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ARTICLE INFO ABSTRACT

Keywords: Background: Phenotyping, the process of systematically identifying and classifying conditions within clinical
Phenotyping data, is a crucial first step in any data science work involving Electronic Health Records (EHRs). Traditional
Multimorbidity approaches require extensive manual annotation efforts and face challenges with scalability.

Zero-shot learning

Methods: We investigated the use of Large Language Models (LLMs) for zero-shot phenotyping of 20 prevalent
Large language models

chronic conditions based on synthetic patient summaries generated from real structured EHRs codes. We
evaluated the performance of multiple LLMs, including GPT-40, GPT-3.5, and LLaMA 3 models with 8-billion,
70-billion, and 405-billion parameters, comparing them against traditional rule-based methods. For the analysis
we used a dataset of 1,000 patients from Hospital da Luz Lisboa.

Results: GPT-40 outperformed both traditional rule-based methods and alternative LLMs, achieving superior
recall (0.97) and macro-F1 score (0.92). Rule-based phenotyping, while highly precise (0.92), showed lower
recall (0.36). The integration of rule-based methods with LLMs optimized phenotyping accuracy by targeting
manual annotation efforts on discordant cases.

Conclusion: Zero-shot learning with LLMs, particularly GPT-4o, offers a powerful and efficient approach for
phenotyping chronic conditions from EHRs, significantly reducing the need for extensive labeled datasets while
maintaining high accuracy and interpretability.

1. Introduction Phenotyping, the process of identifying patients with observable
traits or characteristics of interest, involves more than just assigning

Multimorbidity, defined as the coexistence of multiple conditions
within the same individual, is increasingly recognized as a critical
public health issue [1]. The term implies the coexistence of at least two
chronic conditions, though the aim is often to capture more complex

patients with high needs [2,3]. Although there is no consensus on a list

a list of codes to a patient record. It requires extracting clinically
relevant features from patient data to create cohorts with specific
characteristics [7,8]. Rule-based approaches, which rely on iterative
queries and clinical expertise to map variables of interest, are highly

of chronic conditions to be included in the definition, studies commonly
suggest analyzing dozens of broad-level categories of conditions [4,5].
Electronic Health Records (EHRs) provide a comprehensive, longitudi-
nal view of patient health, capturing detailed information on multiple
conditions, treatments, and outcomes, thus serving as a valuable data
source for epidemiological and clinical research of multimorbidity.
However, their analysis poses several challenges, such as the incom-
pleteness of records, differing terminologies for concepts, heterogeneity
of data standards, and abundant unstructured data, such as clinical text,
which presents additional challenges for analysis [6].

interpretable but time-consuming to code, hard to maintain, and prone
to biases [7,9]. Traditional machine learning methods, particularly
supervised learning, reduce expert effort but require high-quality la-
beled data, which is often difficult to obtain [10]. Deep learning
techniques, which use representation learning to reduce the need for
extensive supervision, have advanced data-driven phenotyping and
disease subtyping. However, their clinical implementation faces chal-
lenges due to difficulties in assessing algorithm accuracy and ensuring
interpretability [11-13].
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In recent years, Transformer-based machine learning models, have
become the state-of-the-art in natural language processing (NLP) [14].
Among them, large language models (LLMs), which are complex deep
learning models trained on vast text corpora, have achieved remarkable
performance across benchmarks in several different NLP tasks [15]. In
the medical domain, LLM-based chatbots have already shown remark-
able capabilities in tasks like clinical text summarization and answering
questions on medical licensing exams [16,17]. A few studies have ex-
plored the use of general domain-trained or medically domain-trained
language models for phenotype extraction, primarily utilizing encoder-
based models like BERT [18]. While this approach has improved over
previous methods, it still requires significant data labeling and fine-
tuning, which can become problematic when multiple phenotypes are
needed or in the presence of rare phenotypes.

A few recent works have begun to explore the use of larger decoder-
based models for phenotype extraction from EHRs without the need
for extensive fine-tuning on annotated data. Alenszer et al. showed the
usefulness of Flan-T5 model to perform zero-shot extraction of obstetric
phenotypes-[19]. Wei et al. introduced a two-step framework in which
GPT-4 drafts phenotyping SQL queries of EHR data organized under the
Observational Medical Outcomes Partnership (OMOP) Common Data
Model (CDM) [20]. Subsequent expert validation is still required to
resolve logical inconsistencies in inclusion and exclusion criteria, but
this hybrid approach reduced development time by up to 40%. Further
studies demonstrated that through more advanced prompt engineering,
such as chain-of-thought reasoning, hallucinations could be reduced
and phenotyping performance improved even in scenarios where train-
ing examples are rare or absent [21]. Despite these advancements,
research has largely focused on a limited range of phenotyping cases
without systematic evaluation across conditions [22,23], while the
integration of LLMs into traditional workflows to optimize annotation
and large-scale extraction remains underexplored.

In this work, we propose using zero-shot learning for phenotyping
EHR data, leveraging state-of-the-art LLMs to classify a wide range of
chronic conditions without extensive labeled datasets. This approach
reduces manual annotation compared to traditional rule-based meth-
ods, which, although sensitive, often lack specificity. Our contributions
include: (1) the first comprehensive evaluation of zero-shot LLM-based
clinical phenotyping across multiple chronic conditions; (2) an in-
novative hybrid method that combines rule-based techniques with
LLM predictions to optimize annotation efforts; (3) detailed analy-
ses of model confidence and rationale generation, offering new in-
sights into LLM interpretability in clinical applications; and (4) a novel
evaluation of fairness and bias across demographic subgroups. Unlike
previous studies that focused on specific conditions or required exten-
sive fine-tuning, our method demonstrates robust performance without
condition-specific training data.

2. Methods

This study involved a multi-step process, as shown in the flowchart
in Fig. 1. It included data extraction from EHRs converted into the
OMOP CDM, data sampling, synthetic patient summary generation,
rule-based dictionary creation, prompt development, phenotyping eval-
uation, annotation of discordant cases and assessment of classification
metrics.

2.1. Data preprocessing

The data used in this study was sourced from Hospital da Luz Lisboa,
the largest private hospital in Portugal and a major medical institution
in Lisbon [24]. The dataset includes anonymized patient data spanning
from 2007 to 2023 that was extracted from various hospital systems
and then transformed to conform to the OMOP CDM version 5.4. The
OMOP CDM data was produced within IntelligentCare, a project that
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aimed to develop a patient-centric solution for managing multimorbid-
ity using analytical methods to explore EHR data and patient-reported
measures, leveraging smart sensors and mobile solutions [25].

We generated synthetic patient summaries from the text descrip-
tions of OMOP codes for conditions, procedures, laboratory measure-
ments, and drug tables, along with demographic variables in EHRs (see
Fig. 1). We retrieved the text descriptions associated to every OMOP
code to obtain clinical texts in English and created structured JSON
files that are both human-readable and facilitate further processing (an
example is provided in Fig. 2). The data is organized by pseudonymized
patient ID and sex, with events listed in the chronological order, based
on the patient’s age at the time. Each event includes details such as
event ID, date, conditions, procedures, laboratory measurements, and
drug prescriptions. This structured format allows for a comprehensive
view of each patient’s medical history, making it suitable for both
manual review and machine learning applications (see Fig. 3).

The data preprocessing and transformation were performed us-
ing Pyspark in Azure Databricks. The prompting and evaluation was
conducted using Python 3.8.

2.2. Chronic conditions analyzed and rule-based dictionary creation

A group of six physicians from different specialties (Internal
Medicine, Intensive Care, Cardiology and Clinical Pharmacology), each
with more than 10 years of clinical expertise, initially selected a list of
chronic conditions through a consensus. The final list of 55 conditions
was consistent with other reported lists in the literature [4,26]. Due to
feasibility and budget constraints, we focused on the 20 most prevalent
conditions on the overall dataset. For each of these conditions, we
built a comprehensive dictionary encompassing conditions, procedures,
laboratory measurements, and drug prescriptions. We used Obser-
vational Health Data Science and Informatics (OHDSI) standardized
vocabularies and comprehensive terminologies to define condition
and procedure codes (standard OMOP concept ids) for each chronic
condition, ensuring that all descendant codes were included in the
definition. For drug prescriptions, we adapted a previously published
mapping from Anatomical Therapeutical Chemical classification system
(ATC) codes to conditions [27]. Additionally, heart failure, diabetes
mellitus, hyperlipidemia, and anemia were mapped from laboratory
measurements according to standard definitions. The final dictionary
is included in Appendix.

2.3. Models assessed and prompting strategies

2.3.1. Data selection

Given the highly sparse nature of EHRs, where only a small fraction
of patient records mention chronic conditions, we first filtered the
dataset to include only patients flagged as having at least one of the
55 conditions defined in our dictionary-based rules. This step ensured
that our analysis focused on a clinically relevant subset of patients.
From this pre-filtered cohort, we then randomly sampled 1,000 adult
patients for further analysis. These 1,000 patients collectively had
17,543 clinical events, each of which was evaluated for the presence of
a specific subset of 20 chronic conditions, resulting in 20,000 separate
evaluations. This sampling strategy balanced the need for a repre-
sentative dataset with the feasibility of manual annotation and the
computational cost of LLM evaluations.

2.3.2. Prompt development

Zero-shot learning is a paradigm where models generalize to new
tasks without additional task-specific training, relying solely on their
pre-existing knowledge [28]. Leveraging this capability through prompt
learning, we developed a structured prompt to classify chronic con-
ditions based on clinical notes. Our approach draws significant inspi-
ration from the HealthPrompt framework—a methodology specifically
tailored for clinical NLP tasks [29]. HealthPrompt emphasizes the
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Fig. 1. Workflow of the study methodology. The steps are as follows: (1) Data Collection from Hospital da Luz Lisboa, spanning from 2007 to 2023. (2) Random sampling of
1000 patients. (3) Rule-based Dictionary Creation for chronic conditions using standardized vocabularies. (4) Synthetic patient summary generation from text conversion of OMOP
codes descriptions in English and creation of a JSON file. (5) Prompt development. (6) Model Evaluation using GPT-3.5 and GPT-4 via secure Azure PHI-compliant instances.
(7) Comparison of LLM classifications against Rule-based Dictionary to identify discrepancies. (8) Manual Annotation of discrepancies by a physician. (9) Performance Metrics

Calculation using precision, recall, and F1 score.

"patient_id": "296888",
"sex": "female",
"events_by_age":
"age": 41,
"events":
"event_id": 3418651,
"date": "2009-09-30",
"conditions": "Injury of free lower limb",
"procedures": "Skeletal X-ray of lower limb, Radiography of ankle"
"measurements": "Bilirubin.total: 0.74, Alkaline phosphatase: 103.0, MCHC: 28.0,
Chloride: 105.0, Gamma glutamyl transferase: 23.0, Hemoglobin: 13.5, Cancer
Ag 125: 7.2, Leukocytes: 5.9, Erythrocyte distribution width: 15.3, Urea: 50
.0, Glucose: 115.0, Sodium: 141.0, Creatinine: 0.64, Potassium: 5.2,
Hematocrit: 41.3, Aspartate aminotransferase: 16.0, Platelets: 242.0, MCH: 3
3.0, Alanine aminotransferase: 17.0, Erythrocytes: 4.8, Lactate
dehydrogenase: 190.0, MCV: 86.0, Bilirubin.conjugated: 0.22"
"age": 42,
"events":
"event_id": 9378567,
"date": "2010-07-01",
"procedures": "Arthrotomy, Arthroscopy",
"drugs": "diclofenac, thiocolchicoside"

Fig. 2. Example of a hypothetical patient summary organized as a JSON data structure. Conditions, procedures, laboratory measurements, and drug prescription codes are converted

into their text descriptions and arranged chronologically.

use of structured templates that harness zero-shot learning to extract
nuanced clinical insights from free-text data. By integrating clear,
domain-specific instructions and specifying a structured output format
(a JSON response), our design minimizes ambiguity and enhances
the reliability of generated outputs, ensuring that all relevant clinical
information is considered when evaluating chronic conditions.

2.3.3. LLMs selection and configuration

For our assessment, we utilized two proprietary models from Ope-
nAl: GPT-3.5 (model version 0613) [30] and GPT-40 (model version
2024-05-13) [31], as well as three open-source models from Meta:
LLaMA 3.1 8b, 70b, and 405b Instruct [32]. The choice of these
models was driven by their ready availability through the Azure cloud
provider, which our institution authorizes for data use. All models were
configured with a temperature of 0.5 and a maximum token limit of
5,000 to generate responses, balancing creativity with coherence and
ensuring detailed output within a specified length.

2.4. Annotation process and phenotyping strategy evaluation

After the preprocessing steps above described, the concatenation
of the prompt and each patient summary was input to the LLMs to
determine the presence of each of the 20 conditions. The models gen-
erated a true or false answer regarding the presence of each condition,
accompanied by an explanation. Explanations included whether the
condition was observed, the rationale behind the assessment, and the
confidence level (low, medium, high). All patients were classified both
by the LLMs and the rules dictionary.

We compared the classifications of all conditions in each patient be-
tween all the LLMs dictionary rules, flagging cases with discrepancies.
A physician manually reviewed all cases where there was an observed
discrepancy and assigned a ground truth classification of such cases.
For the remaining assessments where both rules validation and LLMs
agreed, the ground truth was automatically established. We randomly
selected 100 concordant cases for human annotation to verify agree-
ment. The annotation process is outlined in Fig. 4. In addition, we sep-
arately classified the presence of condition codes alone—specifically,
the condition codes used in the dictionary rules—while excluding the
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# Task
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You are an experienced doctor tasked with determining which of the listed chronic conditions a patient has based on their clinical note.

# Patient

Below is a clinical note describing the patient’s aggregated health information:

{patient_summary}
# Chronic Conditions
The chronic conditions being assessed are listed below:

{conditions_section}

# Assessment Instructions

Evaluate only the chronic conditions listed above. Do not consider or mention any other conditions

For each chronic condition, use the patient’s clinical note to determine whether the patient has that chronic condition.

Provide a detailed explanation.

First, consider any related medical terms, subtypes, or diagnoses related to the chronic condition. If any related terms or subtypes are found,

confirm the presence of the condition.

Then, look at the clinical note sections such as procedures, measurements, and medications to infer if there could be a chronic condition based

on the procedures, laboratory results, and medications.

Remember to consider subtypes of the chronic conditions when making your assessment.

Provide your response as a JSON list of dictionaries, where each dictionary contains the following elements:

* comorbidity: str - The name of the comorbidity being assessed

* rationale: str - Your reasoning for the assessment
* is_met: bool - "true" if the patient has the comorbidity, otherwise "false"
* confidence: str - Your confidence level ("low", "medium", "high")

An example of how your JSON response should be formatted is shown below, where the list of JSON dictionaries is stored in the "assessments" key:

e

json
"assessments" : [
{
"comorbidity" : "comorbidity_1",
"rationale" : "Reason for assessment",
"is_met" : true/false,
"confidence" : "low/medium/high"
{
"comorbidity" : "comorbidity_2",
"rationale" : "Reason for assessment",
"is_met" : true/false,
"confidence" : "low/medium/high"
1
}
Fig. 3. Prompt for determining chronic conditions based on clinical notes.
3,227 (16,1%)
classifications
Any disagreement
» between Rules and > Mool vt by
all LLMs Playsistun
A
Random |
20,000 All cases sample of 100 Ground truth
classifications concordant | classification
1000 patients classifications |
|
|
. |Agreement between )
>

Rules and all LLMs

16,773 (83,9%)

classifications

Fig. 4. Annotation process used in this study: all cases were evaluated by both LLMs and rules dictionary. All disagreements between any of the methods employed for phenotyping
were reviewed by a physician. In addition, 100 random concordant cases were manually reviewed.

remaining procedure, measurement, and drug-related mappings (See
Appendix).

For each patient, we evaluated the presence of all 20 chronic
conditions using three approaches: LLM-based classification, dictionary
rule-based classification, and condition code presence alone. Evaluation
was performed using the scikit-learn library to calculate classification
metrics [33]. The metrics reported include accuracy, precision, recall,
and the Fl-score. We specifically highlight the F1-score for the ‘True’
class, which is calculated as the harmonic mean of precision and recall
for the positive (presence of a condition) class. Additionally, the macro
F1-score, which averages the F1-scores across both classes, is reported
to provide a balanced view of the model’s overall performance.

3. Results
3.1. Overall description of the population and condition prevalences

The evaluation dataset includes 1,000 unique patients, 58.6% of
whom are women, with a mean age of 56.8 years. Fig. 5 shows the
total number of chronic conditions identified by each phenotyping
method. There is a significant discrepancy in the number of conditions
identified, with Llama 3.8b identifying the most and condition codes
identifying the fewest. Fig. 6 illustrates the number of patients identi-
fied with each condition, depending on the phenotyping method used.
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Table 1

Prevalence of the 20 studied chronic conditions by the seven phenotyping strategies (%).

Condition Phenotyping method
Condition codes (%) Dictionary rules (%) GPT-3.5 (%) GPT-40 (%) Llama 3 8b (%) Llama 3 70b (%) Llama 3.1 405b (%)

Hyperlipidemia 0.0 22.9 15.3 24.1 22.8 23.9 23.2
Autoimmune diseases 0.7 1.7 0.8 3.1 2.6 2.9 2.5
Hypertension 10.4 13.7 9.6 16.7 11.8 13.3 13.4
Benign prostate hypertrophy 0.0 0.0 5.4 8.2 7.0 7.6 7.6
Cancer 7.9 8.1 7.3 9.3 8.5 8.5 8.4
Heart Failure 1.5 3.2 1.5 2.8 1.8 2.3 2.4
Arrhythmias 0.0 0.0 2.8 5.0 3.9 4.2 4.5
Anxiety disorder 0.7 4.1 1.9 8.6 3.7 6.7 7.3
Disorders of thyroid gland 4.8 6.2 5.0 8.0 6.1 7.1 7.0
Ischemic heart disease 0.8 1.2 1.2 1.7 1.3 1.5 1.5
Osteoporosis 0.1 1.1 0.2 1.2 1.0 1.0 0.9
Disorder of vertebral column 5.0 5.7 7.0 14.3 11.1 12.1 11.1
Depression 1.7 3.6 1.6 4.4 2.7 3.8 3.8
Urinary incontinence 1.8 2.6 1.6 2.5 1.6 2.0 2.3
Osteoarthritis 4.7 4.7 4.2 5.3 4.1 4.5 4.6
Diabetes 3.4 4.6 4.6 6.8 3.8 6.0 6.3
Asthma 3.3 3.3 3.7 4.2 3.4 3.8 3.9
Anemia 2.4 4.4 3.4 11.1 4.4 7.4 8.0
Peripheral neuropathy 1.0 1.0 0.1 0.7 0.3 0.6 0.8
Epilepsy 0.7 0.8 0.6 1.0 0.8 0.7 0.8

As shown in Table 1, the prevalence of the 20 chronic conditions varies
widely based on the phenotyping method considered. For instance, no
patients with hyperlipidemia were identified using condition codes;
however, dictionary rules suggest a prevalence of 22.9%, and Al models
identified prevalences ranging from 15.3% to 24.1%. Some conditions,
such as hypertension and cancer, exhibited more consistent prevalences
across methods. Hypertension was identified in 10.4% of patients using
condition codes, with AI models and dictionary rules detecting preva-
lences between 9.6% and 16.7%. Cancer prevalence varied from 7.9%
using condition codes to 9.3% with GPT-40. Conditions like osteoporo-
sis and peripheral neuropathy showed consistently low prevalence rates
across all methods.

3.2. Agreement rates between phenotyping methods

Overall agreement among the methods remains very high. The com-
parison of different phenotyping methods reveals strong concordance in
identifying conditions, with most methods showing match percentages
above 90% (See Table 2). The highest agreement was observed between
GPT-40 and Llama 3.1 405b (96.16%), while comparisons between
GPT-40 and other models also showed similarly high agreement. Con-
versely, the dictionary-based method and Llama 3 8b had the lowest

agreement, with a disagreement rate of 10.29%. Across all phenotyping
methods evaluated, there was at least 1 disagreement in 3227 (16.13%)
of the classifications.

3.3. Phenotyping accuracy

The evaluation of phenotyping accuracy across different methods
highlights GPT-40 as the most effective approach, surpassing both
dictionary rules and all the other LLMs in both recall and macro
Fl-score, as shown in Table 3 and Figs. 8, 9, 10, and 7. GPT-40
demonstrated the highest performance with a precision score of 0.87,
a recall score of 0.97, and an F1 score of 0.92. In contrast, condition
codes, while achieving the highest precision score (0.92), significantly
underperformed in recall (0.36), leading to a much lower F1 score
of 0.51. This suggests that although condition codes are precise in
identifying negative cases, they struggle to detect true positives, espe-
cially in conditions like hyperlipidemia and osteoporosis where very
few patients were identified.

The Dictionary Rules method achieved a moderate balance, with a
precision of 0.65, a recall of 0.65, and an F1 score of 0.65. Among
the remaining LLMs, GPT-3.5 and the Llama models exhibited varying
levels of effectiveness. GPT-3.5 had a precision of 0.72, a recall of 0.54,
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Fig. 6. Number of candidate diagnoses made per condition, depending on phenotyping strategy.

and an F1 score of 0.62, slightly outperforming Llama 3 8b, which
had the lowest F1 score (0.55) among all evaluated LLMs. Llama 3
70b and Llama 3.1 405b showed improved performance, with higher
recall and better precision, resulting in F1 scores of 0.72 and 0.77,

respectively.

The complete counts of false positive and false negative classifi-
cations per method can be found in Fig. 8. Examples of situations
where each method failed to identify a positive case or wrongly
assigned a condition where true label was found are depicted in

Tables 5 and 6.

3.4. AI models confidence in classification

All models demonstrated improved classification performance with
increasing confidence levels, effectively reflecting the degree of con-
fidence expressed by the model in their predictions (See Table 4).
At the high confidence level, GPT-40 achieved near-perfect accuracy
(0.989), precision (0.949), and recall (0.983), handling the majority of
cases (16,186) with strong reliability. Even at the medium confidence
level, GPT-40 maintained robust performance, with an accuracy of
0.972 and recall of 0.856, though precision slightly decreased to 0.774.
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Agreement comparison between phenotyping strategies.
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Comparison

Agreements (n, %)

Disagreements (n, %)

Rules dictionary vs GPT-3.5
Rules dictionary vs GPT-40
Rules dictionary vs Llama 3 8b
Rules dictionary vs Llama 3 70b
Rules dictionary vs Llama 3.1 405b
GPT-3.5 vs GPT-40

GPT-3.5 vs Llama 3 8b

GPT-3.5 vs Llama 3 70b
GPT-3.5 vs Llama 3.1 405b
GPT-40 vs Llama 3 8b

GPT-40 vs Llama 3 70b

GPT-40 vs Llama 3.1 405b
Llama 3 8b vs Llama 3 70b
Llama 3 8b vs Llama 3.1 405b
Llama 3 70b vs Llama 3.1 405b

18,697 (93.48%)
18,754 (93.77%)
17,942 (89.71%)
18,471 (92.36%)
18,615 (93.08%)
18,891 (94.45%)
18,192 (90.96%)
18,668 (93.34%)
18,766 (93.83%)
18,262 (91.31%)
19,109 (95.55%)
19,231 (96.16%)
18,417 (92.08%)
18,280 (91.40%)
19,170 (95.85%)

1303 (6.52%)
1246 (6.23%)

2058 (10.29%)

1529 (7.64%)
1385 (6.92%)
1109 (5.55%)
1808 (9.04%)
1332 (6.66%)
1234 (6.17%)
1738 (8.69%)
891 (4.45%)

769 (3.84%)

1583 (7.92%)
1720 (8.60%)
830 (4.15%)
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Fig. 7. Number of true and false positives obtained with the evaluated phenotyping strategies.

Table 3
Overall classification metrics for the seven evaluated phenotyping strategies.

Model Accuracy  Precision  Recall Fl-score  Macro Fl-score
Condition codes 0.95 0.92 0.36 0.51 0.74
Rules dictionary  0.95 0.65 0.65 0.65 0.81
GPT-3.5 0.95 0.72 0.54 0.62 0.80
GPT-40 0.99 0.87 0.97 0.92 0.96
Llama 3 8b 0.92 0.44 0.73 0.55 0.75
Llama 3 70b 0.95 0.63 0.84 0.72 0.85
Llama 3.1 405b 0.96 0.70 0.84 0.77 0.87

GPT-3.5, while retaining high precision (0.862) at the high confidence
level, exhibited lower recall (0.762), indicating some challenges in
consistently identifying true positives. The Llama models displayed
varying effectiveness. Llama 3 70b and Llama 3.1 405b both performed
well at high confidence, but still below GPT-40, with F1 scores of
0.903 and 0.933, respectively. Llama 3 8b handled a large portion of
classifications at low confidence, resulting in a low F1 score (0.504).
Almost all models struggled at low confidence levels, with significant
drops in performance across the board.

Table 4

Classification performance of the five LLMs across confidence levels.

Model Confidence level Accuracy Precision Recall F1 score Count
GPT-3.5 Low 0.961 0.481 0.500 0.490 5015
Medium 0.836 0.792 0.807 0.799 1746
High 0.961 0.862 0.762 0.803 13,239
GPT-40 Low 1.000 1.000 1.000 1.000 495
Medium 0.972 0.774 0.856 0.809 3319
High 0.989 0.949 0.983 0.966 16,186
Llama 3 8b Low 0.966 0.505 0.504 0.504 13,535
Medium 0.423 0.553 0.575 0.415 1318
High 0.902 0.828 0.898 0.855 5146
Llama 3 70b Low 0.950 0.809 0.539 0.559 482
Medium 0.647 0.617 0.679 0.598 1401
High 0.975 0.887 0.922 0.903 18,117
Llama 3.1 405b Low 0.959 0.581 0.508 0.508 2574
Medium 0.840 0.705 0.813 0.736 2388
High 0.982 0.915 0.952 0.933 15,038

3.5. Explanations provided by LLMs for phenotyping classification

Another dimension evaluated in this pipeline is the justification
for a decision provided by the model. In all inferences, LLMs wrote
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Fig. 8. Confusion matrices on phenotyping classification among the seven evaluated strategies.

a rationale behind the decision if classifying the presence of a given
condition. This rationale was helpful during annotation process and
enabled confirmation of the decisions made on each inference. Table
5 presents selected cases exemplifying the reasoning capabilities and
limitations of LLMs in phenotyping chronic conditions. These examples
demonstrate how LLMs can effectively synthesize diverse clinical infor-
mation, such as medication history, diagnostic procedures, and clinical
notes, to infer the presence of chronic conditions even when they are
not explicitly mentioned. For instance, in the case of asthma, GPT-
4o integrates multiple data points, including medication history and
clinical diagnoses, to confirm the diagnosis. Meanwhile, the hyperlipi-
demia case highlights GPT-40’s capacity to critically evaluate clinical

data, avoiding false positives by correctly assessing that the patient’s
cholesterol levels do not indicate hyperlipidemia. Finally, the cancer
case reveals how GPT-40 can infer diagnoses from specific surgical
procedures, making it more reliable in identifying certain chronic
conditions compared to GPT-3.5.

3.6. Evaluation of fairness and bias across demographics

The evaluation of fairness in chronic condition phenotyping meth-
ods using condition codes, dictionaries, and LLMs reveals minimal
gender bias but highlights noticeable age-related disparities, as detailed
in Tables 7 and 8. Across genders, all methods demonstrate balanced
performance in terms of Accuracy, Precision, Recall, and F1 Score, with



B. Neves et al.

Table 5

Examples of false positive and false negative LLMs classifications and rationale.
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Method

Outcome

LLM Rationale

Comments

LLMs

GPT-3.5

False Positive

“The patient has undergone multiple
procedures and measurements related to
cardiovascular health, such as Doppler
ultrasonography of carotid artery,
echocardiography, and blood pressure
measurements. These procedures and
measurements are commonly used to diagnose
and monitor hypertension”.

No explicit information of
existence of hypertension.

GPT-3.5

False Negative

“There is no specific evidence in the clinical
note to suggest the presence of anemia”.

Anemia was indeed
identified in laboratory
measurements.

GPT-40

False Positive

“The patient was prescribed captopril, an
antihypertensive medication, at age 32,
indicating a diagnosis of hypertension”.

Erroneously inferred
hypertension despite
insufficient corroborating
evidence.

GPT-40

False Negative

“There is no mention of cancer or related
terms such as malignancy or tumor in the
clinical note”.

Failed to detect prostate
cancer as detected by
performance of radical
prostatectomy with
lymphadenectomy.

Llama 3 8b

False Positive

“The patient has a diagnosis of Myelosclerosis
with myeloid metaplasia, which is a type of
cancer”.

Annotator and dictionary
rules did not consider this
entity as a cancer.

Llama 3 8b

False Negative

“The patient’s clinical note does not show any
measurements of blood pressure, which is a
common indicator of hypertension”.

Missed hypertension
despite evidence of
losartan prescriptions.

Llama 3 70b

False Positive

“The patient underwent multiple MRIs and
X-rays of the knee, which could be indicative
of osteoarthritis”.

Osteoarthritis diagnosis
cannot be inferred solely
from this information.

Llama 3 70b

False Negative

“The patient has a condition listed as ’Shoulder
joint pain’ and has undergone a plain X-ray of
the shoulder, but there is no evidence of a
disorder of the vertebral column”.

Failed to identify a patient
who underwent imaging of
the lumbar spine and had
conditions like ’Pain in
thoracic spine’.

Llama 3 405b

False Positive

“The patient has high cholesterol levels (169.0,
189.0) and high triglyceride levels (96.0,
110.0) in multiple measurements, indicating
hyperlipidemia”.

Hyperlipidemia not
confirmed through
phenotyping definition.

Llama 3 405b

False Negative

“There is no indication of urinary incontinence
in the clinical note”

Failed to identify “Female
stress urinary
incontinence” explicit
mention.

only minor variations. However, the analysis by age group shows a
consistent decline in classification performance as age increases ( Table
8). All approaches exhibit higher F1 scores in the 18-30 age group,

Table 6

Examples of false positive and false negative condition codes and dictionary entries classifications.

Method

Outcome Comments

Condition Codes

Condition Code

False Positive

Benign neoplasm of skin of trunk code
erroneously assigned to cancer.

Condition Code

False Negative

Missed condition code for hypertension

despite evidence of anti-hypertensive

treatment.

Dictionary Entries

Dictionary Rules

False Positive

Dictionary definition erroneously triggered

Inflammatory dermatosis as an Autoimmune

Disease.

Dictionary Entry

False Negative

Dictionary definition failed to capture a

patient that showed several “Low back pain”
and “MRI of lumbar spine” codes.

with the lowest scores observed in the 90-100 age group (see Fig. 11).
GPT-4o stands out as the model with the highest F1 scores across all
age groups, while also being the most robust to bias, displaying the
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Fig. 9. Overall precision, recall and Fl-score for the seven evaluated phenotyping strategies.

Table 7
Classification performance by gender across the seven phenotyping strategies.
Method Gender  Accuracy  Precision Recall F1 score Count
Condition codes  Female 0.952 0.950 0.952  0.942 11,720
Male 0.946 0.945 0.946 0.933 8280
Rules dictionary ~ Female  0.952 0.953 0.952 0.952 11,720
Male 0.944 0.941 0.944  0.942 8280
GPT-3.5 Female  0.950 0.945 0.950  0.946 11,720
Male 0.950 0.945 0.950  0.947 8280
GPT-40 Female 0.986 0.987 0.986 0.987 11,720
Male 0.986 0.987 0.986  0.987 8280
Llama 3 8b Female 0.910 0.936 0.910 0.920 11,720
Male 0.918 0.939 0.918  0.926 8280
Llama 3 70b Female 0.951 0.959 0.951  0.954 11,720
Male 0.953 0.961 0.953 0.955 8280
Llama 3.1 405b  Female  0.962 0.965 0.962  0.963 11,720
Male 0.962 0.966 0.962  0.964 8280

Table 8

Classification performance by age group across the seven phenotyping strategies.

Method Age group Accuracy Precision Recall F1 score Count
Condition codes  18-30 0.975 0.972 0.975  0.969 1180
30-40 0.966 0.962 0.966  0.959 2360
40-50 0.963 0.959 0.963  0.955 3740
50-60 0.957 0.955 0.957  0.949 3760
60-70 0.942 0.941 0.942  0.929 3740
70-80 0.930 0.932 0.930 0.915 2880
80-90 0.922 0.928 0.922  0.903 1980
90-100 0.908 0.912 0.908 0.891 360
Rules dictionary  18-30 0.961 0.966 0.961 0.963 1180
30-40 0.961 0.964 0.961  0.962 2360
40-50 0.964 0.966 0.964  0.965 3740
50-60 0.956 0.958 0.956 0.956 3760
60-70 0.945 0.942 0.945 0.943 3740
70-80 0.927 0.927 0.927  0.927 2880
80-90 0.927 0.921 0.927 0.923 1980
90-100 0.917 0.911 0.917  0.909 360
GPT-3.5 18-30 0.981 0.980 0.981 0.981 1180
30-40 0.967 0.963 0.967 0.964 2360
40-50 0.966 0.963 0.966  0.964 3740
50-60 0.963 0.960 0.963  0.961 3760
60-70 0.944 0.939 0.944  0.940 3740
70-80 0.929 0.923 0.929  0.924 2880
80-90 0.908 0.895 0.908  0.897 1980
90-100 0.897 0.890 0.897  0.879 360

(continued on next page)
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Table 8 (continued).

Method Age group Accuracy Precision Recall F1 score Count
GPT-40 18-30 0.992 0.993 0.992  0.993 1180
30-40 0.990 0.991 0.990 0.991 2360
40-50 0.987 0.988 0.987  0.987 3740
50-60 0.991 0.991 0.991 0991 3760
60-70 0.984 0.986 0.984  0.985 3740
70-80 0.984 0.985 0.984  0.984 2880
80-90 0.979 0.980 0.979  0.980 1980
90-100 0.969 0.971 0.969  0.970 360
Llama 3 8b 18-30 0.940 0.975 0.940  0.953 1180
30-40 0.939 0.960 0.939  0.947 2360
40-50 0.924 0.959 0.924  0.936 3740
50-60 0.920 0.947 0.920  0.930 3760
60-70 0.899 0.930 0.899  0.910 3740
70-80 0.905 0.915 0.905  0.909 2880
80-90 0.886 0.896 0.886  0.890 1980
90-100 0.867 0.869 0.867  0.868 360
Llama 3 70b 18-30 0.977 0.983 0.977  0.979 1180
30-40 0.966 0.971 0.966  0.968 2360
40-50 0.964 0.973 0.964  0.967 3740
50-60 0.959 0.967 0.959  0.961 3760
60-70 0.944 0.956 0.944  0.948 3740
70-80 0.938 0.942 0.938  0.939 2880
80-90 0.930 0.937 0.930  0.933 1980
90-100 0.889 0.906 0.889  0.895 360
Llama 3.1 405b  18-30 0.982 0.985 0.982  0.983 1180
30-40 0.972 0.976 0.972  0.974 2360
40-50 0.975 0.978 0975 0.976 3740
50-60 0.967 0.971 0.967  0.969 3760
60-70 0.960 0.964 0.960  0.961 3740
70-80 0.943 0.945 0.943 0.944 2880
80-90 0.939 0.944 0.939  0.941 1980
90-100 0.922 0.927 0.922 0.924 360

smallest variation in performance (—0.023) across age groups, even
outperforming condition coding and the rules dictionary in maintaining
consistent classification performance.

4. Discussion

In this study, we applied zero-shot learning using LLMs on EHR
data, demonstrating that this approach can significantly enhance tradi-
tional rule-based phenotyping, even in the absence of extensive labeled
datasets. Accurate phenotyping of chronic conditions is especially cru-
cial in the context of multimorbidity, where patients often suffer from
multiple coexisting diseases, complicating both diagnosis and treat-
ment. By improving the identification of these conditions, our approach
can not only enhance individual patient care but also facilitate more
effective management of complex patient populations.
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Fig. 10. Classification metrics of each phenotyping strategy across all conditions.

Among the methods evaluated, GPT-40 outperformed both GPT-3.5
and all the Llama 3 models, as well as the rule-based phenotyping
algorithm across all conditions. These results are in line with prior find-
ings where GPT-4 demonstrated superior performance in identifying
clinical phenotypes from EHR data [34]. Moreover, GPT-40 exhibited
excellent calibration across gender and age strata, maintaining very
high performance when its confidence was high and still delivering
robust results at moderate confidence levels. This improved ability
to capture both direct and indirect condition mentions not only in-
creases the number of correctly identified patients but also aligns
with recent work highlighting the efficiency of LLMs in reducing man-
ual annotation efforts [19,20]. Our approach also relates to previous
studies that employ ensemble learning and active learning techniques

-

1

to improve information extraction from EHRs [23,35]. By leveraging
multiple strategies and concentrating efforts on discordant cases, our
approach optimizes the accuracy of phenotyping while efficiently al-
locating manual annotation resources to the most challenging cases.
This targeted approach not only refines phenotyping accuracy but also
facilitates the continuous improvement of both rule-based methods and
LLMs, ensuring they remain effective in real-world clinical settings.
Another important aspect of our findings is the ability of Al models
to accurately assess and communicate their confidence in predictions.
This study demonstrated that when these models express high con-
fidence, their predictions are not only highly accurate but also reli-
able across various conditions. Even at moderate confidence levels,
GPT models and Llama 3.1 405b maintain reasonable performance,
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Fig. 11. Fl-score across different age strata for the seven evaluated phenotyping strategies.

underscoring their robustness. Interestingly, GPT-40 also exhibited a
conservative approach in low-confidence cases, where all predictions
were correct negatives, indicating its reliability in minimizing false
positives when uncertainty is high. These findings are in line with
only a few recent studies that evaluate model confidence on answers
through prompting techniques which show a correlation between larger
models (such as GPT-40) confidence and accuracy [34,36]. However,
even if LLMs can provide detailed rationales that enhance transparency
and interpretability, their internal confidence in predictions may not
necessarily align with human-perceived confidence, motivating current
research on ensuring their reliability in clinical settings [37].

We investigated the presence of bias across gender and different age
groups in this study and consistently observed a decline in performance
among older age groups across all methods. Previous studies have
highlighted the risks of LLMs introducing and propagating bias in
healthcare setting [38]. In our study, LLMs for phenotyping conditions
actually resulted in reduced bias compared to standard coding and rule-
based phenotyping. Ensuring fairness in Al-driven tools is crucial, and
our findings suggest that advanced models like GPT-40 are making
progress in this area. However, this issue requires further exploration in
larger and more diverse datasets to ensure that Al systems deliver eq-
uitable and reliable outcomes across all populations, making continued
research in this area a top priority.

Despite these strengths, our study has several limitations. First, de-
veloping effective prompts was time-consuming and required iterative
testing to achieve reliable results. Early in the process, we encountered
issues such as hallucinations, where the models generated incorrect
or nonsensical information. Additionally, enforcing a consistent JSON
output in these models proved challenging, particularly in GPT-3.5 and
Llama 3 7b. Although prompt engineering techniques helped mitigate
these issues, the process was largely empirical and lacked a systematic
approach. Developing a more structured methodology for prompt cre-
ation could improve efficiency and consistency in results, reducing the
trial-and-error nature of prompt refinement.

Another limitation is the use of synthetic summaries generated
from text descriptions of structured codes, which differ from actual
clinical notes. These summaries often lacked context or contained am-
biguous information, complicating the determination of ground truth.

12

Real-world clinical notes are typically more complex, with jargon,
abbreviations, and inconsistencies that would likely require multiple
annotators or iterative rounds of annotation to ensure accuracy. Con-
sequently, our results may not fully reflect the challenges of applying
LLMs to real-world data, and further research is needed to assess model
performance on more representative datasets.

Furthermore, the models used in this study were not specifically
trained on medical data, unlike specialized models like MedPalm [39].
Additionally, models with larger context windows, such as Anthropic’s
Claude, could potentially improve phenotyping predictions by captur-
ing more longitudinal clinical information. While we recognize the
value of testing these more specialized models, they were not readily
accessible within our data infrastructure.

Our validation method is robust, given that we compare different
phenotyping methods and use manual annotation for disagreement
cases. However, this assumes that dictionary and code definitions are
comprehensive and accurate. Although OMOP vocabularies provide a
comprehensive mapping strategy for clinical codes, it is known that
they have limitations in specific scenarios, such as Oncology and even
Primary Care [40,41]. Another limitation concerns the way we devel-
oped our dictionary-based phenotyping rules. Although there was a
laborious curation effort in defining these rules, we ultimately found
additional ambiguous cases when manually reviewing cases against
LLM predictions. This led to dictionary false positives, such as a single
prescription of a short-acting drug for hypertension (e.g., captopril) or
benign neoplasms being mapped to cancer (See Table 6). While this
is an obvious limitation of our rules dictionary, it also highlights the
potential of our LLM-based approach to further refine phenotyping
rules over time.

Finally, while GPT-40 outperformed other methods in phenotyping
accuracy, this study did not analyze the cost implications of scaling
this approach to an entire EHR database. The sample size of 1,000
patients used in this study was sufficient for demonstration purposes,
but larger-scale implementations would need to consider the compu-
tational resources and potential costs associated with deploying such
advanced models. Additionally, while GPT-40 was the most effective
model evaluated, it should be noted that we only evaluated large
models trained on general-domain data. The rapid evolution of LLMs
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Table A.9

Phenotyping rules dictionary. The table provides a comprehensive mapping of conditions, procedures, laboratory measurements, and drug
prescriptions used for phenotyping. It is based on standardized vocabularies from Observational Health Data Sciences and Informatics (OHDSI),
ensuring that each condition code and procedure code (standard OMOP concept id) represents an ancestor concept, with all hierarchical
descendants automatically included. Drug prescriptions are mapped using an adapted version of the Anatomical Therapeutic Chemical (ATC)
classification system. Additionally, specific conditions such as heart failure, diabetes mellitus, hyperlipidemia, and anemia are identified using
laboratory measurements based on standard definitions.

Condition

Concepts

Coronary Artery
Disease

Condition: Ischemic heart disease (4185932).

Drugs: C07AA01-C07AA06, CO7AA08-C07AB01, CO7AB02, C07AG01 CO8CA01-C0O8DBO1,
C09DB01-C09DB04, CO9DX01, CO9BB02-C09BB10, CO7AB03 C09DX03, C10BX03,
C01DA02-C01DA14, C01DX16, COS8EX02;

Procedures: Procedure on coronary arteries (4043174)

Aortic aneurysm

Condition: Aortic aneurysm (317585).
Procedures: Repair of aneurysm of aorta (4049675)

Arrhythmias

Condition: Arrhythmia (44784217).

Drugs: CO1AA05 CO1BA01-C01BDO01 C07AA07;

Procedures: Cardioverter defibrillator procedure (4138751); Automatic cardiac defibrillator (4232661);
Cardiac pacemaker procedure (4051938); Procedure for arrhythmia (4051932)

Heart failure

Condition: Congestive Heart Failure (316139).
Drugs: CO3DA02-C03DA99 C07AB07 C07AG02 C07AB12; C09DX04
Measurements: pro-BNP (3029187); Criterion: > 125 pg/ml

Hypertension

Condition: Hypertensive disorder (316866);
Drugs: C03AA01-C03BA11 CO3DB01 CO3DB99 CO3EA01 CO9BA02-CO9BA09 CO9DA02-CO9DA0S
C02AB01-C02AC05 C02DB02-C02DB99

Valvular heart
disease

Condition: Valvular heart disorder (4281749);
Procedures: Procedure on heart valve (4042674)

Peripheral artery
disease

Condition: Peripheral vascular disease (321052);
Procedures: Angioplasty of peripheral blood vessel (46271049)

Diabetes mellitus

Condition: Diabetes mellitus (201820);
Drugs: A10AA01-A10BX99;
Measurements: HbAlc (3005673); Criterion: >6.5%

Hyperlipidemia

Condition: Hyperlipidemia (4031814);
Drugs: C10AA01-C10BXO0;
Measurements: Total cholesterol (3027114); Criterion: > 190

Disorders of thyroid

Condition: Disorders of thyroid gland (141253);

gland Drugs: HO3AA01-HO3AA02 HO3BA0O2 HO3BBO1;
Procedures: Radionuclide therapy for hyperthyroidism (4275582); Biopsy of thyroid (4085189)
Obesity Condition: Obese (4215968);

Drugs: AOSBAAO1- AOSAX01;
Procedures: Bariatric operative procedure (4326683)

Chronic Liver

Condition: Chronic Liver Disease (4212540);

Disease Drugs: A07AA11;
Procedures: Operation on esophageal varices (4122243)
Gallstones Condition: Gallstones (4145627);

Procedures: Cholecystectomy (4242997) Bile duct calculus procedure (4341100)

Chronic pancreatitis

Condition: Chronic pancreatitis (195596);
Drugs: AO9AA02

Upper digestivex
tract disease

Condition: Disorder of upper gastrointestinal tract (4000609) — excluding all existing codes
elsewhere;
Drugs: AO2BA01-A02BX05

Chronic bowel
disease

Condition: Disorder of lower gastrointestinal tract (4197094) — excluding all existing codes
elsewhere;
Drugs: AO7EC01-A07EC04 AO7EA01-A07EA02 AO7EA06 LO4AA33

Anemia Chronic

Condition: Anemia (439777)

Procedures: Intravenous infusion of iron (36713609); Transfusion of red blood cells (4022173)
Measurements: Hb (3000963); Criterion: <12g/dl women < 13 g/dl men in 2 measurements with at
least 6 months apart.

HIV infection

Condition: HIV (439727);
Drugs: JOSAE01-JO5AE10 JO5AF12-J0OSAG05 JO5AR01-JOSAR99 JO5AX07-J05AX09 JO5AX12
JOS5AF01-JO5AF07 JOSAFOQ9;

Chronic skin

Condition: Chronic disease of the skin (4134132)

condition Drugs: DOSAA01-DO5AA99 D05BB01 DO5BB02 D05AX02 DOSAC01-DOSAC51 DO5SAX52
Autoimmune Condition: Autoimmune diseases (434621)
diseases
Gout Condition: Gout (440674)
Drugs: MO4AA01-MO04ACO01
Osteoarthritis Condition: Osteoarthritis (80180);

(continued on next page)
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Table A.9 (continued).

Condition Concepts
Osteoporosis Condition: Osteoporosis (80502)
Drugs: MO5BA01-MO05BB05 M05BX03 M05BX04 GO3XC01 HOSAA02
Disorder of Condition: Disorder of vertebral column (44782549)
vertebral column Procedures: Operation on intervertebral disk (4034458); Procedure on vertebra (4040536)
Dementia Condition: Dementia (4182210)
Drugs: NO6DA02-N06DA04 NO6DX01
Migraine Condition: Migraine (318736)
Drugs: N0O2CA01-N02CX01
Multiple sclerosis Condition: Multiple sclerosis (374919)
Parkinson’s disease Condition: Parkinson’s disease (4140090)

Drugs: NO4AA01-N04BX02

Epilepsy Condition: Seizure disorder (4029498)
Drugs: NO3AA01-NO3AX99

Cerebrovascular Condition: Cerebrovascular disease (381591)

disease (including

stroke)

Paralysis Condition: Paralysis (440377)

Peripheral Condition: Peripheral neuropathy (4117779)

neuropathy

Sleep disorders Condition: Sleep disorders (435524)

Chronic pain Condition: Chronic pain (436096);

Drugs: NO2AA01-N02AX02 N02AX06 N02AX52 NO2BES51 - If prescribed in 2 or more episodes in at
least 2 consecutive years

Cancer Condition: Malignancies (443392);
Drugs: LO1AA01-L01XX41;
Procedures: Radiation oncology and/or therapy (4029715); Chemotherapy (4273629)

Visual impairment Condition: Visual impairment and/or blindness (4023310); Cataract (375545);
Procedures: Cataract surgery (4004519)
Hearing loss Condition: Hearing loss (377889);
Procedures: Deafness remedial therapy (4084061)
Alcohol use Condition: Alcoholism (4218106);
disorders Drugs: NO7BB01-N07BB99
Drug use disorders Condition: Substance dependence (37165431)
Psychotic disorder Condition: Psychotic disorder (436073);
Drugs: NOSAA01-NOSABO2 NOSAB06-NOSALO7 NOSAX07-NO5AX13
Anxiety disorder Condition: Anxiety disorder (442077);
Drugs: NOSBAO1-NOSBA12 NOSBEO1
Nicotine Condition: Nicotine dependency (4209423)
dependency Drugs: NO7BA01-NO07BA03 NO6AX12
Bipolar disorder Condition: Bipolar disorder (436665)
Drugs: NOSANO1
Depression Condition: Depression (440383)
Drugs: NO6AA01-NO6AG02 NO6AX03-N06AX11 NO6AX13-NO6AX18 NO6AX21-NO6AX26
Asthma Condition: Asthma (317009)
Drugs: RO3DC-R03DX
COPD Condition: COPD (255573)
Drugs: RO3AC02- RO3DB06
Pulmonary fibrosis Condition: Fibrosis of lung (4197819)
Chronic kidney Condition: Chronic kidney disease (46271022)
disease Drugs: BO3XA01-B03XA03 A11CC01-A11CC04 VO3AEO2 VO3AE03 VO3AEO5

Measurement: Serum creatinine > 12mg/dl (women) > 14 mg/dl men
Procedures: Renal dialysis (4146536)

Fluid and Condition: Disorder of fluid AND/OR electrolyte (441830)

electrolyte disorders Drugs: VO3AEO1

Urinary Condition: Urinary incontinence (197672)

incontinence Drugs: G04BD01-G04BD99
Procedures: Repair of urinary stress incontinence (4242750)

Urolithiasis Condition: Urolithiasis (4319447);
Procedures: Lithotripsy (4046290); Urinary calculus removal (4170611); Insertion of stent into ureter
(4181450)

Benign prostate Condition: Benign prostate hypertrophy (197032);

hypertrophy Drugs: G0O4CA01-G04CA99 G04CB01 G04CB02 — if male gender

Procedure: Transurethral prostatectomy (4234536)

Endometriosis Condition: Endometriosis (433527)

(continued on next page)
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Condition Concepts

Uterine fibroid

Condition: Uterine fibroid (37016195)

Procedures: Uterine myomectomy (4169931)

Malnutrition
Drugs: BOSBA01-BO5BA10

Condition: Malnutrition (435227)

suggests that smaller, specialized models trained on biomedical data
might offer comparable or even superior performance at a lower cost.
Comparative analysis of these models should be a focus of future
research.

5. Conclusion

In conclusion, we propose a phenotyping pipeline that leverages the
integration of LLMs with traditional rule-based methods, significantly
reducing the need for extensive manual data annotation, streamlining
the phenotyping process, and reducing dependency on human resources
while providing transparent prediction confidence and rationales. Our
study demonstrates that zero-shot learning with large language models
(LLMs), particularly GPT-4o, offers a powerful and efficient approach
for phenotyping chronic conditions from EHRs, by accurately identi-
fying a wide range of chronic conditions without model training and
using minimal labeling effort.

To fully harness the potential of LLMs in healthcare, future research
should focus on refining prompt engineering to enhance model effi-
ciency and consistency, improving model performance on real-world
clinical data, and exploring cost-effective strategies for broader imple-
mentation. Addressing these challenges will pave the way for more
accurate and widely applicable phenotyping solutions, ultimately ad-
vancing clinical research and improving patient care.
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