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Clinical management of Alzheimer disease (AD) leverages information in unstructured narratives. We
compared large language models, GPT-4, Phi-4-14b, DeepSeek-R1-Distill-LLaMA-8b, and LLaMA-
3.2-3b, against a previous rule-based pipeline for extracting AD-related phenotypes from 100 real-
world clinical notes. Evaluated against clinician annotations, GPT-4 performed best across
phenotypes (median precision = 0.96, recall = 1, F1 = 0.98), but rule-based natural language
processing was most precise (median = 0.97). Model choice depends on context, considering trade-

offs between precision, recall, and scalability.

Accurate information extracted from unstructured clinical notes in electronic
health records (EHR) is valuable for a variety of tasks including cohort
identification for research and targeted clinical interventions, identification of
disease risk factors, and generation of computable phenotypes for predictive
modeling of disease outcomes (reviewed in ref. 1). Within Alzheimer disease
(AD) research, there has been interest in leveraging machine learning tech-
niques to develop early prediction models for diagnosing AD” and identify
clinical factors modulating AD vulnerability’, but these studies have used
only structured EHR data variables. For AD and other forms of dementia,
many of the informative phenotypes clinicians use to rate dementia severity,
formulate differential diagnoses, recommend appropriate testing, and
determine clinical trial and treatment eligibility’, including cognitive con-
cerns, behavioral changes, and personal or family medical history””, are often
only contained within clinical notes. Extracting these phenotypes at scale for
downstream uses such as computational predictive modeling and screening
for clinical trial or treatment eligibility requires automated phenotype
extraction techniques, particularly natural language processing (NLP).

NLP approaches to clinical phenotype extraction from narrative text
include rule-based, machine learning-based, deep learning-based, and
hybrid techniques®'”. In recent years, pre-trained transformer-based large
language models (LLM:s) have risen to prominence due to their impressive
text-generation abilities and have become widely popular due to their user-
friendly chat interfaces. Within the healthcare domain, studies are actively
exploring the use of LLM:s for various NLP tasks such as text generation for

patient communication'”™", patient record summarization', and clinical

phenotype extraction from clinical narratives'’, with promising results.

To extract phenotypes relevant to AD and other dementias, including
presence of behaviors indicating cognitive decline (repeating questions and
statements, misplacing objects), comorbidities (hypertension, depression),
family history of dementia, brain imaging findings (atrophy, infarct), cog-
nitive assessment scores (Mini-Mental State Examination [MMSE], Clinical
Dementia Rating [CDR®]), and biomarker laboratory results (cerebrospinal
fluid [CSF] total tau, phosphorylated tau concentrations), we previously
developed a rule-based NLP pipeline evaluating the pipeline against gold-
standard annotations of 100 unstructured clinical notes from a cohort of AD
patients independently produced by two clinical experts as part of that study
(Cohen’s kappa = 0.72-1)"". Considering the popularity and reported per-
formance of LLMs across diverse domains with minimal implementation
effort”, in this brief study, we sought to compare the ability of LLMs,
specifically a cloud-based implementation of OpenAl’s Generative Pre-
trained Transformer (GPT)-4° and local implementations of Microsoft’s
Phi-4-14b (Phi-4)*', DeepSeek-R1-Distill-LLaMA-8b (DeepSeek)”, and
Meta’s LLaMA 3.2-3b (LLaMA)”, to extract phenotypes relevant to AD,
against the previously developed a rule-based NLP pipeline'® (Fig. 1). These
pre-trained models were chosen to include popular industry benchmark
LLMs including both cloud-based (GPT-4) and locally-implementable
open-source (Microsoft’s Phi-4; Meta’s LLaMA; and DeepSeek) models of
varying parameter sizes.
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Fig. 1 | Workflow diagram. Alzheimer disease-
related clinical phenotypes were extracted using
LLMs (GPT-4, Phi-4, DeepSeek, LLaMA), evaluated
against gold-standard manual annotations, and the
results compared to those of an existing rule-based
NLP pipeline for the same task.
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Fig. 2 | Comparison of zero-shot versus few-shot System prompt

sample prompts. Black text indicates text included
in both zero-shot and few-shot prompts. Blue text

[ "Assistant is an intelligent chatbot designed to extract and determine specific clinical information from a provided clinical note." ]

was included only in few-shot prompts. User prompt

"Instructions:

Here is the note: {} "

1. Determine if the patient has any infarcts identified on brain imaging. Answer only "yes" or "no".
2. Determine if the patient misplaces objects. Answer only "yes" or "no".

3. Determine if the patient has a history of hypertension or currently suffers from hypertension. Answer only "yes" or
o™

4. Determine if the patient has depression. Answer only "yes" or "no".
5. Determine if the patient has brain atrophy identified on brain imaging. Answer only "yes" or "no".
Please provide each piece of output in JSON format.

Example Note 1: "The CT scan shows the presence of old infarcts in the left cerebral hemisphere. There is also
evidence of brain atrophy. The patient frequently misplaces objects around the house. The patient has had
hypertension for the past 10 years. Recently diagnosed with major depressive disorder."

Expected Output 1: {{ "infarcts: "yes", "misplaces_objects": "yes", "htn": "yes", "depr": "yes", "atrophy": "yes"}}

Example Note 2: "No signs of infarcts or brain atrophy observed. The patient does not report misplacing objects.
Patient has never had any issues with blood pressure. No history of depression."

Expected Output 2: {{"infarcts: "no", "misplaces_objects": "no",

Example Note 3: "Brain MRI reveals minor brain atrophy. The patient occasionally misplaces keys and other small
items. The patient is currently on medication for hypertension."

Expected Output 3: {{ "infarcts”: "no", "misplaces_objects": "yes", "htn": "yes", "depr": "no'

"htn": "no”, "depr: "no”, "atrophy": "no"}}

", "atrophy": "yes"}}

For this brief study, we limited the scope to investigating the base
capabilities of the LLMs, providing minimal guidance to each model using
prompts optimized to induce models to return concise responses (e.g.
integer values, Yes/No) (Fig. 2). Experiments comparing zero-shot and few-
shot prompt strategies (Supplementary Tables 1, 2) showed similar per-
formance trends across models and phenotypes (Supplementary Fig. 2), and
differences between the two prompt strategies were not significant (Sup-
plementary Table 5). Consequently, we focused on the zero-shot results;
few-shot results are available in Supplementary Figs. 3-5 and Supplemen-
tary Tables 8, 9.

Evaluated against the gold-standard annotations, the rule-based
method had the best precision (median = 0.98; range = 0.71-1) across tar-
get phenotypes, albeit not significantly better than GPT-4 and Phi-4, while
GPT-4 produced significantly better recall (median = 1; range = 0.99-1) and
Fl (median=0.98; range =0.82-1) than all other methods (Figs. 3-6;
Supplementary Table 7). Overall, DeepSeek appeared to have the least
consistent performance across phenotypes, evidenced by the wide range of
precision (0.67-0.98), recall (0.5-0.98), and F1 (0.63-0.98) across pheno-
types (Figs. 4-6).

Our results showed that even without sophisticated prompt engi-
neering and fine-tuning, the LLMs could attain similar or better F1-scores
compared to the rule-based pipeline, which had undergone iterative
improvements during development (Figs. 3-6). As seen in Fig. 3, perfor-
mance across LLMs appeared to approximately correlate with the number

of model parameters, as GPT-4 has the most parameters (~1.8 trillion),
followed by Phi-4 (14 billion), DeepSeek (8 billion), and LLaMA (3 billion).
While GPT-4 always traded higher recall for lower precision (Figs. 4, 5), Phi-
4, LLaMA, and DeepSeek, despite achieving lower median F1-scores, dis-
played higher precision than recall for some phenotypes (e.g., hypertension,
repeating), as did the rule-based method. All methods excelled at extracting
numeric values such as test scores (MMSE, CDR) and biomarker lab values
(total and phosphorylated tau levels), producing precision, recall, and F1
scores >0.90. All methods were generally successful at determining the
presence/absence of phenotypes (hypertension, depression, misplacing,
repeating, atrophy), except for infarct, which was an outlier that all models
struggled with due to poor precision (F1 =0.35-0.82). GPT-4 and Phi-4
successfully extracted the family history of dementia, which LLaMA,
DeepSeek, and the rule-based method struggled to extract. Of note, Deep-
SeeK’s architecture significantly differs from the other LLMs as it uses a
Mixture-of-Experts approach with sparse transformers versus dense
transformers. This may contribute to DeepSeek’s greater performance
discrepancies when extracting simpler phenotypes (e.g, MMSE/CDR
scores) versus more complex phenotypes (e.g., infarct, family history),
where the relevance of information may not be as apparent without the full
context.

We made several noteworthy observations based on a sample of errors
by prompting the LLMs to provide an explanation along with the final
answer (explanatory prompt; Supplementary Table 1). We found that some
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Fig. 3 | Comparison of precision, recall, and F1 for Alzheimer disease-related
clinical phenotype extraction using GPT-4, Phi-4, DeepSeek, LLaMA, and an
existing rule-based NLP pipeline. Box and whisker plots represent the distribution
of metrics across target phenotypes, independently evaluated against gold-standard

Deepseek
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manual annotations from each annotator, then averaged. Median and interquartile
range (IQR) (box) are indicated, with the whiskers indicating 1.5 IQRs of the lower
and upper quartiles. Outliers have been excluded from the figure. LLMs are ordered
from left to right according to decreasing number of model parameters.

Fig. 4 | Heatmap comparing precision from few-
shot prompting of GPT-4, Phi-4, DeepSeek,
LLaMA, and the rule-based pipeline. Values in cells
represent precision for each pipeline and phenotype
calculated independently against each set of anno-
tations, then averaged.
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“errors” made by the LLMs were information missed by annotators (e.g.,
atrophy evidenced by CT scan results reporting “age appropriate volume
loss”), demonstrating an advantage of LLMs over rule-based techniques,
which rely on prior knowledge of expected documentation practices to
achieve high accuracy but fail to generalize to unseen documentation pat-
terns. Meanwhile, LLMs have been trained on large corpora of varied texts to
identify patterns in unstructured text to predict output without needing to
understand the text’s underlying meaning'’, allowing them to be reasonably
successful with minimal prompts and no additional domain-specific
training data.

Many of the errors made by LLMs were due to hallucinations™**’, where
the LLM seemed to connect concepts present in the text to draw inaccurate
conclusions, suggesting the ability to make broad associations between cer-
tain clinical phenotypes and AD based on patterns seen in its training data,
but lacking nuanced clinical knowledge to make accurate interpretations. For

24,25

example, the LLMs tended to struggle with determining if a clinical note
contained evidence that an infarct had been identified on brain imaging. In
several instances, GPT-4 inferred “hyperintensities” on MRI, suggesting
“chronic small vessel ischemic disease”, or a patient history of cerebral
infarctions or strokes to be evidence of infarcts seen on brain imaging.
Additional prompt engineering and fine-tuning using real institutional data,
such as teaching the model to exclude specific terms that commonly result in
false positives (e.g., “do not consider T2 hyperintensities evidence of brain
infarct”), could mitigate this issue. Further, we observed several occasions
where the LLM provided an internally inconsistent explanation, stating
“Yes”, but continuing to explain that no infarcts were identified on brain
imaging, highlighting LLMs’ probabilistic nature compared to deterministic
rule-based NLP. The poor precision and hallucinations observed in the
extraction of this phenotype indicate that the use of automated phenotype
extraction pipelines requires significant human oversight.
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Fig. 5 | Heatmap comparing recall of GPT-4, Phi-
4, DeepSeek, LLaMA, and the rule-based pipeline.
Values in cells represent recall for each pipeline and
phenotype calculated independently against each set
of annotations, then averaged.
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The trade-offs between precision and recall observed suggest that
the choice of extraction method should depend on the extracted phe-
notypes’ intended use. Diagnostic decision-making to identify patients
for risky or expensive interventions such as amyloid-targeting therapies
would require a high-precision method (i.e., rule-based NLP) as they are
burdensome to provide and require careful monitoring™. Determining
eligibility for these treatments would require precise identification of
inclusion and exclusion criteria to balance the opportunity to receive
disease-altering therapy with the burdens and risks of treatment. On the
contrary, a high-recall method such as GPT-4 would be a sensitive, albeit
costly”, tool for screening large cohorts for low-risk interventions (e.g.,
recommendations for lifestyle changes or further clinical evaluation).
Models such as GPT-4 and Phi-4 would be suitable where speed of
implementation and generalizability across diverse domains or institu-
tions are essential and outweigh the need for precision, but the effort of
optimizing a rule-based algorithm might be warranted for repeat use.

During this study, we observed marked differences in the time and cost of
running the LLMs. The cloud-based proprietary GPT-4 model was much
faster to run but far costlier than the local implementations of open-
source LLMs such as Phi-4, whose performance was nearly on par with
GPT-4 and would be cheaper but limited to locally available computa-
tional resources. This has current implications for scalability depending
on whether time- or cost-savings is of greater consideration.

We anticipate that future work, including fine-tuning with real insti-
tutional data, further prompt engineering, and optimizing computational
efficiency, such as using larger, quantized models, will improve the per-
formance achievable using open-source LLMs. Future directions also
include examining the consistency of results achievable by LLMs, inte-
grating rule-based approaches with LLM:s to leverage the strengths of both
methods, assessing the abilities of LLMs to extract additional phenotypes
and generalize across institutions, and testing these LLMs on additional
clinical NLP tasks beyond the AD domain.
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Methods

Dataset

This study was approved by the Washington University (WU) Institutional
Review Board under protocol #201905161, which was granted a waiver of
HIPAA Authorization for the use of Protected Health Information (PHI). Our
dataset contained 100 clinical notes from the WU School of Medicine legacy
Allscripts Touchworks EHR system associated with randomly selected out-
patient office visits at the Memory Diagnostic Center for unique patients with
cognitive concerns between 2013-2018. The note types included New Patient
and Established Patient notes. There were no specific exclusion criteria.
Further details on note selection were previously described"®. Supplementary
Fig. 1 and Supplementary Table 2 show the distribution of note length.

Phenotypes of interest

Phenotypes relevant to AD were previously identified by clinical dementia
specialists (SES, NG)"®. These phenotypes included medical comorbidities
(hypertension, depression), biomarkers (cerebrospinal fluid [CSF] total tau
[ttau] and phosphorylated tau [ptau] concentrations), cognitive assessments
(Clinical Dementia Rating [CDR®], Mini-Mental Status Exam [MMSE])
given matching test dates, behavioral indicators of cognitive decline (mis-
placing objects, repeating statements), family history of dementia, and
findings from brain imaging (atrophy, infarct). Supplementary Table 3
shows the expected output format for the extraction of each phenotype.

Rule-based phenotype extraction

A commercial rule-based NLP platform (Linguamatics I2E; IQVIA), which
leverages public and proprietary ontologies, was used to extract each phe-
notype of interest. Details of the phenotype extraction were previously
described"®.

Phenotype extraction using Cloud-Based LLMs - GPT

To extract phenotypes of interest using GPT-4, we used Microsoft’s Azure
OpenAl Service, which provides REST API access to OpenAI’s language
models. We deployed the OpenAI API endpoint via a HIPAA-compliant
subscription within Washington University’s (WashU’s) Azure tenant. We
applied for and received an exemption from content filtering, abuse mon-
itoring, and human review of our use of the Azure OpenAl service,
removing the ability of Microsoft employees to perform any form of data
review. Keeping model parameters constant (temperature = 0, top_p = 0.95,
frequency_penalty =0, presence_penalty=0), we provided GPT with
prompts (concise prompt) to extract each of the phenotypes using a zero-
shot (Supplementary Table 1) and few-shot (Supplementary Table 2)
approach and return results in a structured JSON format that were used in
the evaluation. For error analysis, a prompt designed to induce a verbose,
explanatory output was used (Supplementary Table 1).

Phenotype extraction using Locally Implemented LLMs - LLaMA,
Phi-4, DeepSeek

To evaluate NLP options with improved possibility of scalability, we eval-
uated a series of open-source LLMs. Models (LLaMA-3.2-3b, Phi-4-14b,
and DeepSeek-R1-Distill-LLaMA-8b) were downloaded from the Ollama
Hub repository™®, and run locally on WU’s Research Infrastructure Services
Scientific Compute Platform using a NVIDIAA100_SXM4_40GB GPU.
Ollama model files were modified to increase the context window limit to
120k tokens to accommodate the clinical notes. The prompts follow the
zero-shot and few-shot approaches employed by the GPT extraction
pipeline (Supplementary Tables 1, 2). Outputs of the local LLMs were
sometimes not in the desired JSON format; this was resolved by passing the
outputs to the LLM again to return properly formatted JSON output that
could be used in the evaluation.

Manual annotation and evaluation of phenotype extraction
performance

Phenotype extraction results were evaluated as previously described.
Results from each pipeline were compared independently against each of

two subject matter experts’ (SME’s) manual annotations. The SMEs were
blinded to each other’s annotations and to the pipeline’s results. As pre-
viously reported, inter-annotator agreement was high (Cohen’s
kappa = 0.72-1), thus we report performance metrics (precision, recall, and
F1-score) averaged across annotators. Precision and recall assess a pipeline’s
ability to correctly identify positive cases and retrieve all positive cases,
respectively, while F1-score balances precision with recall; all three metrics
were calculated using the scikit-learn package (version 0.22.1).

Tests of statistical significance

Differences in model performance were evaluated for significance using
Wilcoxon signed rank tests for pairwise comparisons between models or
between prompting strategies. Pairwise comparisons were performed across
all models for their zero-shot and few-shot performance, and within models
for if the zero-shot or few-shot performance was better for that model. 95%
confidence intervals for were calculated using Wilson score intervals for
precision, recall, and F1 score for all models. Wilson score intervals were
employed for their ability to handle small sample sizes without violating
assumptions. Analyses were performed using Python and the scipy stats
package.

Data availability
The datasets utilized are not publicly available to protect patient privacy.

Code availability
Prompts used in this study are shown in Supplementary Tables 1, 2. Model
parameters utilized are described in the Methods.
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