
A Two-Stage Pipeline for Linking Clinical 

Notes to SNOMED CT 

Mihai Horia POPESCUa, Kevin ROITERO 
a, and Vincenzo DELLA MEAa 

a
 Dept.of Mathematics, Computer Science and Physics, University of Udine, Italy 

ORCiD ID: Mihai Horia Popescu https://orcid.org/0000-0003-3378-0368, 

Kevin Roitero https://orcid.org/0000-0002-9191-3280, 

Vincenzo Della Mea https://orcid.org/0000-0002-0144-3802. 

Abstract. Extracting clinically useful information from free-text notes remains 

challenging due to their unstructured nature, while medical coding is still only 
partially automated. We present a two-stage pipeline for linking spans in clinical 

notes to Systematized Nomenclature of Medicine–Clinical Terminology (SNOMED 

CT) that combines fine-tuned sequence labeling with retrieval-augmented concept 
selection. Stage 1 detects entity spans; Stage 2 retrieves candidates from an 

embeddings database and selects the final concept with an instruction tuned large 

language model (LLM). The proposed method has been tested in the SNOMED CT 
Entity Linking Challenge, which provided Medical Information Mart for Intensive 

Care (MIMIC-IV) discharge notes annotated with SNOMED CT codes. Results 

indicate competitive accuracy and relative robustness to annotation ambiguity. 
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1. Introduction 

In today's digital age, a vast amount of healthcare data is stored in free-text documents. 

This unstructured data, encompassing findings reports, discharge summaries, and other 

clinical documentation, presents significant challenges for analysis and extraction of 

meaningful insights. However, healthcare organizations can convert this free-text data 

into a structured format that is readily analyzable by computers and can be aggregated to 

perform statistics. Therefore, standard coding systems like International Statistical 

Classification of Diseases and Related Health Problems (ICD) and Systematized 

Nomenclature of Medicine–Clinical Terminology (SNOMED CT; recent studies on the 

use of SNOMED CT are reviewed in [1]) have been introduced to disambiguate clinical 

documentation through univocal codes. 

The process of clinical coding is intricate and demands significant time, typically 

performed by skilled professionals. Therefore, the implementation of automated systems 

to support coding is gaining importance to manage the growing volume of newly 

generated clinical documentation. Recently, machine learning models incorporating 

manual features [2, 3, 4] have been the focus to tackle this issue.  

From a methodological perspective, this task is closely related to named entity 

recognition (NER), which aims to identify entity mentions in text and assign them to 
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predefined semantic types. Transformer-based architectures such as Bidirectional 

Encoder Representations from Transformers (BERT) have substantially advanced NER 

performance by modeling rich contextual representations [8]. In the biomedical domain, 

fine-tuning pretrained language models, including domain-specific variants such as 

BioBERT, has led to state-of-the-art results [9]. 

Additionally, reformulating NER as question answering handles nested entities and 

yields competitive results on nested and flat datasets [10]. Meanwhile, large language 

models also achieve competitive NER performance via prompt-based learning [11]. 

While classification is a well-established task in the biomedical domain, limited 

work has focused specifically on SNOMED CT. Prior studies have applied NLP-based 

methods, including support vector machines (SVMs) and long short-term memory 

networks (LSTMs), to automatically assign SNOMED CT codes to narrative pathology 

reports [2], and [3] has integrated NLP-assisted SNOMED CT primary coding into 

clinical workflows, supporting real-time health problem coding and improving efficiency 

and data reuse. In contrast, ICD classification has been widely studied, with several 

contributions, including the CAML model’s interpretable convolutional neural network 

(CNN) for ICD code prediction [12], HyperCore’

leveraging the ICD hierarchy [13]

explored for identifying the underlying cause of death on ICD-10 data [14]. 

This work introduces a two-stage method for linking text spans in clinical notes to 

SNOMED CT concepts, coupling sequence labeling with retrieval-augmented concept 

selection and a streamlined preprocessing pipeline. The approach was applied to the 

SNOMED CT Entity Linking Challenge dataset [5, 7], based on expert-annotated 

PhysioNet Medical Information Mart for Intensive Care (MIMIC-IV) notes [6], and 

evaluated using the official challenge metrics, including macro character-level 

intersection-over-union (mIoU), as defined in [5]. 

2. Material and Methods 

2.1. Dataset 

We used 204 publicly available MIMIC-IV discharge notes provided by the organizers 

of the Entity Linking Challenge for training (Figure 1a presents a synthetic example that 

illustrates the basic structure of the data), with 51,572 concept mentions mapped to 

-code 

subset). Notes are long and densely annotated: median 1,406 words (interquartile range, 

IQR 1,151–1,734) and median 240 mentions per note (IQR 178–304), i.e., 17.36 

mentions per 100 words (IQR 14.64–20.00). Within a note, there is a median of 154.5 

unique concepts (duplication ratio 0.342, IQR 0.281–0.417), and length strongly 

correlates with total mentions (Pearson r = 0.84, n = 204, p < 0.001). The label 

distribution is notably long-tailed: 40

times. Moreover, each note contains a median of 16 mentions corresponding to concepts 

not seen in any other note, indicating substantial local specificity and the need for 

generalization to rare labels. Figure 1b (concept frequency vs. rank; linear x, log y) 

highlights the small head of frequent concepts and the long tail of rare ones. The hidden 

test split used by the organizers for evaluation comprised 68 clinical notes. 
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Figure 1. (a) Synthetic discharge note annotated with SNOMED CT concepts. (b) Concept frequency vs rank, 

showing a small head of very frequent concepts and a long tail of rare ones in the annotated dataset.

2.2. Preprocessing

We addressed several data quality issues before modeling. First, we audited the gold 

annotations and corrected span misalignments (starts/ends inside words or misaligned to 

words edges). Each affected mention was manually reviewed and adjusted to the nearest 

valid token boundary. Given notes length, we segmented text for sequence labeling. 

After exploratory experiments, we found that segment lengths of 100 and 500 tokens 

yielded the best development performance for NER (Section 2.3), and we used both 

granularities in subsequent experiments. Notes were split by section headers, and 

sections with no gold coding were excluded.

2.3. Entity Recognition

We performed entity recognition as an instruction-prompted NER problem and employ 

large language models rather than token-level taggers. Specifically, we fine-tune two 

variants of Mistral-7B-Instruct-v0.2 on the challenge data, differing only by input 

window to balance locality and context: a 100-token model for short, locally expressed 

mentions and a 500-token model for longer or context-dependent mentions. As detailed 

in Section 2.2, notes are segmented upstream; at inference, each segment is provided 

without alteration to the model together with an instruction to return the full input text 

with inline annotation tags marking identified entities (<t>entities</t>).

We recover span boundaries from the tagged text by aligning tags to the original 

segment and projecting them to document level character offsets. We then aggregate the 

outputs of the two models: overlapping or duplicate mentions are reconciled by length, 

with longer span as the tie breaker when needed. The result is a normalized set of entity 

mentions including offsets, which serves as input to the SNOMED CT coding stage in 

Section 2.4.

2.4. SNOMED CT Coding

After entity recognition, identified mentions are mapped to SNOMED CT codes. We use 

a Facebook AI Similarity Search (FAISS) vector index over SNOMED CT terms, fully 

specified names, and synonyms, each linked to a concept identifier. Strings are 

normalized with lowercasing, punctuation cleanup, and embeddings are computed with 

a sentence transformer encoder (all-MiniLM-L12-v2). For each mention, the system 

retrieves the ten nearest concepts using cosine similarity.

M.H. Popescu et al. / A Two-Stage Pipeline for Linking Clinical Notes to SNOMED CT 891



A fine-tuned Mistral 7B Instruct v0.2 model then reranks and selects the final code. 

In this phase, the model considers the broader context of each term, including its 

surrounding text and the document section. This added context helps resolve ambiguities 

and ensures that the selected SNOMED CT concept/code reflects the clinical intent. For 

example, the same term may map to different codes depending on whether it is used in a 

diagnostic, therapeutic, or purely descriptive sense.  

Finally, we apply a small, curated lexicon from the training annotations to reinsert 

missed mentions, refine concept selection, and filter recurring errors during post 

processing. This step improves precision and stabilizes outputs on frequent patterns with 

minimal impact on recall. 

3. Results 

Table 1 reports mIoU for the top three systems alongside the DrivenData benchmark of 

0.179. Our submission scored 0.378 on the private test set, ranking third overall. For 

local validation, we used the 204 challenge notes, with 150 for training and 54 for testing. 

On entity recognition, the model reached F1 = 0.724 on the test set. For coding, the 

FAISS retriever achieved top-1 accuracy 0.870, top-5 0.939, and top-10 0.949 on test 

mentions. Adding the fine-tuned reranker for the final selection yielded a small 

improvement to 0.891 at top-1. 

 

Table 1. Results on the private test split. 

Author Method mIoU 
Bilu et al. Dictionary-based 0.420 

Kulyabin et al. SNOBERT [7] 0.419 

Ours Faiss + Mistral 0.378 

Baseline deberta-v3-large [5] 0.179 

4. Conclusion 

Our system combines instruction prompted large language models with retrieval and 

reranking to improve clinical note annotation. Despite the limited size of the training 

data, the proposed pipeline achieved competitive performance in the challenge, ranking 

third overall with a mIoU of 0.378, substantially outperforming the baseline. 

The results highlight the overall effectiveness of the proposed two-stage approach, 

while also indicating that entity recognition represents the comparatively weaker 

component, with an F1 score of 0.724, in contrast to the strong performance of the dense 

retrieval module, which achieves high accuracy at both top-1 and top-10 levels (up to 

This suggests that most correct concepts are already among the retrieved 

candidates and that further improvements are likely achievable through more effective 

reranking strategies. 

Although the top-performing system in the challenge relied mainly on dictionary-

based matching, our approach offers greater flexibility and potential for generalization, 

particularly in scenarios with limited data, or noisy clinical text. 

Nevertheless, several limitations remain. The small dataset restricts conclusions 

regarding scalability and real-world deployment. In addition, model selection and 
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hyperparameters were constrained by challenge settings, and no systematic comparison 

with strong transformer-based baselines such as BERT variants for the NER task, was 

conducted. Future work will explore larger models, alternative reranking architectures, 

and evaluations on broader clinical corpora to assess robustness and practical 

applicability. 
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