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ABSTRACT
Accurate medical symptom coding from unstructured clinical text,
such as vaccine safety reports, is a critical task with applications
in pharmacovigilance and safety monitoring. Symptom coding, as
tailored in this study, involves identifying and linking nuanced
symptom mentions to standardized vocabularies like MedDRA,
differentiating it from broader medical coding tasks. Traditional ap-
proaches to this task, which treat symptom extraction and linking
as independent workflows, often fail to handle the variability and
complexity of clinical narratives, especially for rare cases. Recent
advancements in Large Language Models (LLMs) offer new oppor-
tunities but face challenges in achieving consistent performance. To
address these issues, we propose Task as Context (TACO) Prompt-
ing, a novel framework that unifies extraction and linking tasks
by embedding task-specific context into LLM prompts. Our study
also introduces SYMPCODER, a human-annotated dataset derived
from Vaccine Adverse Event Reporting System (VAERS) reports,
and a two-stage evaluation framework to comprehensively assess
both symptom linking and mention fidelity. Our comprehensive
evaluation of multiple LLMs, including Llama2-chat, Jackalope-7b,
GPT-3.5 Turbo, GPT-4 Turbo, and GPT-4o, demonstrates TACO’s
effectiveness in improving flexibility and accuracy for tailored tasks
like symptom coding, paving the way for more specific coding tasks
and advancing clinical text processing methodologies.
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1 INTRODUCTION
Accurate symptom coding from unstructured clinical text, partic-
ularly in the context of vaccine safety and pharmacovigilance, re-
mains a critical yet complex task. Systems such as the Vaccine Ad-
verse Event Reporting System (VAERS) [8] play a vital role in moni-
toring potential adverse events following immunization on a global
scale. However, the highly variable and informal nature of clini-
cal narratives within these reports presents significant challenges
for automatically extracting and linking symptoms to standard-
ized medical vocabularies like Medical Dictionary for Regulatory
Activities (MedDRA) [7].

In this work, we formulate symptom coding as a task of iden-
tifying and linking nuanced symptom mentions to standardized
vocabularies, which is different from broader medical coding tasks
such as International Classification of Diseases (ICD) coding. While
ICD coding primarily addresses diagnoses and procedures, symp-
tom coding emphasizes the extraction of subjective experiences
(e.g., “dizziness” or “rash”) and their precise mapping to a prede-
fined set of codes. This tailored task is crucial for downstream ap-
plications such as pharmacovigilance, safety monitoring, and trend
analysis, offering a more flexible and specific approach compared
to traditional medical coding practices.

Traditional methods for medical symptom coding typically sepa-
rate symptom extraction and linking into independent workflows.
Earlier approaches relied on rule-based systems or contextual mod-
els, which often struggled to capture the full context of clinical
narratives and were prone to errors, especially for rare or ambigu-
ous symptoms [15, 19, 27]. The disjointed nature of these processes
introduced inefficiencies and inconsistencies, limiting their effec-
tiveness in complex cases. These limitations are particularly pro-
nounced in tasks like symptom coding, where ensuring reliable
mappings of symptom mentions to standardized vocabularies is
critical.

Recent advancements in Large Language Model (LLMs) have
shown promise in addressing these challenges, offering enhanced
contextual understanding and nuanced language processing capa-
bilities [28]. By integrating extraction and linking tasks into a single
process, LLMs have the potential to overcome the limitations of tra-
ditional approaches. However, ensuring consistent accuracy across
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Report Text: 
"vomiting, fever of 102, slight
soreness and redness at the

injection site."

Suggested List: 
['injection site erythema', 

'vomiting', 
'pyrexia', 

'injection site pain']

Annotation: 
{'Injection site erythema': ['redness',

'at', 'the', 'injection', 'site'], 
'Vomiting': ['vomiting'], 

'Pyrexia': ['fever', 'of', '102'], 
'Injection site pain': ['slight',

'soreness']}

SYMPCODER Dataset
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injection site pain
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Model Output:
{'Injection site erythema':

['redness'], 
'Vomiting': ['vomiting'], 

'Pyrexia': ['fever of 102'],
 'Injection site pain': ['soreness']}

Figure 1: SYMPCODER data creation and overall workflow of TACO prompting and evaluation. Key components in the
framework include: (1) Source Input: Report text and a suggested symptom list; (2) TACO Prompting: Guides LLMs in symptom
coding; (3) Model Output Distillation: Refines LLM outputs; (4) SYMPCODER Dataset: Contains human annotations; and (5)
Two-Stage Evaluation: LINK for matching extracted symptoms with annotations, and MATCH for assessing the contextual
accuracy of symptom mentions.

diverse cases—especially rare or complex adverse events—remains
an open problem [15]. The need for a unified framework that pre-
serves the relationships between symptoms and their corresponding
codes while maintaining efficiency is paramount.

To address these challenges, we propose the Task as Context
Prompting (TACO), a novel approach leveraging LLMs to perform
symptom extraction and linking as interdependent tasks. Unlike
traditional methods that treat these processes in isolation [19],
TACO embeds task-specific context directly within LLM prompts,
enabling the model to understand and maintain relationships be-
tween symptoms and standardized codes throughout the process.
By unifying extraction and linking, TACO reduces information
loss and enhances the flexibility and accuracy of symptom coding.
Additionally, to the best of our knowledge, there is no existing
dataset specifically designed for symptom coding in the medical do-
main. To support the training and evaluation of models for medical
symptom coding, we introduce SYMPCODER, a human-annotated
dataset derived from VAERS reports. This dataset encompasses
three variants, SYMPCODER-Full, SYMPCODER-Common-50, and
SYMPCODER-Rare-50, providing a comprehensive benchmark for
assessing model performance across diverse cases, including both
frequently reported and rare adverse events. By offering detailed an-
notations for both symptom extraction and linking, SYMPCODER
enables systematic evaluation of models and facilitates further ad-
vancements in medical symptom coding research.

Our study further introduces a two-stage evaluation framework.
The Linking Integrity and Knowledge (LINK) stage evaluates
the accuracy of linking extracted symptoms to standardized codes,

while theMention Accuracy and Textual Coherence (MATCH)
stage focuses on the fidelity and coherence of the original mentions
extracted from clinical narratives. This dual-phase evaluation frame-
work provides a granular analysis of model performance across both
common and rare cases, offering comprehensive insights into their
capabilities. Figure 1 illustrates our TACO prompting framework,
detailing the workflow from input processing to final evaluation.
In summary, our study introduces the following contributions:

• SYMPCODER Dataset: A human-annotated dataset based on
VAERS. This dataset includes three variants and provides a bench-
mark to evaluate the capabilities of various methods for symptom
coding, including LLMs, across diverse cases, ranging from com-
mon to rare adverse events.

• TACO Prompting Framework: A novel approach that uni-
fies symptom extraction and linking by embedding task-specific
context within prompts, improving flexibility and accuracy.

• Comprehensive Two-Stage Evaluation: A dual-phase frame-
work (LINK and MATCH) that assesses both the linking accuracy
of extracted symptoms and the coherence of their original men-
tions, providing a detailed understanding of model capabilities.

2 RELATEDWORK
2.1 Entity Extraction and Linking
Entity extraction and linking are fundamental tasks in natural lan-
guage processing (NLP) that facilitate the transformation of un-
structured text into structured, actionable data. These tasks are
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widely used in domains such as general text processing, biomedical
information retrieval, and clinical text mining [17].

Entity extraction focuses on identifying relevant entities (e.g.,
people, places, symptoms) in text. Earlier approaches to this task
relied on rule-based systems and statistical models, such as Hidden
Markov Models (HMMs) [3] and Conditional Random Fields (CRFs)
[33]. While these models were effective in specific scenarios, they
struggled with generalizing across diverse contexts and handling
the inherent variability of natural language [21]. The introduction
of deep learning, particularly Recurrent Neural Networks (RNNs)
and Long Short-TermMemory (LSTM) networks, improved the abil-
ity to capture sequential dependencies and contextual nuances [1].
Recently, transformer-based models such as BERT [11] have revolu-
tionized entity extraction by leveraging self-attention mechanisms,
enabling the capture of long-range dependencies and complex con-
textual relationships [34].

Entity linking complements extraction by resolving ambigui-
ties and connecting extracted entities to predefined ontologies or
knowledge bases such as Wikipedia [12], DBpedia [2], or medical
databases like SNOMED [10] and UMLS [4]. Traditional methods
typically employed a two-step approach: extracting handcrafted
features and using entity-ranking models for linking predictions.
These methods were limited by their reliance on labor-intensive
feature engineering and poor generalizability across different KBs
and domains [37]. Modern approaches such as embedding-based
method, powered by models like BERT, have significantly enhanced
linking by mapping textual entities and knowledge base entries into
a shared vector space [6]. Despite advancements, embedding-based
methods still face challenges such as reliance on large annotated
datasets, difficulty generalizing to unseen entities or domains, and
computational inefficiency at scale, while often struggling with
nuanced contextual relationships in specialized domains [37].

In the biomedical domain, extraction and linking tasks are often
addressed independently, overlooking their inherent interdependen-
cies and potential benefits of integrating them. However, combining
both extraction and linking tasks is critical for applications like ICD
coding and adverse event detection, where seamless integration
not only enhances the accuracy but also improves the overall effi-
ciency by providing essential contextual information to each other
[13, 20]. BioBERT-based Named Entity Recognition and Normal-
ization (BERN) [22] marked a milestone in this field by unifying
entity extraction and linking into a single, streamlined framework.
Leveraging a fine-tuned version of BioBERT [23], BERN integrates
these interdependent tasks and eliminates the need for separate
modules, achieving state-of-the-art performance at the time. This
integrated approach laid the groundwork for further advancements
in medical coding. However, significant gaps and challenges remain,
highlighting the need for further investigation.

2.2 Advances in Contextual Models and LLMs
Contextual language models like BERT and its domain-specific
adaptations, such as BioBERT and ClinicalBERT [16], have sig-
nificantly improved tasks involving complex biomedical text. By
incorporating domain-specific pretraining on large biomedical cor-
pora, these models enhanced the accuracy of tasks like symptom
extraction, diagnosis identification, and treatment mapping [18, 28].

Despite these advances, they continued to treat extraction and link-
ing as distinct tasks, requiring additional post-processing steps that
often introduced errors, particularly for ambiguous or infrequent
cases [19]. Moving beyond these limitations, CNN-based architec-
tures such asMultiResCNN [24] further advancedmedical coding by
incorporating residual blocks and multi-resolution filters to capture
complex patterns in clinical notes. However, these models required
explicit alignment of input features with predefined codes, limiting
their adaptability to unseen data or emerging clinical terms.

The emergence of large language models (LLMs) like GPT-3 and
GPT-4 has transformed NLP, enabling the integration of extraction
and linking tasks within a single framework. For example, LLM-
Codex [40] utilized a two-stage pipeline to improve the reliability of
ICD coding predictions, with an LLM in the first stage and a verifier
model in the second stage. Similarly, Boyle et al. [5] proposed a
zero-shot and few-shot ICD coding method using pre-trained LLMs,
framing the task as an information extraction problem and leverag-
ing the hierarchical structure of the ICD ontology for efficient code
assignment. While these approaches demonstrated state-of-the-art
performance, their reliance on predefined hierarchies and focus on
ICD coding distinguishes them from our work.

3 THE SYMPCODER DATASET CREATION
3.1 VAERS Dataset
The Vaccine Adverse Event Reporting System (VAERS) dataset,
managed by the Centers for Disease Control and Prevention (CDC)
and the Food and Drug Administration (FDA), is a critical resource
for monitoring vaccine safety. VAERS operates as a passive report-
ing system where individuals, including healthcare professionals
and the general public, can submit reports of adverse events fol-
lowing immunization. Healthcare professionals must report certain
adverse events, and vaccine manufacturers must report all adverse
events they become aware of. VAERS does not determine causality
but helps detect unusual or unexpected patterns in adverse event
reports that may suggest safety issues, aiding the CDC and FDA
in identifying areas that need more evaluation and assessment.
Since 1990, VAERS has collected millions of reports, each contain-
ing detailed information such as demographics, vaccination details,
descriptions of adverse events, standard symptom lists, and medical
history [8]. This extensive dataset serves as a valuable resource for
medical symptom coding, facilitating ongoing research and anal-
ysis to enhance our understanding of vaccine safety and address
emerging concerns.

3.2 Entity Mention Annotation
We randomly selected 500 VAERS reports (1990–2023) and assem-
bled a team of three annotators plus one validator to ensure accu-
racy. Each report included suggested symptom terms (MedDRA-
encoded), and our annotation process marked all symptom men-
tions related to vaccine adverse events. This approach captures the
variability of symptom expression and yields a robust dataset for
model training and evaluation. The annotation process consists of
two key phases, including annotation and validation, designed
to ensure both thoroughness and accuracy.
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Table 1: Basic Data Statistics of SYMPCODER. Note that “Sug-
gested Symptoms” refers to the labeled symptoms in the
SYMPCODER dataset (not the “suggested list” from VAERS),
and “Extracted Symptoms” are those automatically identified
by LLMs.

Clinical Text Suggested Symptoms Extracted Symptoms

SYMPCODER-Full (# of Reports: 487)
Average Length 843 8 6
Median Length 321 5 5
Min Length 9 1 0
Max Length 11834 105 41
SYMPCODER-Common-50 (# of Reports: 427)
Average Length 873 9 6
Median Length 326 6 5
Min Length 9 1 0
Max Length 11834 105 41
SYMPCODER-Rare-50 (# of Reports: 22)
Average Length 1659 9 8
Median Length 1000 8 7
Min Length 30 2 0
Max Length 8555 30 21

3.2.1 Annotation Phase. The annotation phase was meticulously
carried out by three graduate students selected for their academic
background, annotation skills, English proficiency, and basic clinical
knowledge, ensuring they could handle the linguistic and domain-
specific nuances required for accurate annotation. Each annotator
was responsible for annotating approximately one-third of the total
500 reports for annotations by following a clearly defined set of
guidelines to ensure consistency and reliability across all reports.
During the annotation, (1) the annotators used a home-maintained
data annotation tool designed specifically for this task. This tool
ensured a seamless workflow, focusing solely on adverse events
while disregarding procedural details and negative test results to
eliminate any irrelevant information. (2) Each report was annotated
one label at a time, using a list of suggested terms for symptoms
provided in the original VAERS data, which are encoded according
to the MedDRA terminology. This step-by-step process allowed
the annotators to focus on one potential adverse event at a time,
ensuring accuracy and precision. (3) In cases where annotators
encountered uncertainties or ambiguities in the text, they marked
the annotation as "uncertain" for further validation. This precau-
tionary measure allowed a second layer of scrutiny to improve the
reliability of the dataset.

3.2.2 Validation Phase. The validation phase was conducted by a
senior annotator specializing in natural language processing for
the medical domain, selected for his or her extensive annotation
experience. (1) The validator meticulously reviewed all annota-
tions, especially those marked as "uncertain", to ensure flagged
annotations received additional scrutiny and maintained high data
integrity. (2) For each uncertain annotation, the validator engaged
in discussions with the original annotator to understand their rea-
soning and reach a consensus. Persistent ambiguities were resolved
collaboratively within the team to ensure alignment with the anno-
tation guidelines. (3) When discrepancies or inconsistencies were
identified, the validator suggested revisions, which were reviewed
and discussed with the annotators. Final decisions on adjustments

were made collaboratively to ensure consistency and transparency
throughout the validation process.

The resulting human-annotated dataset, SYMPCODER, stands
as a fundamental benchmark for medical symptom coding tasks.
Beyond its utility in our study, this dataset offers valuable insights
for advancing research in this field and exploring the capabilities
of various methods for symptom coding in future investigations.
This rigorous annotation and validation process ensured high data
integrity and reliability, making SYMPCODER a robust resource
for evaluating the performance of LLMs in the symptom coding
task presented in this study.

3.2.3 SYMPCODER Dataset. We constructed three subsets of the
annotated dataset: SYMPCODER-Full, SYMPCODER-Common-50,
and SYMPCODER-Rare-50 to facilitate focused analyses. These sub-
sets were created to evaluate model performance across symptoms
with different frequencies, targeting variations between common
cases and rare or ambiguous cases. Additional details about the
dataset and project can be found in https://github.com/LEAF-Lab-
Stevens/TACO-Prompting.
• SYMPCODER-Full: This comprehensive dataset includes all
annotated symptommentions from the VAERS reports, providing
a holistic benchmark for symptom extraction and linking tasks.

• SYMPCODER-Common-50: This subset focuses on the 50 most
frequently mentioned symptoms in the dataset. Symptoms were
ranked by their frequency of occurrence within SYMPCODER-
Full. The top 50 symptoms were selected, and reports containing
at least one of these symptoms were included in this subset.

• SYMPCODER-Rare-50: This subset highlights the 50 least fre-
quently mentioned symptoms. Following a similar process to
the Common-50 subset, symptoms were ranked by frequency,
and reports containing at least one of these rare symptoms were
included in this subset.

3.3 Basic Statistics of SYMPCODER
Of the initial 500 annotations, 487 distinct reports remained af-
ter removing 13 uncertain results, which annotators and valida-
tor could not verify as symptoms due to limited domain knowl-
edge or complex contexts. The SYMPCODER datasets, comprising
SYMPCODER-Full, SYMPCODER-Common-50, and SYMPCODER-
Rare-50, provide a robust foundation for further studies. As shown
in Table 1, the SYMPCODER-Full dataset offers a comprehensive
resource, capturing diverse adverse event descriptions with vary-
ing lengths and complexities. Table 1 provides additional details,
such as the average and median lengths of clinical text, suggested
symptoms, and extracted symptoms. These metrics reveal consis-
tent gaps between human-labeled and model-generated symptoms
across all subsets, highlighting the challenges of achieving com-
plete extraction. By focusing on common and rare subsets, the
SYMPCODER-Common-50 and SYMPCODER-Rare-50 datasets pro-
vide targeted benchmarks for evaluating model performance across
both frequent and infrequent adverse events.

Figure 2a shows that most reports in the SYMPCODER-Full
dataset contain between 0 and 10 symptoms, with a sharp decline
for higher counts. A similar trend is observed in Figure 2b for the
SYMPCODER-Common-50 dataset. Figure 2c highlights a steeper
drop after 10 symptoms in the SYMPCODER-Rare-50 dataset, with

https://github.com/LEAF-Lab-Stevens/TACO-Prompting
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Figure 2: Distributions of the number of symptoms for different datasets in SYMPCODER.

Prompting Method Structure

TASI TACO

Clinical Text {'Headaches for 2 weeks tired for 2 weeks sinus congestion for 2
weeks left side of throat sore month.',}

Prompt
Header

First, extract a symptom list
including all symptoms from the

clinical text above
Then, extract the symptoms that
indicating each of the suggested

terms below from
the symptom list in previous step.

Extract the terms mentioned in the
clinical text above that indicating

each of the following terms

Prompt Body

Include the terms in the output even if the terms are not explicitly
mentioned in the provided report, just provide ‘none’ as the result.

 
Please follow the order of this list: {suggested symptom list} and

generate output by following the requirements below:
Requirements:

1. (Define adverse event symptom)
2. (Return "none" for non-symptom terms)
3. (Use JSON as shown in the example)

Output
Instruction

{{"Symptom1": ["redness",
"redness"], "Symptom2":

["fever"], "Symptom3": ["sore",
"arm", "soreness"], "Symptom4":

["heartfailure"]}
{"Erythema": ["redness",

"redness"], "Pain in extremity":
["sore", "arm", "soreness"],

"Pruritus": ["none"]}}

{{"Erythema": ["redness",
"redness"], "Pain in extremity":

["sore", "arm", "soreness"],
"Pruritus": ["none"]}}

Figure 3: The structure of TASI and TACO prompts, detail-
ing clinical input, task instructions, and output format. The
provided output examples are for format demonstration pur-
poses only and do not alignwith the clinical input text, which
is taken from real clinical reports.

a few outliers reaching up to 40 symptoms, reflexting the rarity and
complexity of such cases.

4 THE PROPOSED TACO PROMPTING
This paper evaluates the efficacy of various LLMs in extracting vac-
cine adverse event symptoms from VAERS reports and linking to
formal MedDRA codes in a predefined list. To address this task, we
designed Task as Context (TACO) prompting, a novel prompting
method that integrates symptom extraction and linking into a uni-
fied framework. By embedding the interrelated tasks within a single
prompt, TACO leverages the broader task context to enhance model
performance and adaptability for automated symptom coding. To
benchmark its effectiveness, we also designed Task as Sequential
(TASI), which separates both tasks into distinct phases, allowing for

a comparative analysis of the two approaches. Throught this com-
parison, our study highlights how embedding interrelated tasks,
as proposed by the Task as Context strategy, enhances the perfor-
mance and adaptability of LLMs for automated medical symptom
coding.

4.1 Task as Context Prompting
4.1.1 Inspiration. The Task as Context concept, originally de-
signed for annotation workflows with non-experts involving inter-
dependent tasks, emphasizes leveraging contextual relationships
to improve accuracy and adaptability. This strategy integrates re-
lated tasks into a single process, reducing inefficiencies and error
propagation [25]. In the context of symptom coding, two highly
interdependent tasks, symptom extraction and linking symptoms
to standardized codes, are traditionally solved independently. How-
ever, this modular approach suffers from limitations, including
the loss of contextual cues between tasks, error propagation from
one task to another, and scalability challenges due to the need for
separate training processes.

Inspired by the Task as Context strategy, we address these limi-
tations by designing TACO prompting, which explicitly embeds the
interdependence of extraction and linking into a unified prompting
framework. TACO integrates the tasks within the prompt, enabling
simultaneous learning and execution. By treating the two tasks
holistically, our approach improves contextual understanding, min-
imizes error propagation, and enhances both accuracy and scala-
bility, providing a streamlined and adaptive solution for symptom
coding challenges.

4.1.2 TACO Prompting Design. To clearly present the structure
of TACO prompting, we outline its four core components in Figure
3.
• Clinical Text: The clinical text serves as the raw, unstructured
input data from the VAERS reports. It mirrors real-world scenar-
ios where models must process free-text narratives to extract
and link relevant symptoms. This component provides the con-
text required for understanding the input data and serves as the
foundation for subsequent tasks.

• Prompt Header: The prompt header provides explicit instruc-
tions for task execution. In TACO, this component integrates
both symptom extraction and linking tasks into a single step. It
instructs the model to directly extract symptoms from the clinical
text and map them to the provided suggested terms, leveraging
the broader task context. In contrast, the benchmark prompt
TASI separates these tasks into two distinct phases, requiring the
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model to first extract all symptoms and subsequently link them
to suggested terms.

• Prompt Body: The prompt body contains detailed guidelines
for task execution and ensures that both tasks are carried out
as intended. For TACO, the instructions guide the model to si-
multaneously address symptom extraction and linking, thereby
reducing redundancy and improving efficiency. TASI, however,
employs sequential instructions, where symptom extraction is
followed by linking. This distinction reflects the core advantage
of TACO, which embeds the broader task context into a cohesive
framework to improve task understanding and execution.

• Output Instruction: The output instruction specifies the ex-
pected output format to ensure consistency and clarity. Both
TACO and TASI utilize a structured JSON format; however, their
approaches differ. In TACO, the format unifies the output by
directly mapping symptoms to suggested terms, aligning with its
integrated task-solving approach. In TASI, the output separates
extraction and linking results, reflecting its sequential methodol-
ogy. The inclusion of illustrative examples further clarifies the
expected output structure for the model.
To comprehensively evaluate the effectiveness of TACO, we com-

pare it against the benchmark prompt TASI, which adheres to tra-
ditional sequential task-solving methodologies. While TASI serves
as a baseline, TACO’s integrated and context-rich design seeks to
overcome the limitations of traditional approaches by streamlining
task execution and enhancing contextual understanding.

4.1.3 Model Output Distillation and Evaluation Tasks. To
address inconsistencies in model outputs, we incorporate a post-
processing pipeline during the model output distillation phase,
leveraging Regular Expression (regex) [38] syntax to systemati-
cally capture the information needed. These inconsistencies in-
clude incomplete model outputs, unnecessary descriptive text at
the beginning of responses, and nonsensical outputs that deviate
from task requirements. The distillation process ensures unifor-
mity and precise extraction of relevant information from the varied
responses generated by LLMs. As shown in Figure 1, the TACO
outputs undergo this refinement step, eliminating irrelevant details
and preparing them for structured evaluation.

The evaluation phase comprises two stages. In the first stage,
known as Linking Integrity and Knowledge (LINK), we assess the
models based on how accurately they link extracted symptoms to
the corresponding terms from the Suggested List. In this stage, as
Figure 1 shows, the model must first identify the correct symptoms
(e.g., "injection site erythema," "vomiting") from the clinical text
using the distilled output from the previous phase. The focus here
is on ensuring that each relevant symptom has been accurately
identified and linked to the correct terminology. This stage evaluates
the model’s ability to extract and link adverse events, providing
insights into how well it handles clinical information within the
context of symptom extraction.

In the second stage, termed Mention Accuracy and Textual
Coherence (MATCH), the focus shifts to the quality of the original
mentions generated by the model for each linked symptom. As
depicted in Figure 1, this involves comparing the generated model
results to the human-annotated gold standard in terms of speci-
ficity and precision. For example, while LINK verifies if the model

has correctly linked "injection site erythema," MATCH evaluates
whether the model-generated mention—such as "redness at the
injection site"—is semantically similar to the original clinical report,
which is annotated simply as "redness." This two-tiered evaluation
provides a deeper analysis of how well the models not only identify
but retain the original context and details from the clinical text.

4.2 Benchmark LLMs
We aim to harness the capabilities of several cutting-edge Large
Language Models (LLMs) for the extraction and linking of adverse
events on the SYMPCODER dataset. Each model offers unique
strengths and characteristics, making them suitable for various
aspects of this complex task.

• Jackalope-7b [26]: The smallest open-sourced model in our
investigation, Jackalope-7b is fine-tuned by SlimOrca using sev-
eral open datasets on top of Mistral 7B. Despite its smaller size,
Jackalope-7b is optimized for specific NLP tasks and demonstrates
a balanced trade-off between performance and computational
efficiency. Its architecture allows for quicker adjustments and
fine-tuning, making it particularly effective in scenarios requiring
high precision within a smaller model footprint.

• Llama2-13b-chat [39]: Developed by Meta AI, Llama2-13b-chat
is a medium-sized model based on the widely recognized Llama2.
Known for its advanced natural language understanding ca-
pabilities, Llama2-13b-chat is designed to handle complex lan-
guage tasks with a focus on generating human-like responses. Its
medium size strikes a balance between computational demand
and performance, making it a versatile choice for a variety of
NLP applications.

• GPT-3.5-Turbo [29]: An efficient variant of OpenAI’s GPT-3,
GPT-3.5-Turbo is designed to excel in natural language processing
tasks with optimized performance. It leverages the strengths of
GPT-3 while incorporating enhancements that improve response
coherence, accuracy, and efficiency. This model is well-suited
for applications requiring robust language comprehension and
generation capabilities.

• GPT-4-Turbo [30]: An enhanced version of GPT-3.5-Turbo, GPT-
4-Turbo offers comprehensive improvements in terms of model
architecture, training data diversity, and computational efficiency.
It is designed to handle more complex language tasks with greater
accuracy and faster response times. GPT-4-Turbo’s advancements
make it a powerful tool for sophisticated NLP applications, in-
cluding detailed extraction and linking tasks.

• GPT-4o [31]: A faster and more cost-effective variant of GPT-
4-Turbo, GPT-4o provides efficient performance at a reduced
cost. It retains many of the advanced features of GPT-4-Turbo
while optimizing for speed and resource utilization. GPT-4o is
particularly advantageous in environments where computational
resources are limited, but high performance is still required. Its
ability to balance cost and efficiency makes it a practical choice
for extensive NLP tasks.

5 EXPERIMENTS
Based on the SYMPCODER dataset, three research questions (RQs)
are studied in this paper, including
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Table 2: LINK stage results assessing the accuracy of linking extracted symptoms to standard medical codes. Bold values indicate
the best performance for each prompting method, while italic values show the overall best performance across methods.

Prompt
Type

Models EM-
Precision

EM-Recall Fuzzy-
Precision

Fuzzy-
Recall

EM-Fuzzy-
Precision

EM-Fuzzy-
Recall

Jackalope-7b 0.874 0.841 0.876 0.843 0.877 0.844
Llama-2-13b-chat 0.765 0.582 0.769 0.584 0.772 0.585

TASI gpt-3.5-turbo 0.838 0.814 0.846 0.821 0.853 0.827
gpt-4-turbo 0.887 0.867 0.892 0.872 0.895 0.875
gpt-4o 0.912 0.896 0.918 0.899 0.921 0.902

Jackalope-7b 0.763 0.827 0.767 0.831 0.774 0.840
Llama-2-13b-chat 0.886 0.875 0.893 0.881 0.902 0.891

TACO gpt-3.5-turbo 0.844 0.867 0.844 0.867 0.847 0.869
gpt-4-turbo 0.999 0.998 0.999 0.998 0.999 0.998
gpt-4o 0.995 0.994 0.997 0.995 0.999 0.996

Table 3: MATCH stage results assessing the quality and semantic ac-
curacy of original symptom mentions extracted by different models.
Bold values indicate the best performance for each prompting method,
while italic values show the overall best performance across methods.

Prompt
Type

Models BLEU Fuzzy OpenAI
Similarity

Jackalope-7b 0.238 0.728 0.604
Llama-2-13b-chat 0.197 0.638 0.501

TASI gpt-3.5-turbo 0.320 0.725 0.665
gpt-4-turbo 0.377 0.770 0.721
gpt-4o 0.382 0.788 0.725

Jackalope-7b 0.182 0.621 0.501
Llama-2-13b-chat 0.214 0.717 0.541

TACO gpt-3.5-turbo 0.300 0.710 0.625
gpt-4-turbo 0.465 0.862 0.775
gpt-4o 0.435 0.856 0.766

(1) RQ1: How do the TACO and TASI prompting strategies impact
the performance of LLMs in the symptom coding task?

(2) RQ2: How do different LLMs perform on the symptom coding
task when evaluated with the same prompt design?

(3) RQ3: How do LLMs perform on the top 50 common and rare
symptom datasets, and how does performance vary across these
cases?

5.1 Experimental Setting
5.1.1 Dataset Description. In the evaluation, we utilized the SYM-
PCODER dataset, comprising SYMPCODER-Full, SYMPCODER-
Common-50, and SYMPCODER-Rare-50, as introduced in Section
3. These subsets enable comprehensive evaluation of LLM perfor-
mance across both frequently and infrequently observed symptoms,
providing insights into model robustness and adaptability. More
details on the dataset and its creation can be found in Section 3.

5.1.2 Evaluation Metrics. The evaluation metrics used to assess
model performance are structured according to the two stages of
the evaluation process defined in Section 4.1.3. Across both stages,
we employ the following metrics: Exact Match (EM) [36], Fuzzy

Match [9], Precision [14], Recall [14], BLEU Score [32], and Co-
sine Similarity [35]. Each metric provides a unique perspective on
the models’ performance in extracting and linking adverse event
symptoms and their original mentions.

In the first stage (LINK), the evaluation focuses on term linking,
with Exact Match (EM), Fuzzy Match, Precision, and Recall serving
as the primary metrics. EM measures accuracy by verifying if the
extracted terms exactly match the human-annotated terms. Fuzzy
Match accounts for minor discrepancies by allowing approximate
matches between terms. The combined EM and Fuzzy Match ap-
proach is applied ultimately, where Exact Match is followed by
Fuzzy Match for unmatched terms, ensuring a more comprehensive
and accurate evaluation. Precision and recall metrics quantify the
accuracy and completeness of term linking, providing insights into
the models’ ability to capture and associate relevant terms with
their respective medical codes.

In the second stage (MATCH), the evaluation centers on the
quality of the original mentions generated by the models. we assess
mention quality using BLEU, Fuzzy Match, and Cosine Similarity-
measuring n-gram precision, tolerating minor wording differences,
and evaluating semantic coherence via vector embeddings, respec-
tively. The embeddings for cosine similarity are derived from Ope-
nAI Embedding models, ensuring robust semantic comparisons.

5.1.3 Implementation Details. In our model implementation, we
utilized the Jackalope-7B and Llama2-13B architectures, employing
models sourced from The Bloke via Huggingface. Additionally, for
GPT models, we accessed OpenAI APIs to obtain embeddings and
inference results. To regulate the output length, we configured the
parameter max_new_token to a value of 256, while adjusting the
temperature within the range of 0.3 to 0.5 to optimize performance.
Our experiments were conducted on hardware comprising two
Nvidia RTX A5000 GPUs with 298.5GB disk space and 104GB RAM.
The processing time for each model, spanning from obtaining in-
ference results to generating evaluations, remained within 2 hours,
ensuring timely and efficient execution.
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Figure 4: Common Rare Case Analysis with TASI Prompting on SYMPCODER

Precision Recall0.4

0.5

0.6

0.7

0.8

0.9

1.0

Sc
or
e

Jackalope-7b
Llama2-chat-13b
GPT-3.5-Turbo
GPT-4-Turbo
GPT-4o

(a) Top 50 TACO Prompting
Precision Recall0.4

0.5

0.6

0.7

0.8

0.9

1.0
Sc

or
e

Jackalope-7b
Llama2-chat-13b
GPT-3.5-Turbo
GPT-4-Turbo
GPT-4o

(b) Bottom 50 TACO Prompting
Top50 Bottom500.3

0.4

0.5

0.6

0.7

0.8

Sc
or
e

Jackalope-7b
Llama2-chat-13b
GPT-3.5-Turbo
GPT-4-Turbo
GPT-4o

(c) Similarity TACO Prompting

Figure 5: Common Rare Case Analysis with TACO Prompting on SYMPCODER

5.2 Experimental Results
5.2.1 Prompt Variation (RQ1). To investigate the capacities of
TACO prompting method, we compare TACO and TASI perfor-
mances across both stages of evaluation. The results from Table 2
and Table 3 consistently demonstrate TACO’s overall superiority in
enhancing performance across most models in handling complex
linking and extraction tasks.

In the LINK stage shown in Table 2, TACO achieves higher pre-
cision and recall scores for most models, with GPT-4o and GPT-4-
Turbo consistently leading in performance. These results underline
TACO’s ability to handle complex linking tasks effectively. However,
Jackalope-7b exhibits a unique trend, where TASI slightly outper-
forms TACO for precision. This anomaly suggests that smaller
models like Jackalope-7b may benefit from the sequential nature of
TASI due to their limited capacity to handle the integrated context
provided by TACO.

In the MATCH stage displayed in Table 3, TACO continues to
outperform TASI across BLEU, fuzzy match, and similarity scores,
particularly for advanced models like GPT-4o and GPT-4-Turbo.
For instance, GPT-4-Turbo achieves a BLEU score of 0.465 and
a fuzzy match score of 0.862, showcasing its ability to generate
coherent and accurate mentions under TACO prompting method.
However, models such as GPT-3.5-Turbo and Jackalope-7b exhibit a
slight decline in BLEU and similarity scores with TACO. While the
reasons for this decline are not entirely clear, it suggests potential
limitations in how these models process the additional context
provided by TACO.

Overall, TACO emerges as the more effective strategy, partic-
ularly for advanced LLMs like GPT-4o and GPT-4-Turbo, which
leverages its integrated design to achieve robust and accurate perfor-
mance. The results reaffirm TACO’s ability to streamline complex

tasks and enhance both precision and recall, making it a superior
prompting method for our task.

5.2.2 Model Performance (RQ2). To evaluate the impact of
different LLMs on vaccine adverse symptom coding, we compared
their performance across two evaluation stages: the LINK stage
and the MATCH stage. As shown in Tables 2 and 3, advanced
LLMs such as GPT-4-Turbo and GPT-4o consistently outperform
smaller models like Jackalope-7b and Llama2-13b, demonstrating
their superior ability to handle the complexities of coding vaccine
adverse symptoms.

In the LINK stage, which evaluates how well models align symp-
toms with suggested terms, GPT-4-Turbo achieves near-perfect
scores under TACO prompting, with an EM Precision of 0.999 and
EM Recall of 0.998, reflecting its ability to both accurately and
comprehensively code symptoms. Similarly, GPT-4o achieves ex-
ceptional performance under TASI prompting, with the highest
EM-Fuzzy Precision (0.921) and EM-Fuzzy Recall (0.902). These
results highlight the advanced contextual understanding of these
models, enabling them to reliably handle the linking of symptoms
to standardized terms.

In the MATCH stage, which assesses the semantic accuracy and
coherence of original mentions, GPT-4-Turbo again leads under
TACO prompting with a BLEU score of 0.465 and a cosine similar-
ity score of 0.775. These findings confirm that advanced models
not only excel at linking symptoms to standardized terms but also
maintain semantic accuracy and coherence in their outputs. In con-
trast, smaller models like Jackalope-7b and Llama2-13b demonstrate
consistently lower performance, with Jackalope-7b showing signif-
icant difficulty in generating coherent mentions, particularly under
TACO prompting.
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Table 4: Original Mention vs Model Output from GPT4-turbo. This table compares human-annotated and model-extracted
symptoms for six selected standard symptoms, with three examples each randomly chosen from the top 50 common and rare
symptoms. The counts in parentheses indicate the frequency of mentions for each term.

Standard Symptoms Human Annotated Symptoms Model Extracted Symptoms

Fatigue fatigue (59), tiredness (20), exhaustion (3) fatigue (55), tiredness (23), exhaustion (6), weakness (3),
wiped out (1)

Pyrexia pyrexia (9), fever (102), elevated/inc temp (1) pyrexia (2), fever (108), elevated/inc temp (1), low grade
temp (1), Temp of 103 degrees (3)

Dizziness Dizziness (33), light headed (5), woozy (2), ver-
tigo (2)

Dizziness (33), light headed (5), woozy (2), wobbly legs (1)

Eye Irritation eye irritation (1), burning eyes (1) burning eyes (1)
Facial Spasm facial muscle spasm (1) facial muscle spasm (1)

Blister blisters (1), blister (1) blisters (1)

An interesting observation is the relative performance of Jackalope-
7b, which surpasses Llama2-13b in the LINK stage under TASI. This
unexpected trend could stem from Jackalope-7b’s simpler archi-
tecture and focused training, which might align better with the
structured nature of TASI prompts. However, this advantage dimin-
ishes in the TACO scenario, where the added contextual complexity
benefits more advanced models like GPT-4-Turbo and GPT-4o. This
suggests that larger and more advanced LLMs are better equipped
to handle the challenges of contextual integration inherent in TACO
prompting.

Overall, the results demonstrate that GPT-4-Turbo and GPT-4o
are the most effective models for vaccine adverse symptom coding.
Their advanced architectures and contextual capabilities enable
them to achieve consistently high performance across both evalua-
tion stages, making them the most reliable choices for addressing
the complexities of this task.

5.2.3 Common Rare Symptoms Analysis (RQ3). To evaluate
the performance of LLMs on datasets containing the top 50 most
common and bottom 50 least common symptoms, we conducted
analyses using both TASI and TACO prompting methods. Figures
4 and 5 provide insights into how models handle frequent versus
infrequent adverse symptoms, with a focus on model performance
under each prompting strategy before comparing the methods.

Under TACO prompting, as shown in Figure 5, models like GPT-
4o and GPT-4-Turbo consistently exhibit higher precision and recall
for the top 50 most common symptoms (Figure 4a). This demon-
strates their ability to accurately and comprehensively capture
frequent symptoms due to their advanced architectures and exten-
sive training. However, for the bottom 50 least common symptoms
(Figure 4b), performance varies more significantly. GPT-4-Turbo
maintains relatively robust recall and precision, while GPT-4o and
Llama2-13b-chat experience a noticeable decline in both metrics.
This decrease suggests that rare symptoms, despite their distinctive-
ness, are challenging to extract consistently under TACOprompting,
likely due to their sparse representation in training data. The simi-
larity scores (Figure 4c) further support these observations, with
GPT-4o and GPT-4-Turbo achieving the highest semantic accuracy

for both common and rare symptoms, while smaller models like
Llama2-13b-chat perform less effectively.

Under TASI prompting, as depicted in Figure 4, similar trends
emerge, but the recall values for rare symptoms exhibit a sharper
decline compared to TACO prompting (Figure 5b). For the top 50
most common symptoms (Figure 5a), all models maintain high
precision, with GPT-4o and GPT-4-Turbo again leading in recall.
However, for the bottom 50 rare symptoms, recall values decrease
more dramatically for models like Llama2-13b-chat and GPT-4o,
indicating that TASI’s sequential structure is less effective at cap-
turing rare terms. Precision scores for rare symptoms also decline
under TASI, although not as significantly as recall. The similarity
scores (Figure 5c) show consistent results, with GPT-4o and GPT-4-
Turbo outperforming smaller models, particularly in the rare case
analysis.

When comparing the two prompting methods, TACO consis-
tently demonstrates advantages over TASI for capturing common
symptoms, with higher recall and precision for most models. For
rare symptoms, TACO prompting provides better consistency in
recall and precision across advanced models like GPT-4-Turbo and
GPT-4o, although challenges remain for smaller models. The inte-
grated contextual design of TACO prompting likely allows models
to handle both frequent and infrequent patterns more effectively,
while TASI’s sequential structure introduces limitations, particu-
larly for rare cases.

Overall, the comparison reveals that advanced models such as
GPT-4o and GPT-4-Turbo consistently outperform smaller models
under both prompting methods. However, TACO prompting offers
clear advantages in handling the variability of both common and
rare adverse symptoms, highlighting its effectiveness as a strategy
for vaccine adverse symptom coding tasks.

5.2.4 Case Study: CommonvsRareMention. Table 4 evaluates
the ability of GPT-4 Turbo to capture common and rare terms in
clinical text. The selected terms—"Eye Irritation," "Facial Spasm,"
"Blister," "Fatigue," "Pyrexia," and "Dizziness"—are derived from the
top 50 (common) and bottom 50 (rare) terms in the dataset. This
selection provides a balanced analysis of the model’s performance
across varying levels of term frequency.
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Table 5: Illustrative Example of Model Prediction Comparison. This table compares the outputs of various models against
the gold labels for a selected VAERS report, illustrating the models’ abilities to identify and link symptoms from the given
text description to standardized terms. Text in the same color refers to the same symptom, while red text indicates incorrect
predictions compared to the gold labels.

Text Descriptions 24 hours after vaccines had temp of 103.2 degrees. Gave Tylenol. On Tues., lack of appetite. On Wed, blotchy rash on face &
body. On Thurs, rash lessened. On Fri, no rash. Fever lasted about 24 hours. Has had cold for approx. 3 weeks/runny nose,
occasional fever). Directed to inform physician of vaccines and events.

Gold Labels Pyrexia: [Fever], Decreased appetite: [lack, of, appetite], Rhinorrhoea: [weeks/runny, nose], Rash: [blotchy, rash, on, face, &
body], Rash macular: [blotchy, rash]

Model Output

Jackalope-7b Pyrexia: [fever, temp of 103.2 degrees, lack of appetite, on thursday, no rash, on friday], Decreased appetite: [on tuesday, on
wednesday, on friday], Rhinorrhoea: [cold for approx. 3 weeks/runny nose], Rash: [blotchy rash on face & body, on wednesday,
on thursday, on friday], Rash macular: [rash on face & body, rash on wednesday, rash on thursday, rash on friday]

Llama2-chat-13b Pyrexia: [fever], Decreased appetite: [lack of appetite], Rhinorrhoea: [none], Rash: [blotchy rash, rash lessened, no rash], Rash
macular: [none]

GPT-3.5-Turbo Pyrexia: [temp, fever], Decreased appetite: [lack of appetite], Rhinorrhoea: [cold, runny nose], Rash: [blotchy rash], Rash
macular: [none]

GPT-4-Turbo Pyrexia: [temp of 103.2 degrees, Fever lasted about 24 hours], Decreased appetite: [lack of appetite], Rhinorrhoea: [runny
nose], Rash: [blotchy rash on face & body], Rash macular: [none]

GPT-4o Pyrexia: [temp of 103.2 degrees, fever lasted about 24 hours, occasional fever], Decreased appetite: [lack of appetite], Rhinor-
rhoea: [runny nose],Rash: [blotchy rash on face & body, rash lessened, no rash], Rash macular: [none]

For common terms like "Fatigue" and "Dizziness," GPT-4 Turbo
enriched its outputs with additional contextual details, such as
"wiped out" for "Fatigue" and "wobbly legs" for "Dizziness." While
this demonstrates the model’s ability to infer related terms, the over-
generalization occasionally introduced extraneous phrases that de-
viated from the original clinical mention. In the case of "Pyrexia," the
model generated descriptors such as "low-grade temp" and "temp
of 103 degrees," which, while adding specificity, risked fragmenting
data due to overly detailed outputs.

Rare terms, on the other hand, posed greater challenges. For
example, "Eye Irritation" was simplified to "burning eyes," reflecting
a preference for informal phrasing over formal clinical terminology.
Similarly, terms like "Facial Spasm" and "Blister" were extracted
correctly but lacked variation, suggesting limited diversity in the
model’s outputs for rare terms. These issues may stem from the
sparse representation of rare cases in the training data, causing the
model to favor familiar informal phrases and rely on heuristics that
prioritize common terms over rare, specific ones.

In summary, GPT-4 Turbo performs well with common terms but
struggles to preserve formal phrasing for rare ones. This reliance
on sparse data underscores the need to refine prompts and add
post-processing to better handle underrepresented terms.

5.2.5 Case Study: Mention Discrepancy. Table 5 compares
outputs from five models(Jackalope-7b, Llama2-chat-13b, GPT-3.5-
Turbo, GPT-4 Turbo, and GPT-4o) with gold-standard annotations,
revealing significant differences in capturing nuanced and rare
mentions.

Advanced models like GPT-4 Turbo and GPT-4o consistently pro-
vided detailed and contextually enriched outputs. For instance, GPT-
4o added specific details such as "occasional fever," closely aligning
with the gold standard while offering richer context. Jackalope-7b,
on the other hand, tended to over-annotate by introducing temporal

phrases like "on Wednesday" and "on Friday," which, while detailed,
often introduced unnecessary noise. Llama2-chat-13b struggled
significantly, failing to identify certain mentions, particularly less
frequent ones like "Rash Macular," highlighting its limitations in
capturing rare or complex terms.

For common terms like ’Decreased Appetite,’ all models except
Jackalope-7b closely matched the gold standard. However, per-
formance on rare terms like ’Rash Macular’ varied: Jackalope-7b
offered multiple details, while Llama2-chat-13b and GPT-3.5-Turbo
often returned ’none.’

This analysis reinforces a clear trend: higher-capacity models
generally excel in capturing nuanced terms, whereas smaller models
struggle with rare and complex ones. Even the most advanced
models miss infrequent terms occasionally, highlighting an ongoing
need for refined prompting strategies and post-processing pipelines
to ensure clinical relevance and consistency.

6 CONCLUSIONS
In this paper, we addressed the challenges of accurate symptom cod-
ing from unstructured clinical data, particularly focusing on the nu-
anced extraction and linking of symptoms in vaccine safety reports
such as those in VAERS. To benchmark the performance of LLMs on
this tailored task, we introduced SYMPCODER, a human-annotated
dataset that captures both common and rare symptoms, providing
a robust foundation for evaluating adverse event extraction and
linking tasks. Our proposed TACO prompting framework unifies
symptom extraction and linking into a single process, significantly
improving contextual accuracy and reducing information loss typi-
cally associated with traditional separate workflows. In addition, we
introduced a two-stage evaluation framework, comprising the LINK
and MATCH phases, which enables a detailed assessment of model
performance by focusing on both symptom linking and original
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mention matching. This framework revealed key differences in how
models handle common versus rare symptoms, offering a nuanced
understanding of LLM capabilities. Through extensive experiments
with several state-of-the-art LLMs, we demonstrated the superior
performance of TACO, emphasizing the impact of task-specific
prompt design on model accuracy. Our findings not only highlight
the effectiveness of TACO prompting in enhancing model perfor-
mance but also underscore its potential as a flexible framework
for developing tailored coding tasks in clinical natural language
processing. Future work will explore broader applications of TACO,
aiming to develop more innovative and impactful solutions in the
medical field.
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