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Abstract

Clinical Concept Normalization is essential for
clinical research applications involving trial
protocols, such as patient-trial matching. Ex-
isting approaches focus heavily on specific do-
mains and need large, annotated datasets. To
address these challenges, we propose CENT, a
context engineering framework that combines
semantic matching for candidate retrieval and
Large Language Model (LLM) prompting for
disambiguation. CENT achieves superior per-
formance on clinical procedures normalization
in both binary and hierarchical metrics com-
pared to semantic matching or LLM-only ap-
proaches, without requiring fine-tuning. Ad-
vanced prompt strategies, including Chain-of-
Thought and Tree-of-Thoughts, achieve high
performance at practical cost. CENT is scalable
and adaptable for normalization across diverse
clinical vocabularies in real-world clinical ap-
plications.

1 Introduction

Clinical Concept Normalization (CCN), often re-
ferred to as entity linking, standardizes terms in
clinical texts, such as clinical trial protocols, to
standard concepts in clinical coding systems (e.g.,
ICD, SNOMED-CT, LOINC). In practice, normal-
ization for clinical research applications is often
performed as an ad hoc step, either as a manual ef-
fort or more commonly with string matching before
downstream tasks, such as patient-trial matching
(Wong et al., 2025). This limits both scalability
and reliability in real-world deployments, where
concept variations and ambiguous terminology are
common (Wong et al., 2023).

For clinical trial protocols, CCN ensures reli-
able information retrieval and enables comparative
analysis across trials in terms of eligibility criteria,
disease evaluation steps or schedule of activities,
predictive modeling using data from historic trials,
and patient trial matching (Danhauser et al., 2025;
Lopez et al., 2025).

Despite advances in semantic matching with
pretrained and fine-tuned BERT-based models
and, more recently, transformer models, biomed-
ical entity linking remains challenging without
domain-specific adaptation. Prompting general-
purpose Large Language Models (LLMs) to as-
sign codes to diagnosis and procedure descriptions
has shown subpar performance and hallucinated
codes (Soroush et al., 2024). Moreover, relying
solely on LLMs for entity linking requires fine-
tuning for each clinical coding system, which is
expensive (Berkowitz et al., 2025).

We introduce Context Engineered
Normalization for Clinical Trials (CENT)
framework that leverages semantic matching
to retrieve highly relevant information, which
is then used in structured prompts to perform
CCN. In CENT, semantic matching efficiently
generates high-recall candidate matches, while
LLM prompting improves disambiguation among
closely related candidates without the need for
extensive annotated data or vocabulary-specific
fine-tuning.

Objective: To develop and evaluate a context
engineering framework, CENT, for CCN in trial
protocols, focusing on laboratory procedures, and
benchmarking performance using binary and hier-
archical metrics on a publicly available dataset.

Contributions:

* A context engineering framework, CENT, that
combines semantic matching for context re-
trieval with LLM prompting for CCN.

* Evaluation of CENT using various prompt
strategies on a publicly available clinical pro-
cedures dataset, assessed with both binary and
hierarchical metrics.

* Comparative evaluation of CENT against em-
bedding models and LLM-only prompting for
CCN.
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1.1 Related Work

Current state-of-the-art CCN systems and bench-
mark datasets primarily focus on normalizing dis-
eases, symptoms, and chemicals, while clinical
procedures and laboratory measurements are un-
derrepresented. This results in incomplete normal-
ization of clinical trial protocols and is a significant
barrier for real-world automated protocol analy-
sis and benchmarking. While CCN tools such as
MedLinker, SciSpacy, and cTAKES support en-
tity linking for procedures (Kartchner et al., 2023),
these systems typically rely on string matching,
leading to suboptimal performance.

Semantic matching models, such as SapBERT
(Liu et al., 2021) that is fine-tuned with Unified
Medical Language System (UMLS) concepts, have
demonstrated strong similarity-based matching for
biomedical entities (Kartchner et al., 2023). Se-
mantic matching approaches with domain-specific
embeddings achieve high recall and are effective
at candidate generation, however, they struggle in
candidate disambiguation as the size of the tar-
get vocabulary increases (Kartchner et al., 2023).
Moreover, these systems are primarily optimized
for diseases, drugs, and chemicals, as most bench-
mark datasets (e.g., NCBI Disease, BC5SCDR) fo-
cus on these domains (Ferré et al., 2020; Yang et al.,
2023).

Recent work has explored the use of LLMs and
generative Al approaches for CCN. Berkowitz et al.
(2025) developed RAGNorm, a system that com-
bines semantic matching with LLM prompting
to normalize biomedical texts to SNOMED-CT
codes. RAGNorm uses general-purpose models
for both semantic matching and prompting, and
while it outperformed the baseline semantic match-
ing methods, the authors highlight challenges with
generalizability and a decline in performance with
increased target vocabulary size. Soroush et al.
(2024) found that prompt-based LLMs frequently
hallucinate invalid or non-specific codes when re-
lying on internal knowledge of clinical vocabular-
ies, and that prompt engineering alone could not
consistently produce correct codes for all concept
descriptions. Other studies have noted the high
computational cost and limited improvements with
LLM-only pipelines compared to semantic match-
ing and domain-specific embeddings in the biomed-
ical normalization task (Dobbins, 2024; Wang et al.,
2024). Jahan et al. (2024) observed that baseline
models such as BioBART still outperform LLMs

in recall for chemical and disease normalization,
especially with small datasets and large vocabular-
ies.

Combining the strengths of semantic matching
and LLM prompting, however, appears to be a
promising approach for CCN in specialized do-
mains (Borchert et al., 2024; Berkowitz et al.,
2025). Strategic prompt design with curated con-
text beyond simple prompts can help overcome the
limitations of LLM-only normalization approaches.
In this work, we present CENT, a framework that
integrates 1) domain-specific semantic matching
to retrieve relevant context, followed by 2) a struc-
tured prompt design that embeds the retrieved con-
text, and 3) explicit evaluation rubric to guide the
LLM in performing CCN.

Evaluating CCN systems remains challenging
due to variability across datasets, biases in scoring
metrics, the lack of clear separation between entity
recognition and subsequent normalization tasks,
and the predominant focus of benchmark datasets
on diseases and drugs (Kartchner et al., 2023; Ferré
et al., 2020). Furthermore, prior evaluations rely
primarily on binary metrics such as accuracy, preci-
sion, and recall, overlooking the hierarchical nature
of clinical coding systems, which warrants more
nuanced assessments that account for relationships
among concepts (Ferré and Langlais, 2023). To
address these gaps, in this study, we adapt hierar-
chical evaluation metrics to provide a more com-
prehensive assessment of CCN performance for
normalization of clinical procedures.

2 Datasets

In this work, we evaluate our proposed CCN frame-
work on the LOINC to CPT mappings of laboratory
procedures available through UMLS (National Li-
brary of Medicine, 2006). LOINC, created by the
Regenstrief Institute, is the universal standard for
laboratory tests and clinical observations (Regen-
strief Institute, 2025). The CPT vocabulary, created
and maintained by the American Medical Associa-
tion, is used for reporting procedural activities and
services for billing and reimbursement (American
Medical Association, 2025). Both vocabularies are
commonly used for coding of activities related to
clinical trials.

The UMLS LOINC-CPT mappings dataset con-
tains 2,019 LOINC concepts linked to CPT codes;
in some cases, multiple LOINC concepts map to
a single CPT code. We excluded mappings to 21
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Figure 1: Overview of the CENT framework (I) Context retrieval with semantic matching, and (I) context
engineering and prompt designs for disambiguation with GPT models. Iterative prompt design is based on prior
work (Sivarajkumar et al., 2024) with zero-shot, few-shot, Chain-of-Thought (CoT), Tree-of-Thoughts (ToT), and

Graph-of-Thought (GoT) prompt strategies.

deprecated CPT codes (44 mappings removed). We
also excluded three non-specific allergen-related
CPT codes—86001, 86003, and 86005—removing
314, 1,017, and 95 mappings, respectively, as these
codes are unrelated to trial procedures and outside
the scope of normalization. After these exclusions,
593 LOINC-CPT mappings remained. LOINC and
CPT concept labels were further processed to re-
move punctuation and tokenized (average LOINC
tokens = 7.6, average CPT tokens = 11.3).

We used CPT vocabulary (v2015) codes and la-
bels as the target concept data for evaluation, as
this was the last publicly available version of CPT.
These CPT concepts were filtered to include the
measurement domain only, resulting in 1,584 CPT
target codes and labels.

2.1 Protocol-derived Datasets

We additionally applied CENT to two internal
datasets of clinical assessments extracted from
schedule of activities tables in clinical trial pro-
tocols. Dataset 1 includes 669 unique laboratory,
diagnostic, survey, and billing procedures partially
mapped to CPT codes, and Dataset 2 includes
139 laboratory/biomarker procedures from 20 trials
mapped to a custom laboratory vocabulary (N=248
concepts). We applied CENT to predict target
concepts for these datasets. For these datasets,

we report quantitative metrics and expert review
outcomes for the experiments with these protocol-
derived datasets.

3 Methodology

We propose the CENT framework for CCN that sys-
tematically combines semantic matching with LLM
prompting. CENT is designed to retrieve highly
relevant context as top-ranked candidate codes and
labels, and deliver it to the LLM in the form of
structured, sectioned prompts (Figure 1).

3.1 Context Retrieval with Semantic
Matching

In the first stage, CENT uses semantic match-
ing with two fine-tuned domain-specific BERT-
based models, SapBERT and BioBERT-mnli, to
retrieve candidate concepts from the target vocabu-
lary. SapBERT is a word-based model fine-tuned
with UMLS concepts for medical entity linking and
generates candidates based on closeness of concept
embeddings in semantic space (Liu et al., 2021).
BioBERT-mnli is a sentence transformer model
fine-tuned with natural language inference and text
similarity datasets that has been used to effectively
classify sentences from randomized controlled tri-
als (Deka et al., 2022). For each input term (e.g.,
LOINC concept), the models embed the concept
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label and the resulting embedding is used to com-
pute cosine similarity scores with embeddings of
the target concepts (e.g., CPT concepts). The top 5
concepts with the highest scores from each model
are added to a set and the scores are normalized.
The concepts are then sorted by similarity scores
and de-duplicated. The top unique candidates (up
to 10) are used as the curated context formatted
as code + label. Note that similarity scores are
not passed to the LLM. By deliberately constrain-
ing the search space, this step serves as context
engineering, shaping and refining the information
available for downstream reasoning and matching.

Implementation: For SapBERT, we tokenize
the texts with truncation enabled, embed in batches,
with padding of all inputs to maximum tokens
within the batch. For BioBERT-mnli, we use
sentence-transformers with mean pooling, trunca-
tion, and dynamic batch padding. Both models gen-
erate 768-dimensional embeddings. We compute
cosine similarity between input and target embed-
dings and retrieve the top k candidates per model.
To further characterize the retrieval stage, we re-
port recall@k on the LOINC-CPT dataset, where a
query is counted as retrieved if ground truth CPT
appears in the top-k candidate set.

3.2 Structured Prompts for Disambiguation

In the second stage, the query code and its label
along side with the curated contextual information
from the previous step are embedded in a structured
prompt for the LLM. Prompts are organized into
clearly defined sections, including 1) description
of the CCN task, 2) explicit rubric to guide the
LLM in performing CCN, 3) instructions to score
LLM thoughts, 4) examples of the CCN to be done
along with reasoning for the selected matches, and
5) the input query and the list of candidate matched
codes with their labels (curated context). The LLM
is instructed to select the single best candidate or
return "no match" if appropriate.

For the CCN task in this paper, we designed
zero-shot and few-shot prompt strategies using the
DSPy library (Khattab et al., 2023) and adapted the
open-source Graph-of-Thoughts repository (Besta
et al., 2024) to implement the Chain-of-Thought
(CoT) (Wei et al., 2022), Tree-of-Thoughts (ToT)
(Yao et al., 2023), and Graph-of-Thoughts (GoT)
strategies. Broadly, the operations involved are
(1) prompt the LLM (generate_prompt) to map in-
put concept to corresponding target concept based
on the context of candidate codes and labels, (2)

parse and score the LLM response (score_prompt),
(3) improve the final response based on the con-
text (tot_improve_prompt) or aggregate responses
(aggregate_prompt), and (4) keep the best scoring
response. The scores are calculated by the LLM
on a scale of 0-5 using the score_prompt. For de-
tails of prompts used in the task, see Appendix A.
Each prompt strategy was tested and improved iter-
atively. The prompt design and iterative evaluation
was based on prior research on task-specific prompt
design and improved performance of heuristic and
ensemble prompts in complex clinical information
extraction and disambiguation tasks (Sivarajkumar
et al., 2024).

Implementation: ToT is defined with branch
factor 10 and depth 3 while GoT is defined with
branch factors 10 and 20. We used the GPT4.1
(OpenAl, 2025a) and GPT40-mini (OpenAl, 2024)
models to assess the impact of the model size on
performance and cost with temperature equal to 1.0
and maximum output tokens equal to 10000.

For the comparative evaluation with direct LLM
prompting without engineering context, we pro-
vided the input term along with 1,584 CPT target
codes and labels to the GPT40-mini model. The to-
tal prompt and context was approximately 65,000
tokens (context window of model is 100,000 to-
kens). For comparative context-retrieval models,
we utilized the OpenAl API for text-embedding-
ada-002 model (OpenAl, 2022). We accessed GPT
models via an Azure OpenAl endpoint with access-
controlled API keys. CENT is designed to be
model-agnostic and can be used with private end-
points and locally deployed LLMs, if required.

4 Evaluation

We evaluated CENT with binary metrics, hierarchi-
cal metrics, and total cost (in US dollars) for CCN
on the LOINC-CPT dataset. Binary metrics in-
cluded precision@5, recall@5, and F1 score. Cost
was measured by the input and output tokens in
the prompts based on the OpenAl API pricing for
the models (OpenAl, 2025b). We report the total
cost of the LOINC-CPT normalization task with
593 mappings. The performance evaluation also
included comparison against: 1) semantic match-
ing only using SapBERT, 2) semantic matching
only using OpenAl text-embedding-ada-002 model,
3) context retrieval using OpenAl text-embedding-
ada-002 model followed by LLM prompting for dis-
ambiguation, and 4) direct LLM prompting without
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engineered context.

4.1 Hierarchical Metrics

Hierarchical metrics take into account hierarchical
characteristics of predicted codes in CCN, includ-
ing concept position within the ontology, ancestral
and descendant information, and relationship with
the correct match. Unlike binary metrics that only
determine if a predicted code is an exact match,
hierarchical metrics incorporate partial correctness,
capture ontological distance, and reward higher
semantic similarity for close mismatches. We in-
cluded two hierarchical metrics in our evaluation,
Wu-Palmer similarity and Resnik similarity.

Wu-Palmer Similarity. Wu-Palmer Similarity
(Wu and Palmer, 1994) is a structural similarity
measure that quantifies the closeness of two con-
cepts within an ontology, based on their depth (dis-
tance from the root concept) and the depth of the
lowest common ancestor (LCA). For concepts a
and b:

2 x depth(LCA(a, b))
depth(a) + depth(b)

Wu-Palmer(a, b) = (1)

The score ranges from 0O to 1, with higher values
indicating greater semantic overlap.

Resnik Similarity. Resnik similarity (Resnik,
1995) is calculated as the information content (IC)
of the LCA of two nodes in the hierarchy to mea-
sure the closeness of two nodes by how informative
their LCA is.

Resnik(a, b) = IC(LCA(a,b)) (2)

IC is calculated using the proposed method by Seco
et al. (2004) to use the ontology’s structure:

log(descendants(c) + 1)
log(total concepts)

3)

ic(c) =

Resnik similarity is higher for concepts with LCA
lower in the hierarchy.

The UMLS API (National Library of Medicine,
2025) was used to extract ontological relationships,
including ancestors, descendants, and depth for
CPT codes. Ancestors and descendants were iden-
tified recursively through the UMLS API endpoints
parent and children to preserve the hierarchical or-
der. For cases with "no match", hierarchical metrics
values were set to 0.

5 Results and Discussion

Table 1 presents the evaluation results of CENT on
the LOINC-CPT dataset. CENT consistently out-
performed the comparative methods, including se-
mantic matching alone and direct LLM prompting-
across both binary and hierarchical metrics. The
highest F1-score was achieved by CENT with CoT
prompting (0.82), while the highest Wu-Palmer
similarity (0.86) and Resnik similarity (0.87) were
observed with ToT prompting. When compared
to embedding-only approaches, CENT achieved
a marked improvement in precision (highest pre-
cision 0.86 with CENT vs 0.15 with SapBERT-
only) and Wu-Palmer similarity (0.77-0.86 with
CENT vs 0.53 with SapBERT-only), indicating
that normalized codes by CENT are not only more
accurate but, if not an exact match, are closer to
the correct matches in the ontology. Direct LLM
prompting performed poorly across all metrics with
prohibitive costs, confirming prior findings that
this approach is infeasible for CCN (Soroush et al.,
2024).

A comparison of embedding models within
CENT (SapBERT + BioBERT-mnli) and a general-
purpose OpenAl model (text-embedding-ada-002)
further underscores the value of domain-specific
embeddings for CCN. Using zero-shot prompting,
CENT with SapBERT + BioBERT-mnli achieved
an F1 score of 0.79, compared to 0.64 for the Ope-
nAl text-embedding-ada-002 model followed by
LLM zero-shot prompting. These findings corrob-
orate prior reports that domain-specific models out-
perform general-purpose models on clinical data
classification tasks (Gao et al., 2025).

Across prompt strategies, CENT with CoT
achieved high performance (F1-score 0.82 with
GPT4.1 and 0.80 with GPT40-mini), while ToT
and GoT were stronger in hierarchical metrics (Wu-
Palmer similarity 0.86 and 0.85, respectively). GoT,
despite adding operational complexity and cost, did
not offer improved performance except for the low-
est percentage of "no match" predictions (0%), fol-
lowed by ToT (0.3%). The "no match" percentage
indicates the failure to identify any matches. In con-
trast, CENT with zero-shot and few-shot prompts
resulted in the highest percentage of "no match"
predictions (14.1% and 12.8%, respectively). Error
analysis has shown that, when allowed, CENT over-
predicts codes (i.e., predicted code set includes
more than one candidate) rather than "no match".

Cost is a critical factor for real-world and re-

733



Prompt Precision Recall . % ''no

Approach Strategy @5 @5 F1  Wu-Palmer Resnik match"
CENT GPT4.1 Zero-shot 0.87 0.74  0.80 0.77 0.77 14.8
CENT GPT4.1 Few-shot 0.86 0.76  0.81 0.79 0.79 10.8
CENT GPT4.1 CoT 0.86 0.79  0.82 0.84 0.84 5.1
CENT GPT4.1 ToT 0.81 0.81 0.81 0.86 0.87 0.3
CENT GPT4.1 GoT 0.79 0.78 0.78 0.85 0.85 0.7
CENT GPT4o0-mini CoT 0.82 0.78  0.80 0.84 0.85 7.2
CENT GPT4o0-mini ToT 0.79 0.79  0.79 0.85 0.86 0.5
CENT GPT4o0-mini GoT 0.78 0.78 0.78 0.85 0.86 0
Embedding only
(SapBERT) - 0.15 0.74 0.25 0.53 0.56 -
Embedding only
(ada-002) - 0.15 0.76  0.25 0.55 0.62 -
ada-002 + GPT4.1  Zero-shot 0.64 0.64 0.64 0.81 0.82 0.3
LLM only Few-shot 005 017 008 050 058 3.

(GPT40-mini)

Table 1: Top. Evaluation of CENT with binary and hierarchical metrics for LOINC-CPT mappings (N=593).
"no match" indicates cases where the model did not return any normalized code. Bottom. Evaluation of comparative
approaches: (i) SapBERT only for CCN, (ii) OpenAl ada-002 for context retrieval and GPT4.1 for disambiguation,
(iii) OpenAl ada-002 only, and (iv) LLM-only with GPT40-mini for CCN.

Prompt Cost
Approach Strategy F1-score (USD)
CENT* Zero-shot 0.79 0.36
CENT#* Few-shot 0.80 0.37
CENT* CoT 0.82 12.89
CENT* ToT 0.81 37.57
CENT* GoT 0.78 59.89
CENT* CoT 0.80 0.56
CENT* ToT 0.79 2.66
CENT* GoT 0.78 3.27
LLM-only* Few-shot 0.08 102.5

Table 2: Cost (in USD) of API calls and F1-score for the
prompt strategies used to evaluate CENT with LOINC-
CPT dataset (N=593). "*" denotes GPT4.1 used for
disambiguation and "*" denotes GPT40-mini model.

search applications. Table 2 presents the cost (in
USD) of the API calls used for CENT with dif-
ferent prompt strategies in the LOINC-CPT nor-
malization. While ToT and GoT prompting have
higher costs ($37.57 and $59.89, respectively) com-
pared to other strategies, our experiments showed
that comparable performance is achievable with the
smaller GPT40-mini model using these advanced
prompt strategies, but with significantly lower cost
(e.g., cost for CENT with GPT40-mini & ToT was
$2.66 vs $37.57 for CENT with GPT4.1 & ToT).

Table 3 presents the results of the retrieval ab-
lation analysis in the LOINC-CPT mapping ex-
periment. Union of candidates from both models
(SapBERT and BioBERT-mnli) achieves the high-
est recall (recall@10 improves to 0.85), improving
the downstream CCN task driven by the retrieved
context (union of candidates). Moreover, increas-
ing the number of per-model candidates (k) from 5
to 10 produces no appreciable gains, indicating that
CENT remains effective even with a small number
of candidates.

To the best of our knowledge, this work repre-
sents the first implementation of advanced prompt
strategies (ToT, GoT) for the CCN task. Compared
to general tasks evaluated by Besta et al. (2024)
where GoT outperformed other strategies, it is evi-
dent that model and prompt strategy selection for
domain-specific tasks such as CCN cannot be gen-
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Retrieval Recall Recall Recall
ctrieva @1 @5 @10

SapBERT 051 074  0.80

only

BIOBERT-mnli 59 79 082

only

Union

(SapBERT U — 0.83 0.85

BioBERT-mnli)

End-to-end (CENT+CoT) F1  ° M°

match

Union candidates,

k = 5 per encoder 0.82 31

Union candidates, 0.83 53

k = 10 per encoder

Table 3: Retrieval ablation and end-to-end sensitivity for
LOINC-CPT mappings. Recall @k measures whether
the ground truth CPT code is present in the top-k re-
trieved candidates.

eralized out of the box. The combined use of binary
and hierarchical metrics provides a more complete
evaluation: binary metrics alone may over- or un-
derestimate model performance, but hierarchical
metrics can indicate whether the predicted codes
are proximally closer to the ground truth code in the
ontology. For instance, CENT with ToT prompt-
ing showed lower F1-scores than CoT but higher
Wu-Palmer and Resnik scores, indicating that even
when predictions are incorrect, they are semanti-
cally closer to the ground truth.

Internal Validation: We applied CENT to the
protocol-derived procedures, which are noisier and
less standardized than LOINC labels. Examples
of procedures included laboratory panels (chem-
istry, hematology), abbreviated texts (PSA, UPEP),
imaging procedures (MRI Abdomen), biomarker
assays (Serum biomarkers). For the 139 labora-
tory/biomarker procedures normalized to custom
vocabulary concepts (Dataset 2), CENT (few-shot)
achieved precision@5=0.77, recall@5=0.65, and
F1=0.71. This dataset included instances with mul-
tiple target concepts and instances with no valid
matches; "no match" is counted correct only when
the ground truth is empty. For the dataset with
669 procedures (Dataset 1), we ran CENT to pre-
dict CPT codes, and 3 clinician-experts manually
reviewed a random sample of 59 laboratory proce-
dures. Each of 3 experts reviewed 20 samples with
partial overlap. The outcomes were 28/59 (47.5%)
exact matches to expert annotation, 17/59 (28.8%)

partial matches (sibling/parent relationships), and
14/59 (23.7%) incorrect CENT match when com-
pared to expert annotations.

Together with the benchmark dataset, these re-
sults suggest CENT can operate on noisy and often
non-standard clinical texts common in real-world
data (e.g., clinical protocols). Notably, the optimal
choice of models and prompt strategy should be
guided not only by performance metrics but also
by specific use case requirements, the target vocab-
ulary, acceptable operational costs, and the preva-
lence of "no match" scenarios in the real-world data.
CENT enables high-recall candidate generation and
robust candidate disambiguation for CCN without
model fine-tuning or annotated training datasets.
CENT does not require model training and allows
for substitution of prompt formats, LLMs, and ref-
erence clinical vocabulary system as needed for
domain adaptation.

6 Conclusion

We present a context engineering framework,
CENT, for CCN that combines semantic match-
ing with domain-specific models for context engi-
neering and LLM prompting for disambiguation.
CENT consistently outperformed other methods -
including semantic matching alone and LLM-only
- on laboratory procedures with both binary and
hierarchical metrics without any fine-tuning or an-
notated training data. CENT enables scalable, cost-
effective normalization to support real-world clini-
cal research applications. Ongoing work involves
applying CENT to use cases in clinical trial opti-
mization and benchmarking, and exploring further
prompt strategies to refine normalization.

Limitations

This study has several limitations. First, the evalua-
tion mainly focused on a single dataset with labo-
ratory procedures, along with two internal datasets
for validation. The framework will need to be eval-
uated on larger, diverse datasets with more entity
types and clinical vocabularies. Second, prompt
design is currently a manual process in CENT that
must be tailored for other CCN tasks. Finally, our
prompts were limited to GPT models and cost cal-
culations are based on current API pricing. The
performance may not reflect future changes in mod-
els and re-evaluation of CENT is warranted with
newer LLMs.
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A Appendix: Prompts

We present the prompts for the LOINC-CPT nor-
malization task. zero_shot and few_shot prompts
included simple instructions for the task along
with the input LOINC concept and candidate con-
cepts from context retrieval. For Chain-of-Thought
(CoT), Tree-of-Thoughts (ToT), and Graph-of-
Thought (GoT) prompting, we extended the graph-
of-thoughts framework (Besta et al., 2024) to cre-
ate a LOINC-CPT normalization task. Graph-of-
thoughts describes prompt operations as ’trans-
formations of thoughts’ that ultimately give the
final response from the language model. The
generate_prompt generates new thoughts from
a single thought with a branching factor to de-
fine the number of thoughts generated. The
tot_improve_prompt enhances a given thought us-
ing information provided in another thought (could
be generated previously). The aggregate_prompt
aggregates thoughts into new ones in GoT. Thus,
for the LOINC-CPT normalization task, CoT was
modeled with the generate operation, ToT with
generate and improve operations, and GoT with
generate and aggregate operations. All three
prompt strategies used the score_prompt for scor-
ing the LLM responses. Examples for the prompts
were generated from UMLS, however, these can
be alternately created by experts or by varying the
ground truth data. Other configurations of the oper-
ations can be implemented depending on the task
and desired complexity of operations.
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zero-shot prompt:

<Instruction>
You are an expert clinical assistant. You are provided with a LOINC measurement concept delimited
by <> and a list of candidate CPT concepts for matching, delimited by []. These candidates are
generated using a BERT model, which assesses the similarity between the embeddings of the LOINC
query and all CPT concepts. The first candidate in the ranked list is the most similar CPT concept to
the LOINC query based on BERT similarity. For the given LOINC concept and candidate list, your
task is to -

1. Assess the candidate CPT concepts based on your knowledge about laboratory terms and
clinical vocabularies. Create a new candidates list by reordering and/or removing concepts. If
the original list is correct, do not create a new list. If there are no good candidate concepts for
the LOINC concept, create an empty list.

2. Then using the new list of candidates, select the best match for the given LOINC concept. There
is only one best CPT match in the candidate list for the given LOINC concept. A good match in
the candidate list of CPT concepts is when the candidate exactly matches the LOINC concept
or is related to the LOINC concept.

3. Return the matched code in a list selected only from the candidates provided. If there is no good
match in the list of candidates, return ['no match’]. Return the output as list only and no other
text.

</Instruction>

Term: <term>
Candidates: [candidates]

few-shot prompt:

<Instruction>
You are an expert clinical assistant. You are provided with a LOINC measurement concept delimited
by <> and a list of candidate CPT concepts for matching, delimited by []. These candidates are
generated using a BERT model, which assesses the similarity between the embeddings of the LOINC
query and all CPT concepts. The first candidate in the ranked list is the most similar CPT concept to
the LOINC query based on BERT similarity. For the given LOINC concept and candidate list, your
task is to -

1. Assess the candidate CPT concepts based on your knowledge about laboratory terms and
clinical vocabularies. Create a new candidates list by reordering and/or removing concepts. If
the original list is correct, do not create a new list. If there are no good candidate concepts for
the LOINC concept, create an empty list.

2. Then using the new list of candidates, select the best match for the given LOINC concept. There
is only one best CPT match in the candidate list for the given LOINC concept. A good match in
the candidate list of CPT concepts is when the candidate exactly matches the LOINC concept
or is related to the LOINC concept.

3. Return the matched code in a list selected only from the candidates provided. If there is no good
match in the list of candidates, return ['no match’]. Return the output as list only and no other
text.

</Instruction>

<Examples>
Term: 22360-2:HTLV I IgG Ab [Presence] in Serum
Candidates: [("86687","Antibody HTLV-I"), ("86296","HEPATITIS A ANTIBODY HAAB IGG
AND IGM"), ("86709","Hepatitis A antibody HAAb IgM antibody"), ("82784","Gammaglobulin
immunoglobulin IgA IgD IgG IgM each"), ("86701"," Antibody HIV-1"), ("81381","HLA Class
I typing high resolution ie alleles or allele groups one allele or allele group eg B*5701P each"),
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("86001","Allergen specific IgG quantitative or semi-quantitative each allergen")]
Answer: ["86687"]

Term: 14416-2:Calcium [Moles/volume] in Pleural fluid
Candidates: [("82330","Calcium ionized"), ("82310","Calcium total"), ("82331","Calcium after
calcium infusion test"), ("82340","Calcium urine quantitative timed specimen"), ("82360","Calculus
quantitative analysis chemical"), ("80410","Calcitonin stimulation panel eg calcium pentagastrin
This panel must include the following Calcitonin 82308 x 3")]
Answer: ["82310"]

</Examples>

Term: <term>
Candidates: [candidates]

generate_prompt for CoT, ToT, GoT:

<Instruction>

You are an Al medical coding assistant designed to help healthcare providers accurately map LOINC
codes to their corresponding or nearest CPT codes. You will be provided with a LOINC laboratory
code and name in the format query_lab_code:query_lab_name, referred to as the LOINC query,
hereafter. Occasionally, you may also receive a ranked list of candidate CPT code matches, with
each match formatted as a list of tuples; for example: []. These candidates are generated using a
BERT model, which assesses the similarity between the embeddings of the LOINC query and all
CPT concepts. The first tuple in the ranked list is the most similar CPT concept to the LOINC query
based on BERT similarity.

Your goal is to identify the most appropriate CPT match(es) for the LOINC query. A suitable CPT
match should:

1. Exactly correspond to the LOINC concept, or

2. Be closely related (e.g., same lab family, sub-test of the LOINC query, or a broader lab panel
that includes the LOINC query).

Your output **must** follow this exact format and be enclosed between <Match> and </Match>
tags: <Match>[ ("CPT_CODE", "CPT_LABEL"), ("CPT_CODE","CPT_LABEL")]</Match>

Example of correct output: <Match>[("86256","Fluorescent noninfectious agent antibody titer
each antibody"), ("82330","Calcium ionized")]</Match>
</Instruction>

<Approach>
1. Assess Candidate List Availability: If a candidate list is provided, review each candidate, then
reorder, add, or remove concepts as needed to refine the list. If no candidate list is provided (i.e.,
the list is empty, "None", or ""): Generate a list of potential CPT matches for the LOINC query.

2. Evaluate Candidates: Use the refined candidate list to select the best CPT match(es) for the
LOINC query. There may be multiple suitable matches or none at all.
3. Return Results: Output a list of the best matches. If no matches are found, return [’'no match’].
</Approach>

<Examples>
LOINC query: 22360-2:HTLV I IgG Ab [Presence] in Serum
Candidate matches: [("86687","Antibody HTLV-1"), ("86296","HEPATITIS A ANTIBODY
HAAB IGG AND IGM"), ("86709","Hepatitis A antibody HAADb IgM antibody"), ("82784","Gam-
maglobulin immunoglobulin IgA IgD IgG IgM each"), ("86701"," Antibody HIV-1"), ("81381","HLA
Class I typing high resolution ie alleles or allele groups one allele or allele group eg B*5701P each"),
("86001"," Allergen specific IgG quantitative or semi-quantitative each allergen")]
<Match>[("86687"," Antibody HTLV-1")]</Match>
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LOINC query: 14416-2:Calcium [Moles/volume] in Pleural fluid
Candidate matches: [("82330","Calcium ionized"), ("82310","Calcium total"), ("82331","Calcium
after calcium infusion test"), ("82340","Calcium urine quantitative timed specimen"), ("82360","Cal-
culus quantitative analysis chemical"), ("80410","Calcitonin stimulation panel eg calcium pentagas-
trin This panel must include the following Calcitonin 82308 x 3")]
<Match>[("82310","Calcium total")]</Match>

</Examples>

<Input>
LOINC query: {query_lab_code}:{query_lab_name}
Candidate matches: {candidates}

</Input>

tot_improve_prompt for ToT:

<Instruction>
The following list represents the list of CPT matches for the LOINC query
query_lab_code:query_lab_name:cpt_matches. These CPT matches might include wrong
matches or might be an empty list shown as []. Your task is to find the correct CPT matches. Make
sure if there are identified CPT matches, they are truly related to the LOINC query by ensuring that
these matches are either exactly correspond to the LOINC query, or are closely related. Your output
must follow this exact format and be enclosed between <Match> and </Match> tags:

<Match>

["CPT_CODE": "<CPT_CODE>", "CPT_LABEL": "<CPT_LABEL>","CPT_CODE": "<CPT_CODE>",
"CPT_LABEL": "<CPT_LABEL>"]

</Match>

Replace <CPT_CODE> with the actual CPT code match and <CPT_LABEL> with its corresponding
label. Only return valid matches inside the tags — do not include extra text.
Example of correct output: <Match>[("86256","Fluorescent noninfectious agent antibody titer
each antibody"), ("82330","Calcium ionized")]</Match>

</Instruction>

<Approach>
To fix the incorrect list of CPT matches:
1. If there are CPT matches:
(a) For each pair of CPT match, check which one is more related to the LOINC query and retain
it and drop the other.
(b) Iterate over the pairs of CPT matches, until you are left with a single match.
(c) If the remaining CPT match is the exact same concept as LOINC query, sibling concept,
parent concept, keep it, otherwise, remove it from the list.
(d) Return the resulting match if any
2. If there are no CPT matches, indicate as an empty list
You are an Al medical coding assistant designed to help healthcare providers accurately map LOINC
codes to their corresponding or nearest CPT codes. Use your knowledge to find the best match for
query_lab_code:query_lab_name.
</Approach>

<Examples>
LOINC query: 13051-8:Protein S [Units/volume] in Platelet poor plasma
Matches: [("85306","Protein S [Units/volume] in Platelet poor plasma"), ("85305","Clotting in-
hibitors or anticoagulants protein S total")]
Reason: 85306 is the exact match, while 85305 is a sibling match. <Match>[("85306","Protein S
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[Units/volume] in Platelet poor plasma")]</Match>

LOINC query: 14252-1:Smooth muscle Ab [Presence] in Serum

Matches: [("86015"," Actin smooth muscle antibody ASMA each"), ("86256","Fluorescent noninfec-

tious agent antibody titer each antibody"),(86381,"Mitochondrial antibody eg M2 each")]

Reason: The actual match is 86256 which is not in the list of matches. The closest match 86255 is a

sibling match, while 86015 and 86381 are cousin matches (more distant than the sibling match).

<Match>[("86256","Fluorescent noninfectious agent antibody titer, each antibody")]</Match>
</Examples>

LOINC query: {query_lab_code}:{query_lab_name}

score_prompt for CoT, ToT, GoT:

<Instruction>
The following is the list of CPT matches for LOINC query query_lab_code:query_lab_name:
current. CPT matches are formatted as a list of tuples, where each tuple in the list represents a
match and has only two elements, where the first element is a CPT code and the second element is
its corresponding CPT label. Score each match in terms of how closely it represents the LOINC
query. A score of 5 implies that the match is the exact match, a parent match gets a score of 4, a
sibling match gets a score of 3, and grandparent or grand child matches get a score of 2, cousins get
a score of 1, and everything else get a score of 0. You may provide reasoning for your scoring, but
you should put the final scores in a list between the tags <Score> and </Score>. The order of final
score list corresponds to the order of CPT matches i.e., the first and second scores correspond to the
first and second CPT matches, respectively.

</Instruction>

<Example>
LOINC query: 13051-8:Protein S [Units/volume] in Platelet poor plasma
Matches: [("85306","Protein S [Units/volume] in Platelet poor plasma"), ("85305","Clotting in-
hibitors or anticoagulants protein S total")]
Reason: 85306 is the exact match, while 85305 is a sibling match.
<Score>[5,3]</Score>
</Example>
LOINC query: {query_lab_code}:{query_lab_name}

aggregate_prompt for GoT:

<Instruction>
The  following list of lists presents the potential CPT  matches for
query_lab_code:query_lab_name: current. Combine and merge them into one list to
only retain top 5 most relevant ones, with no repeated matches. Your output must follow this exact
format and be enclosed between <Match> and </Match> tags:
<Match>[ ("<CPT_CODE>","<CPT_LABEL>"), ("<CPT_CODE>","<CPT_LABEL>")]</Match>
</Instruction>
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