrases improve 
performance. Recall, precision, and F1 score show similar patterns.

In contrast, COMETA, PsyTAR, TwADR-S, and TwiMed have clear 
performance gains with both augmentation and fusion. COMETA shows 
the largest gains for Top-1 and Top-5 accuracy by 26.34% and 28.65% 
after augmentation, respectively. PsyTAR and TwADR-S follow a simi-
lar pattern. PsyTAR improves significantly on Top-5 accuracy. TwADR-
S improves the most across all the metrics, among the 6 datasets. 
TwiMed shows moderate improvement under augmentation and a fur-
ther increase under fusion.

Across all datasets, the fused versions consistently show stronger 
recall and F1 scores compared with single-source baselines. The im-
provements are most pronounced for PsyTAR, TwADR-S, and COMETA, 
where fusion yields up to double-digit gains in recall and F1. Even in 
datasets where augmentation reduces performance, such as AskAPa-
tient and CADEC, the fused versions still outperform the augmented 
models, suggesting that integrating samples from multiple datasets 
generally leads to more stable results.

These patterns are consistent across models. Table  7 reports the 
same original, augmented, and fused experiments for kNN-BioEL and 
KRISSBERT alongside SapBERT. Across all three models, concept-level 
Macro-F1 increases under augmentation on every dataset. For example, 
on COMETA, Macro-F1 increases from 32.83 to 67.60 for SapBERT, 
from 34.01 to 70.02 for kNN-BioEL, and from 31.06 to 64.27 for 
KRISSBERT. The dataset-dependent phrase-level behavior is also largely 
preserved across models: COMETA, PsyTAR, TwADR-S, and TwiMed 
show clear gains after augmentation and fusion, whereas AskAPatient 
and CADEC show weaker or negative phrase-level gains, consistent with 
the redundancy-related effects observed in the SapBERT results. The 
consistency of these trends across different models demonstrates that 
the improvements from quality-aware data enhancement are stable. A 
paired 𝑡-test across the six datasets confirms that the gain in concept-
level Macro-F1 under augmentation is statistically significant for all 
three models (Table  8, 𝑝 < 0.05), providing quantitative evidence that 
quality-aware augmentation yields systematic improvements on rare 
concepts.

5. Discussion

In contrast to AskAPatient and CADEC, where augmentation re-
duced performance, the datasets COMETA, PsyTAR, TwADR-S, and 
TwiMed all show substantial performance gains after augmentation 
and fusion. This section aims to discuss the reasons for the differences 
through ablation experiments on data quality.

5.1. Overview of main findings

Across the six MCN datasets, our experiments reveal three major 
patterns. First, data augmentation leads to substantial performance 
improvements in four datasets—COMETA, PsyTAR, TwADR-S, and 
TwiMed, across Top-1 accuracy, Top-5 accuracy, recall, precision, and 
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Table 5
Phrase statistics before and after data augmentation and fusion. The percentages indicate the relative increase compared to the 
original phrase count in the second column.
 Dataset Count of phrases After augmentation (count, % increase) After fusion (count, % increase) 
 AskAPatient 4496 20,680 (+359.9%) 60,763 (+1,251.6%)  
 CADEC 17,842 23,580 (+32.1%) 60,575 (+239.5%)  
 COMETA 20,015 77,868 (+289.1%) 107,990 (+439.7%)  
 PsyTAR 6,159 7,645 (+24.1%) 23,062 (+274.4%)  
 TwADR-S 201 1,234 (+513.9%) 4,707 (+224.2%)  
 TwiMed 791 3,698 (+367.5%) 15,159 (+1,816.7%)  
 Total 49,504 134,705 (+172.1%) 272,256 (+450.0%)  
Fig. 8. The embedding similarity before and after data augmentation and fusion.
Fig. 9. Data quality evaluation on class imbalance before and after data augmentation and fusion. The shaded rectangle in each main panel highlights the 
low-frequency region containing 80% of the total concepts. The centered zoom-in plot provides finer inspection of differences.
F1 scores. Second, augmentation decreases performance on AskAPa-
tient and CADEC, though multi-source fusion partially recovers these 
degradations. Third, despite the mixed outcomes of augmentation, 
11 
fusion consistently produces more stable gains across most datasets, 
particularly in recall and F1. These observations highlight that augmen-
tation is highly sensitive to dataset-specific characteristics, emphasizing 
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Table 6
SapBERT phrase-level performance and concept-level macro performance across original (Org), augmented (Aug), and fused datasets. Acc@1 
denotes Top-1 accuracy and Acc@5 is Top-5 accuracy. Precision@1, Recall@1, and F1@1 indicate evaluation using only the top-ranked prediction. 
Phrase-level metrics follow the standard SapBERT evaluation protocol, while concept-level macro metrics evaluate all concepts with equal weights 
regardless of their frequency. Positive performance gains are highlighted in light green.
Dataset Metric Phrase-level (SapBERT) Concept-level Macro

Org Aug Fused 𝛥(Aug-Org) 𝛥(Fused-Org) 𝛥(Fused-Aug) Org Aug 𝛥(Aug-Org)

AskAPatient

Acc@1 (%) 75.72 65.87 67.14 -9.85 -8.59 1.26 75.72 65.87 -9.85
Acc@5 (%) 91.08 89.32 89.40 -1.76 -1.68 0.08 91.08 89.32 -1.76
Recall@1 (%) 80.80 70.30 71.97 -10.50 -8.83 1.67 55.16 64.21 9.06
Precision@1 (%) 75.70 65.87 67.13 -9.83 -8.57 1.26 54.55 63.86 9.31
F1@1 (%) 78.17 68.02 69.46 -10.15 -8.71 1.44 53.52 61.63 8.12

CADEC

Acc@1 (%) 73.30 66.66 67.02 -6.63 -6.28 0.36 73.30 66.66 -6.63
Acc@5 (%) 91.69 90.63 89.30 -1.06 -2.39 -1.33 91.69 90.63 -1.06
Recall@1 (%) 77.75 70.39 71.96 -7.36 -5.79 1.57 60.10 65.79 5.69
Precision@1 (%) 73.30 66.66 67.01 -6.64 -6.29 0.35 59.60 65.48 5.87
F1@1 (%) 75.46 68.47 69.40 -6.99 -6.06 0.93 58.82 63.13 4.31

COMETA

Acc@1 (%) 45.07 71.41 65.73 26.34 20.66 -5.68 45.07 71.41 26.34
Acc@5 (%) 61.27 89.92 85.93 28.65 24.65 -4.00 61.27 89.92 28.65
Recall@1 (%) 69.84 76.82 73.41 6.98 3.57 -3.41 34.93 69.94 35.01
Precision@1 (%) 45.06 71.41 65.72 26.35 20.66 -5.69 32.47 69.94 37.48
F1@1 (%) 54.78 74.02 69.35 19.24 14.57 -4.67 32.83 67.60 34.78

PsyTAR

Acc@1 (%) 46.77 59.43 62.31 12.66 15.54 2.89 46.77 59.43 12.66
Acc@5 (%) 59.84 85.61 84.24 25.77 24.40 -1.36 59.84 85.61 25.77
Recall@1 (%) 73.26 65.30 70.13 -7.96 -3.13 4.83 25.18 58.87 33.70
Precision@1 (%) 46.52 59.43 62.26 12.91 15.74 2.83 25.41 58.51 33.10
F1@1 (%) 56.86 62.22 65.96 5.36 9.10 3.74 24.03 56.16 32.13

TwADR-S

Acc@1 (%) 43.19 66.50 74.07 23.31 30.88 7.57 43.19 66.50 23.31
Acc@5 (%) 71.21 87.04 89.87 15.83 18.66 2.83 71.21 87.04 15.83
Recall@1 (%) 54.43 70.88 78.96 16.45 24.53 8.08 26.25 65.95 39.69
Precision@1 (%) 43.19 66.50 74.05 23.31 30.86 7.55 26.37 65.56 39.19
F1@1 (%) 48.06 68.61 76.42 20.55 28.36 7.81 25.42 63.29 37.87

TwiMed

Acc@1 (%) 70.97 73.53 76.73 2.57 5.76 3.19 70.97 73.53 2.57
Acc@5 (%) 77.59 91.87 90.49 14.28 12.90 -1.37 77.59 91.87 14.28
Recall@1 (%) 87.28 77.21 82.44 -10.07 -4.84 5.23 61.88 73.39 11.50
Precision@1 (%) 70.97 73.53 76.68 2.56 5.71 3.15 61.92 73.30 11.38
F1@1 (%) 78.13 75.33 79.46 -2.80 1.33 4.13 61.40 71.01 9.62
Table 7
Generalization of the data augmentation and fusion benefit across models. Following the two-panel structure of Table 
6, we report phrase-level Top-1 and Top-5 accuracy (Acc@1, Acc@5) on the original (Org), augmented (Aug), and 
fused datasets, and concept-level Macro-F1 on the original and augmented datasets. SapBERT values are reproduced 
from Table  6; KNN-BioEL and KRISSBERT are evaluated under the same cross-validation protocol. Cells where Aug 
or Fused exceed the corresponding Org value are highlighted in light green.

Dataset Model
Phrase-level Concept-level Macro

Acc@1 (%) Acc@5 (%) Macro-F1 (%)
Org Aug Fused Org Aug Fused Org Aug

AskAPatient
SapBERT 75.72 65.87 67.14 91.08 89.32 89.40 53.52 61.63
KNN-BioEL 76.41 65.04 66.97 92.42 88.14 87.04 54.25 64.32
KRISSBERT 74.97 65.09 65.86 89.75 87.84 87.98 52.05 60.27

CADEC
SapBERT 73.30 66.66 67.02 91.69 90.63 89.30 58.82 63.13
KNN-BioEL 73.03 68.94 67.98 90.76 91.47 88.72 62.45 63.97
KRISSBERT 69.88 65.71 65.27 88.95 89.34 88.02 57.69 62.07

COMETA
SapBERT 45.07 71.41 65.73 61.27 89.92 85.93 32.83 67.60
KNN-BioEL 45.62 73.02 67.77 62.42 90.34 81.72 34.01 70.02
KRISSBERT 43.12 70.78 64.50 60.35 87.37 84.50 31.06 64.27

PsyTAR
SapBERT 46.77 59.43 62.31 59.84 85.61 84.24 24.03 56.16
KNN-BioEL 48.39 59.72 63.63 61.81 87.41 85.23 25.65 56.45
KRISSBERT 45.63 58.57 61.46 58.12 86.40 84.16 22.69 54.38

TwADR-S
SapBERT 43.19 66.50 74.07 71.21 87.04 89.87 25.42 63.29
KNN-BioEL 44.63 62.03 75.54 72.72 83.55 91.34 25.81 61.79
KRISSBERT 41.98 65.33 72.85 69.01 84.85 87.67 24.22 62.07

TwiMed
SapBERT 70.97 73.53 76.73 77.59 91.87 90.49 61.40 71.01
KNN-BioEL 72.08 75.34 77.45 78.87 93.85 91.54 62.64 71.93
KRISSBERT 69.30 71.82 75.34 75.79 91.05 87.96 62.25 68.94
12 
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(a) Varying training-set size

(b) Varying semantic-similarity threshold

Fig. 10. Concept-level Macro-F1 gain over the original setting (Augmented − Original and Fused − Original) for each dataset. (a) The training set of every setting 
is subsampled to 20%–100% of its phrases. (b) ‘‘Exact only’’ removes only exact duplicates; at 𝜏 = 0.95, 0.9, 0.85, 0.8 we additionally remove every training phrase 
whose cosine similarity to a same-concept test phrase exceeds 𝜏.
Table 8
Statistical significance of the augmentation gain 
in concept-level Macro-F1 across the six datasets, 
assessed with a paired 𝑡-test. The improvement 
of the augmented over the original setting is 
significant (𝑝 < 0.05) for all three models.
 Model Mean 𝛥Macro-F1 𝑝-value 
 SapBERT +21.13 0.0197∗ 
 kNN-BioEL +20.61 0.0218∗ 
 KRISSBERT +20.34 0.0232∗ 
13 
the importance of data quality evaluation and enhancement. The results 
also prove that data fusion offers a robust and reliable mechanism for 
improving MCN performance.

5.2. Effects of augmentation across datasets

The substantial performance gains observed in COMETA, PsyTAR, 
TwADR-S, and TwiMed demonstrate the effectiveness of our quality-
aware augmentation pipeline in addressing the long-tail characteristics 
of these datasets. All four datasets suffer from severe class imbalance, 
where many concepts are represented by only a few, and often noisy 
phrases. Our quality-aware augmentation mitigates this issue by gener-
ating additional, semantically controlled paraphrases for rare concepts. 
By expanding each concept’s representation space, the augmented data 
improves concept-level coverage and reduces imbalance.

The results in Table  6 validate this approach. In COMETA, PsyTAR, 
and TwADR-S, concept-level macro F1 increases by up to 38%, while 
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Table 9
Accuracy improvement on long-tail concepts with less than 20 
phrases before and after augmentation.
 # Phrase # Concepts Mean 𝛥

Acc@1 (%)
Mean 𝛥
Acc@5 (%)

 

 1 337 44.74 59.50  
 2 1,708 35.19 48.06  
 3 297 27.97 42.23  
 4 620 26.74 42.13  
 5 1,125 26.39 39.42  
 6 240 32.68 43.73  
 7 392 22.03 34.85  
 8 664 21.84 34.33  
 9 270 19.84 31.25  
 10 280 23.31 37.03  
 11 231 22.85 35.13  
 12 132 26.24 47.29  
 13 169 25.40 39.52  
 14 154 16.30 31.13  
 15 135 20.90 28.50  
 16 80 16.81 44.01  
 17 102 15.38 32.92  
 18 54 32.46 48.25  
 20 20 9.10 34.74  

Fig. 11. Phrase embedding similarity comparison for the shared concepts in 
original (Org), Augmented (Aug), and fused (Fused) AskAPatient and CADEC 
datasets.

TwiMed shows a substantial 10% improvement. These consistent gains 
across long-tailed datasets provide strong evidence that augmentation 
strengthens the model’s ability to handle rare concepts by enrich-
ing their semantic representations and reducing imbalance. Overall, 
the improvements in concept-level macro performance confirm that 
quality-aware augmentation directly alleviates long-tail issues and en-
hances model robustness in datasets where sparse concept coverage is 
the primary limiting factor.

However, the performance drops in the AskAPatient and CADEC 
datasets. We discuss these two datasets together for the following 
reasons. Firstly, the two datasets present highly similar patterns as 
observed from Table  3, Fig.  6, Table  5, Fig.  7, and Fig.  8. They have 
highly overlapping concepts as they are both sourced from the same 
website. Fig.  11 further shows that for the shared concepts, the phrases 
from the two original datasets have very high embedding similarity, 
indicating co-existing data quality issues.

As shown in Fig.  5, the original AskAPatient and CADEC datasets 
exhibit higher embedding similarity than the other datasets. This indi-
cates that many phrases describing the same concept are semantically 
repetitive, even if they are not exactly duplicates, such as ‘tired,’ 
‘feeling tired,’ and ‘very tired.’ Such low variety produces a narrow 
feature space, leading to the overclaimed accuracy scores, as reflected 
in Table  6. These inflated results do not necessarily reflect genuine 
understanding. Consequently, the performance tends to decrease when 
14 
more diverse augmented data are introduced. This is consistent with 
prior findings [1].

To verify this explanation, we further conducted experiments with 
different semantic variety settings. We curated augmented datasets 
with average phrase similarity ranging from 0.51 to 0.65. This is 
achieved by adjusting the initial augmentation prompt from ‘try to 
cover a variety of expressions’ to a set of prompts that require the 
augmented phrases to be similar to the original datasets at differ-
ent levels. Fig.  12 shows that as the augmented datasets become 
more similar to the original ones, both Top-1 and Top-5 accuracy rise 
steadily.However, this increase should not be interpreted as a true 
performance improvement. It neither reflects superior data quality nor 
stronger model capability. Rather, it demonstrates the fitting problem 
caused by data quality issues.

The original AskAPatient and CADEC datasets show higher accuracy 
in Table  6. However, Fig.  12 demonstrates that augmented datasets 
with lower or comparable similarity actually outperform the original 
datasets. This finding reveals how data augmentation enhances DQ in 
this task. (1) It improves coverage of rare concepts by adding sam-
ples for underrepresented classes, reducing the influence of frequent, 
repetitive phrases that cause overfitting. (2) Within concepts, it adds 
controlled semantic variance, widening the representation space and 
helping the model generalize rather than memorize fixed patterns. (3) 
It can help moderate similarity to align training and test distributions 
without recreating redundancy.

Together, these results reveal several key insights. (1) The high 
accuracy of the original AskAPatient and CADEC datasets is largely 
an artifact of overfitting, as their redundancy allows models to mem-
orize repetitive phrasing instead of learning true semantics. (2) Data 
augmentation improves quality by enriching diversity and extending 
long-tail coverage, allowing the model to learn from rare and un-
derrepresented concepts rather than relying on dominant patterns. 
(3) The design of data quality evaluation metrics should be holistic, 
considering how these affect model performance. A dataset may appear 
diverse overall despite the long-tail issue, leaving rare cases poorly 
represented and resulting in poor model performance. (4) Finally, well-
designed prompt-based augmentation can help balance redundancy and 
diversity. By empirically adjusting the similarity target and generation 
prompt, our augmentation process can optimize data variety to fulfill 
our experiment requirements.

5.3. Effects of fusion across datasets

Fusion consistently enhances or stabilizes model performance across 
all datasets, including those negatively affected by augmentation. This 
data fusion design increases performance from three key aspects: (1) 
it enables concept-level complementarity. Each dataset contributes 
unique phrase variants and concept distributions, and merging these 
samples expands the overall coverage. Sparse concepts in a single 
dataset can be better represented in the fused resource. (2) Fusion 
introduces a noise-averaging effect. Noisy or inconsistent mappings 
from one dataset are counterbalanced by cleaner or more consistent 
examples from others. This stabilizing effect mitigates the perfor-
mance degradations observed in augmented AskAPatient and CADEC. 
Although their augmented data introduces noise, the fused versions in-
clude higher-quality examples from COMETA, PsyTAR, TwADR-S, and 
TwiMed, allowing the model to learn more reliable representations. (3) 
Fusion enhances semantic diversity without relying solely on synthetic 
augmentation. Natural variation across datasets provides authentic user 
expressions from different subsets of social media health platforms.

To further investigate whether these gains reflect a genuine effect 
of augmentation and fusion rather than properties of the enriched 
data, we conduct two additional experiments that vary the amount of 
training data and the semantic similarity between the training and test 
phrases. The first experiment (Fig.  10(a)) varies the training-set size: 
for each dataset, it reports the augmentation and fusion gains over 
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Fig. 12. Comparison of Top-1 (Acc@1) and Top-5 (Acc@5) accuracy tested on original data and augmented data with different semantic variety for AskAPatient 
(orange set colors) and CADEC (purple set colors). Solid and dashed lines represent the Acc@1 and Acc@5 results on the augmented datasets. Diamond markers 
at 𝑥 = 0.66 and 𝑥 = 0.69 on the right denote the original dataset performances for AskAPatient and CADEC, respectively. (For interpretation of the references to 
color in this figure legend, the reader is referred to the web version of this article.)
the original setting as the training set grows from 20% to 100% of its 
phrases. The gain is largest when the training set is small and shrinks as 
more phrases are added, with the fusion gain on COMETA falling from 
about 10.5 to 7.4 Macro-F1 points and the augmentation gain on AskA-
Patient falling from about 17.6 to 10.1. More data therefore reduces the 
gain rather than increasing it, so the improvement is not an effect of 
training-set size but comes from the coverage that augmentation and 
fusion add where the original data are sparse. The second experiment 
(Fig.  10(b)) varies the semantic similarity between the training and 
test phrases: from left to right, it removes training phrases that are 
increasingly similar to the test set, from exact duplicates to every phrase 
whose cosine similarity to a same-concept test phrase exceeds 𝜏 = 0.8. 
Removing the most similar phrases, the near-duplicates most likely to 
reflect overlap, barely changes the gain: even after all near-duplicates 
are removed (𝜏 = 0.9), the augmentation gain drops by at most 2.5 
points, for instance from 7.3 to 7.1 on COMETA and from 26.9 to 
25.9 on TwiMed. The gain drops noticeably only at the strictest setting 
(𝜏 = 0.8), and even then it stays clearly positive on every dataset. The 
phrases most similar to the test set therefore contribute little to the 
gain, so it does not arise from the similarity between the training and 
test data. Together, these two experiments show that the augmentation 
and fusion gains are a genuine effect rather than an artifact of the larger 
size or the higher similarity of the enriched data.

Lastly and importantly, data fusion should be quality-aware. Fu-
sion is beneficial after addressing data quality issues through augmen-
tation. After data quality enhancement, data fusion contributes the 
most to smaller or sparser datasets, such as PsyTAR, TwADR-S, and 
TwiMed, where combining augmented phrases across datasets signif-
icantly increases expression coverage. In these cases, fusion builds on 
the strengthened representations created by augmentation, enabling the 
model to leverage complementary phrasing and context across datasets.

6. Conclusion

We propose a quality-aware data fusion and enhancement frame-
work for Medical Concept Normalization (MCN). To the best of our 
knowledge, this work is the first to demonstrate that multi-source 
dataset fusion can substantially improve MCN performance, and we val-
idated this through extensive experiments on six social media datasets. 
15 
Our data quality evaluation revealed several issues in existing datasets, 
including outdated or inconsistent terminology, low semantic vari-
ety, and severe class imbalance. Although certain validity inconsis-
tencies may not directly harm model accuracy due to the robustness 
of embedding-based normalization, they nonetheless create ambiguity 
in concept definitions and limit dataset reliability. Additionally, we 
observed that MCN datasets share overlapping concepts, further sup-
porting the feasibility and necessity of fusion as a means to expand 
conceptual coverage.

However, naïvely fusing datasets without addressing data qual-
ity would amplify existing biases, such as overfitting caused by low 
semantic variety in AskAPatient and CADEC, and long-tail cases in 
COMETA, PsyTAR, TwADR-S, and TwiMed. Therefore, we introduced 
a quality enhancement stage prior to fusion. LLM-based controlled-
variety data augmentation is applied to increase coverage for rare 
concepts. Our experiments show that this approach not only improves 
the representation of long-tail concepts but also enables more effective 
and balanced data fusion, especially for datasets with limited phrases.

This study provides both a practical, data-driven, and quality-aware 
framework for MCN, and a new, larger-scale fused dataset resource for 
the community. Based on this, our future work aims to: (1) extend the 
framework to MCN datasets beyond social media, such as clinical notes 
or biomedical articles; (2) explore multi-modal fusion by incorporating 
medical images to enrich information; (3) develop targeted strategies 
for difficult cases, such as ambiguous or multi-symptom expressions; 
and (4) study prompt design in LLM-based augmentation, as our find-
ings indicate that prompt-controlled semantic variation plays a critical 
role in achieving balanced data quality.
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