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% Check for updates Most electronic health record (EHR) data reside in unstructured text,
recorded in encounters between healthcare providers and patients. These
encounters capture symptom narratives, adverse effects, treatment
rationales, adherence challenges, family history and other nuances that are
not coded or only partially reflected in structured fields such as diagnosis
and procedures codes. Yet the majority of real-world evidence studies rely
onstructured data fields. Here we present anew approach that uses large,
pretrained language models to accurately extract computable clinical
datafromunstructured EHR text. Physician adjudication confirmed high
accuracy against ablinded expert reference standard, with high expert
physicianinter-reviewer agreement. The framework is disease-agnostic and
scales to large patient datasets across all clinical conditions. The extracted
clinical entities are integrated with structured EHR data, embedded with
medical ontologies, and organized into a knowledge graph, allowing
all relationships between variables to be interrogated at the level of
individual patients or at scale. An agentic-friendly programmaticinterface
navigates large-scale knowledge graph data, making analyses rapid, easy
and cost-effective, both for exploration and hypothesis testing. This
human-guided query environment enables acceleration of labor-intensive
tasks, while study design, analytic decisions and interpretation remain
under investigator control. To demonstrate clinical utility, we conducted a
large-scale longitudinal analysis of treatment responses among individuals
initiating glucagon-like peptide-1receptor agonists (GLP-1RAs) therapy.
We identify large numbers of patients initiating GLP-1RAs with high
confidence, reconstruct patient-level trajectories, and model longitudinal
changesin weight and hemoglobin Alc following GLP-1RA initiation,
revealing association between these parameters and response to therapy.
Further, we characterize outcomes captured only in unstructured clinical
notes and show time-to-event outcomes, moving beyond fixed-timepoint
end points to provide acomprehensive understanding of real-world
treatment responses.
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Widespread adoption of electronic health records (EHRs) has created
unprecedented opportunities for learning from real-world clinical
care. Historically, EHR-based research and risk prediction focused pre-
dominantly onstructured datafields, such as diagnosis and procedure
codes. Yet most EHR data are unstructured, free-text documentation
that capture symptom narratives, adverse effects, treatment rationales,
adherence challenges, family history and nuances of disease and health
status that are not coded or only partially reflected in structured fields.
The structured EHR data represent the visible 20%, leaving the rich
clinical narrative hidden'.

A systematic review’ found that less than 1% of real-world clinical
studies utilized unstructured text; adding unstructured text raised
median case-detection sensitivity from 62% to 78%. A recent survey
reported that only 9 out of 984 pediatric research studies met their
inclusion criteria, where the majority were excluded for not utilizing
unstructured EHR data toidentify adverse events®. Furthermore, only
2-4% of social determinants from unstructured clinical narratives are
captured. Failure to extract unstructured insights blinds researchers
tomany drivers of healthcare outcomes, rendering much of a patient’s
journey invisible, causing many analyses and models to be flawed*.

Classical natural language processing (NLP) pipelines, using
rule-based systems and concept matchers, such as cTAKES® and Meta-
Map®, have demonstrated that unstructured notes could be mined,
but struggle with long context and have limitations analogous to
key word searching. Biomedical Al remains largely ‘unimodal” and
fails to integrate narrative context essential for precision medicine’.
Recently developed transformer-based models haveimproved extrac-
tion performance®™ and minimized Al hallucinations'. Yet challenges
remain to making unstructured EHR data extractions accurate and
outputs valid for clinical use. Recent US Food and Drug Administration
(FDA) guidance states ‘large amounts of key clinical data are unstruc-
tured datawithin EHRs", and extra care must be taken when converting
this datainto computable formats.

We present anew approach using large, pretrained language mod-
els to accurately extract computable clinical data from unstructured
EHR text. The extracted clinical entities are organized into aknowledge
graph (KG), a data representation in multidimensional space, and
paired withan agentic Al programmaticinterface thatallows for queries
across multiple variables at the level of individual patients or at scale.
The framework s disease-agnostic and scales to large patient datasets
across all clinical conditions. The first section of our paper focuses on
our extraction methods and their analytical validity, verifiability and
key principles that ensure accuracy of extractions and analytic outputs.
The second section focuses on the clinical utility of the extracted data
demonstrated with the use case of a large-scale longitudinal analysis
of treatment responses among individuals initiating glucagon-like
peptide-1receptor agonists (GLP-1RAs). We identify large numbers
of patients initiating GLP-1 RAs with high confidence, reconstruct
patient-level trajectories and model longitudinal changes in weight
and hemoglobin Alc (HbAlc) following GLP-1 RA initiation. Finally,
we discuss the implications of this approach for large-scale analyses
supporting clinical research and care.

Results

Extraction validation and knowledge graph assembly

We developed a framework that integrates structured and unstruc-
tured EHR data into a computable, reviewable, longitudinal repre-
sentation of care (Extended Data Fig. 1). The framework combined
structured clinical data with information extracted from narrative clini-
cal notes, mapped these elements to existing biomedical ontologies,
derived data-driven taxonomies for patient-centered concepts that
established ontologies do not cover, and organized the result within
apatient-centered KG. Across this workflow, self-improving Al research
agents (Al agents iterating and improving their own agent skills) were
used for EHR note extraction, ontology grounding, graph assembly,

retrieval, cohort construction and generation of reviewable analysis
code under investigator oversight (Extended Data Fig. 2).

Patient data pipeline for extractions and analyses

Alarge de-identified ambulatory EHR data resource was used as our
source data. Thisresource is derived from multiple healthcare provider
systems and spans four distinct EHR systems, 1,337 physician practices
and 8,871 unique providers. These source dataincluded structured clini-
calrecords and longitudinal free-text documentation. Starting with a
datalake of approximately 35 million patient EHR’s, we selected 213,000
individuals with GLP-1RA (semaglutide and tirzepatide) exposure in this
longitudinalambulatory EHR resource. Included patientshadup to 10
years of available clinical history (Fig.1). We analyzed unstructured EHR
text fromarandom sample of approximately 1,000,000 clinical visits
to ensure computational feasibility at scale, capturing the complete
medical histories 31,235 patients in our data source (Fig. 1).

Extraction process quantification and validation

The patient narrative carries important clinical detail that coded
fields omit and is not analyzable in its recorded form. We therefore
decompose each note into a set of entities along with their associ-
ated atomic statements (single standalone propositions evidenced
fromthe source note) using alarge language model-based extraction
pipeline. Large language models (LLMs) were used with structured
generation and domain-specific prompting to derive computable
clinical information from unstructured text. Because notes are lon-
gitudinal and heavily copy-forwarded, extraction was defined as a
change-tracking operation where the current note is compared to
the previously stored extraction. Findings are labeled as added, modi-
fied or removed, with stable terms carried forward without duplica-
tion (Extended Data Fig. 3). This allows extracted events to be placed
on an encounter timeline and assembled into patient trajectories.
Entities were prompted for extraction in the following categories:
medication, self-reported symptoms, adherence, family history, hos-
pitalizations, quantitative assessments and disease-status (Methods
provides descriptions of each category). To establish that note-derived
elements are accurate to support downstream analysis, we evaluated
the extraction pipeline against ablinded physicianreference standard.
The reference set comprised 100 clinical visits spanning 96 provid-
ers, 86 practices and four EHR systems. A primary physician reviewer
scored every model-extracted statement across three domains in all
100 visits. A second physician scored 30 of those visits, 10 alongside
the primary reviewer for calibration and 20 independently, and a third
physician, blinded to reviewer identity, adjudicated disagreements on
the 20 independently scored visits to produce an adjudicated refer-
ence (Methods and Table1).

Overall, precision and recall of the model achieved an F1 (harmonic
mean of precision and recall) score of 99.4% (precision 99.2%, recall
99.6%), with per-domain F1 of 98.9% for medications, 99.5% for phe-
notypes and findings and 100% for quantitative assessments (Table1).

Across the remaining 70 visits scored by the primary reviewer
alone, the model achieved an F1score of 97.6% (precision 99.3%, recall
95.9%;1,756 true positives, 13 false positives, 75 missed findings), with
per-domain F1 of 96.0% for medications, 97.4% for phenotypes and
99.4% for quantitative assessments (Table 1). In the planted-error
probe (32 withheld correct findings identified by the model; Methods),
reviewers recovered 26 of errors (81.2% sensitivity).

A20-visitsubset wasindependently scored by asecond physician
and adjudicated subsequently and independently by a third physician,
to quantify inter-reviewer reliability and provide an adjudicated refer-
ence for the model’s precisionand recall (Methods). On this subset the
tworeviewers agreed on 94.7% of 698 jointly scored statements (Gwet’s
AC10.943) and the model’s precision as judged by the primary reviewer
(99.3%) matched its precision against the adjudicated reference, indi-
cating that primary reviewer scoring was reliable.
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Patients in Sidus data lake
All patients available in the longitudinal EMR
n =35.12 million

Active adult patients
>5 clinical encounters between January 1, 2022 and Oct 1, 2025
n =2.53 million

GLP-1-exposed adults
Ever received any GLP-1 prescription
n=213,000

Patients with evidence of baseline data

Data or mentions of HbA1c and weight within -60 to +14 days
(includes 13,391 identified from unstructured notes)
n=54,277

Full extracted cohort

Patients represented in a prespecified 1 million-visit sample
selected for note extraction (500,000 visits from each branch)
n=231,235

Clinical Analysis Cohort

Patients with baseline weight and HbA1c documented within -60
to +14 days of GLP-1 initiation (not necessarily numeric)
n=25,792

Clinical exclusions
« Pregnant during study window: n = 50

Eligible GLP-1 baseline cohort
After application of clinical exclusion criteria
n=25,092

« History of bariatric surgery: n = 448
« Oral semaglutide exposure: n = 202

Baseline data unavailable within predefined window (-60 to +14 days)

Baseline weight and HbA1c available
Baseline measures present within =60 to +14 days of first exposure
n=17,883

« Missing baseline weight: n = 2,276
« Missing baseline HbA1c (among those with baseline weight): n = 4,933

Follow-up and adherence filtering (gap = 120 days)
« Excluded from weight analytic cohort after baseline: n = 1,822
no weight measurement on or after day O (n = 411); removed by the day-O

adherence filter (n = 1,411)

« Additional exclusions for HbA1c analytic cohort after baseline: n = 3,095
no post-baseline HbAlc measurement (n = 3,031); removed by adherence
censoring (n = 64)

Final weight analytic cohort

Met follow-up and adherence
requirements (120-day gap definition)
n=16,061

Final HbA1c analytic cohort
Met follow-up and adherence

n=14,788

requirements (120-day gap definition)

Fig. 1| Flow diagram. Summarizing cohort selection, baseline assessment pathways and definition of the final analytic cohorts for longitudinal weight and

HbAlc analyses.

Second, we compared our models with existing machine-learning
named entity extractors. A primary expert and two additional expert
reviewers from multiple institutions independently reviewed the
extracted entities produced by each method across 20 visits (Table 1
and Extended Data Table1). Reviewers adjudicated machine-extracted
output rather than annotating notes de novo; accordingly, we report
precisionand characterize error typesratherthanrecall. For phenotype
extraction, inter-rater agreement was near-perfect for our GPT-based
pipeline (xk = 0.955-1.000 across pairs) and substantially lower for
the non-LLM baseline PhenoTagger (x = 0.600-0.800), reflecting

the latter’s inconsistent handling of clinical language. Our pipeline
achieved 99.5% precisionon 1,889 adjudicated phenotype extractions;
PhenoTagger reached only 15.3%, with 83.4% of its extractions repre-
senting negation errors (phenotypes asserted as present when they
wereinfactabsent). For medication extraction, inter-rater agreement
was again highest for our pipeline (x = 0.917-1.000) compared to BERT
Large Med named entity recognition (NER)"®" (kx = 0.781-0.964) and
BioNER? (k = 0.788-1.000). Our pipeline achieved 95.5% precision on
221adjudicated medication extractions, versus 81.6% for BioNER and
65.4% for BERT Large Med NER. Together, these findings indicate that
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Table 1| Extraction validation

GPT-5.2 Low model-extracted statements versus physician reference

Domain Adjudicated reference Single reviewer
(20 visits) (visits 31-100)

Precision Recall F1 Precision Recall F1
Medications 98.9% 98.9% 98.9% 98.0% 941% 96.0%
Phenotypes & 99.1% 100%  995% 100% 95.0% 97.4%
findings
Assessments  100% 100% 100% 98.8% 100% 99.4%
Overall 99.2% 99.6% 994% 99.3% 95.9% 976%

Comparison with other extraction models (20 visits)

Domain Model N Precision Negation error
Phenotypes GPT-5.2 Low 1,889 99.5% 0.0%

PhenoTagger 1,847 15.3% 83.4%
Medications ~ GPT-5.2 Low 221 95.5% 2.3%

BioNER 179 81.6% 3.8%

BERT Large Med NER 344 65.4% 3.4%

Metrics are entity-level. Top (validation against physician review): adjudicated results are
from a 20-visit subset independently scored by two physicians and reconciled by a blinded
third physician adjudicator; single-reviewer results are from one physician across visits
31-100. Bottom (comparison with other models): N is the number of physician review events
per method over the same 20-visit set (repeated review of a shared sample rather than
independent patient samples); negation error is the proportion of extractions asserted as
present when the note recorded them as absent.

our extraction framework recovered clinically relevant information
from unstructured notes with high validity and was superior to the
non-LLM comparator methods.

After validation, we ran the full extraction pipeline over 1 million
clinical visits, recovering more than 49 million clinical entities, includ-
ing 14.6 million self-reported symptoms, 12.8 million phenotype data
points, 1.6 million medication switches and 1.3 million adherence
events. The full pipeline was run using the more cost-efficient GPT-5
miniand had a0.80 concept recall with GPT-5.2 (Table 2). Verification
scores of key clinical entity extractions from the source text (symp-
toms, disease, phenotypes, assessments, history, current medication
and medication adherence) were high, ranging from 94.1% to 98.4%
(Table 2). Medication switching among agents and dose had slightly
lower verification rates (74% to 81%), mainly due to contradictory
statements in the source text.

Conceptdiscovery

When standard medical terminology already exists, we map extracted
terms to associated vocabulary, such as tenth revision of the Interna-
tional Classification of Diseases (ICD-10), Human Phenotype Ontol-
ogy (HPO) and Unified Medical Language System (UMLS). Many
patient-centered concepts have no standard terminology, we therefore
derived groupings directly from the notes themselves. Based on ques-
tions, we organize note-derived eventsinto data-driven taxonomies. In
this case, we included medication symptoms, medication stops, medi-
cationswitches, dose changereasons, adherence barriers, adherence
recommendations and hospitalization reasons. We embedded short
textspans fromverified events, clustered them by semantic similarity
and assigned labelsto each cluster. Asecond grouping step organized
these labels into higher-level parent categories, yielding a two-level
taxonomy of recurrent clinical categories.

This approach identified concise, reusable groupings from
unstructured documentation, while preserving linkage to the under-
lying note text. In medication switching, for example, the pipeline
grouped related reasons for switching medications into clinically
coherent categories that could be used as downstream analytic filters
(Fig. 2a). A low-dimensional projection of the embeddings (Fig. 2a)

separated the discovered groupings, and their stability across projec-
tion parameter settings was assessed as described in Methods.

These findings indicate that the concept-discovery pipeline organ-
ized heterogeneous narrative statements into taxonomies linked to
underlying note text for downstream analysis.

Computable elements for clinical analyses

We assembled a patient-centered KG for longitudinal analyses. A KG
represents data as entities (nodes) connected by explicit semantic
relationships (edges). In the patient-centered graph used here, nodes
represent patients, visits, ontology concepts and clinical entities drawn
fromstructured records and unstructured notes, and edges carry tem-
poral as well as semantic relationships, with each element retaining a
link toits source?. This architecture allows for graph traversal, revealing
connections across any data, for example from a patient node to their
medication history to specific adverse events extracted from notes.
The combination of extracted structured and unstructured data with
the agentic framework allows downstream users to query multiple
clinical parameters at the level of individual patients or at scale (mil-
lions of patient visits).

The KG contained the clinical analysis cohort defined in Fig. 1
(25,092 patients with baseline weight and HbAlc documented from 60
days before to 14 days after GLP-1 RA initiation). This KG contains 88
million nodes, 241 million edges and is mapped to more than 58,000
UMLS concepts, 8,736 HPO concepts and 39,827 unique medications.

Each patient was represented as a temporally linked KG that
integrates unstructured note-derived phenotypes with structured
EHR data. As shown, addition of unstructured variables substantially
increases size, density and complexity of the patient KG (Fig.2b). Nota-
bly, each element remains linked to source evidence, visit metadata,
assertion or negation status and verification level. Each element is
grounded toreference terminologies (HPO, UMLS and RxNorm) or our
data-driven taxonomy. Retrieval, grounding and graph-construction
steps were performed using agents that generated reproducible code
and preserved provenance links to underlying source data. Our unified
representation supported both cohort-level analytics and auditable
reconstruction of longitudinal patient journeys. Shared visit anchors
enabled temporal queries linking glucagon-like peptide-1 receptor
agonist (GLP-1RA) exposure to emergent or resolving phenotypes
and to contemporaneous changesinlaboratory values, vital signs and
coded diagnoses, while preserving event order and status changes
across visits. This representation also generated patient-level journey
reconstructions with linked source evidence (original EHR) and uncer-
tainty quantification metadata (Fig. 2¢).

Analyses over this graph were carried out by research agents work-
ing in an analytic environment. Given a research question, an agent
retrieves therelevant subgraph, draftsan analysis plan, writes the code
that implements it and builds intermediate data structures that the
investigatorinspects before results are produced. Every step is written
to persistent, reviewable code, so the path from aresearch questionto
areported number is reproducible.

Clinical application: Real-world outcomes after GLP-1RA
initiation in routine care

Analytic validity does not by itself demonstrate clinical utility. We there-
fore applied the framework to GLP-1RAs, a drug class whose rapid
uptake has reshaped the management of type 2 diabetes (T2DM) and
obesity at population scale.

We used our Al agent workflows in our KG composed of patients
who initiated GLP-1 RA therapies (semaglutide and tirzepatide), to
identify eligible patients, longitudinally align note-derived and struc-
tured observations around treatment initiation, and generate review-
able analytic code to assemble longitudinal cohorts for weight and
glycemic analyses. Cohort assembly and attrition are summarized
inFig. 1.
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Table 2 | Cohort summary and extraction verification statistics

Total cohort summary of 1million visits from 31,235 patients.

Category Records Entities Scoreof 3 Score of 2 Score of 1 Scoreof O
Self-R symptoms 884,246 14.6M 14.0M (96.2%) 474K (3.2%) 56K (0.4%) 22K (0.2%)
Phenotypes 890,681 12.8M 12.2M (95.5%) 479K (3.7%) 57K (0.4%) 41K (0.3%)
Diseases/conditions 902,145 9.2M 8.6M (94.1%) ATTK (5.2%) 45K (0.5%) 21K (0.2%)
Current meds 746,818 4.4M 4.3M (97.8%) 82K (1.9%) 8K (0.2%) 5K (0.1%)
Assessments 611,576 26M 2.6M (98.4%) 34K (1.3%) 4K (0.2%) 3K (01%)
Family history 720,315 2.0M 1.9M (98.2%) 13K (0.7%) 10K (0.5%) 12K (0.6%)
Meds switched 516,708 1.6M 1.2M (75.5%) 287K (17.6%) 77K (4.7%) 32K (2.0%)
Adherence MDE 690,072 1.3M 1.3M (97.2%) 29K (2.2%) 6K (0.5%) 712 (0.1%)
Dosage change 245,953 429K 348K (81.1%) 52K (12.3%) 8K (21%) 19K (4.4%)
Medication stop 234,680 419K 411K (98.0%) 5K (1.4%) 1K (0.4%) 774 (0.2%)
Med adv. effect 213,187 330K 299K (90.4%) 18K (5.6%) 11K (3.5%) 1K (0.5%)
Hospitalizations 134,923 219K 199K (90.9%) 14K (6.4%) 4K (21%) 1K (0.5%)
Fine-tuning cohort: phenotypes of 100K visits from 3,271 patients.

Phenotypes 94,805 1.56M 1.49M (90.9%) 59K (6.4%) 6K (2.1%) 4K (0.5%)
Analysis cohort: 15K patients; 141K visits; 1.05M phenotype events (365-day window).

Baseline split Visits Events Total visits Visits % Events % Unique codes
After baseline 81,043 618,555 15K 57.40% 58.80% 5,010
Before baseline 60,228 432,928 15K 42.60% 41.20% 4,632

The cohort consists of 1,000,000 total visits across 31,235 unique patients using GPT-5 Mini Reasoning Low. Verification scores indicate the level of evidence support: 3 (fully supported), 2
(partially supported), 1 (inferred) and O (not supported). Records, the number of source records from which each domain was extracted; entities, the number of extracted data points that the four
verification-score columns partition. M, million; K, thousand; Self-R, self-reported; Adherence MDE, adherence to medication, diet and exercise; Med adv. effect, medication adverse effect.

After applying plausibility, follow-up and persistence filters, the
primary cohortsincluded 16,061 and 14,788 individuals for longitudinal
weight and HbAlc analyses, respectively. The smaller HbAlc cohort
reflected less frequent routine-care testing. For our persistence cohort
(using a120-day persistence definition), the weight cohort decreased
from 16,061 at baseline to 1,247 at 12 months and 367 at 18 months,
reflecting expected attrition over time (Supplementary Table 1).

Baseline characteristics varied across glycemic strata (Table 3).
Individuals with normal glycemia were younger and had lowest baseline
HbAlc, whereas those with T2DM and poorly controlled diabetes were
older (more than 95% aged >40 years in poorly controlled group) and
had progressively higher baseline HbAlc’s. Baseline weight and body
mass index (BMI) were highest in prediabetes and lowest in poorly
controlled diabetes. Obesity was common across all groups, with more
than two-thirds meeting criteria for class I-1ll obesity.

Weight-loss thresholds were broadly similar across strata,
although >10% and =15% weight loss was most frequent in normal
glycemia and least frequent in poorly controlled diabetes. By con-
trast, glycemicimprovementincreased with baseline HbAlc, whereas
individuals with normal glycemia showed minimal absolute change.

Contribution of unstructured clinical documentation

Because these cohorts were assembled from bothstructured fields and
note-derived values, we next quantified how much of the analyzable
dataeachsource contributed. Of the 14,788 patientsin the HbAlc ana-
lytic cohort, 42.2% of baseline HbAlc values came from unstructured
notes, 52.2% from structured EHR dataand 0.6% from both. Documenta-
tion source was stable within patients over time. Among those whose
baseline HbAlc came from notes, 84.0% of follow-up measurements
also came from notes. These patients were followed more frequently
than patients with structured baselines, averaging 7.31 versus 3.00
HbAlc observations, respectively, suggesting that for unstructured
HbAlc documentation was the primary longitudinal datasource. Across
all patients, 70.0% of HbAlc observations were identified exclusively

fromunstructured clinical notes, compared to 28.7% from structured
laboratory data and 1.3% from both sources. In contrast, weight was
captured predominantly in structured vital-sign data (98.8%). GLP-1
RA exposure relied on both sources, with 47.9% of events supported
by structured prescription records, 33.4% exclusively by unstructured
clinical notes and 18.6% by both.

The addition of data from unstructured documentation contrib-
uted to the analysesin two distinct ways. Most consequentially, it made
entire clinical domains analyzable that structured fields do not capture
measures such as depression severity, painintensity, waist circumfer-
ence and adherence barriers. Second, it expanded ascertainment for
domainsthat structured fields do capture: 6,238 patients entered the
HbAlccohortand 6,684 the weight cohort only because abaseline was
recovered from clinical notes and would have been excluded using
structured baselines alone (overlapping cohorts; counts are not addi-
tive). This tightened estimates for outcomes already supported by
structured data. A sensitivity analysis using structured-only data pre-
served the direction of every association but widened the confidence
intervals (Extended Data Table 2), confirming that note-derived infor-
mation sharpened rather than distorted the results. Because weight
and HbAlc are well captured in both structured and unstructured
fields, thisisaconservative test case on the value of unstructured data.

Stratified longitudinal weight and HbAlc trajectories

Having established that note-derived data broadened ascertain-
ment without distorting estimates, we examined whether treatment
response differed by baseline glycemic status. Model-based longitu-
dinal trajectories showed greater and more rapid weight loss after
GLP-1RA initiation among individuals with lower baseline glycemic
burden, with progressively attenuated weight loss across prediabetes,
T2DM and poorly controlled diabetes (Fig. 3a). Separation between
glycemic strataemerged early and persisted throughout follow-up. At
12months, model-predicted weight change ranged from -7.7% (95% CI
-8.7t0-6.7) innormal glycemiato-5.9% (-6.6 to -5.2) in prediabetes,
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Fig.2|Data-driven taxonomies, knowledge graphs and reconstructed
patient journeys derived from unstructured clinical notes. a, Right: two-level
taxonomy of reasons for medication switching: 95,637 note-derived items in

50 subcategories and 12 parent categories. Inner ring, parent categories; outer
ring, subcategories, unlabeled. Left: UMAP projection of embedded items,
colored by parent category. b, Knowledge graphs for one patient (52 visits) from
structured EHR data alone (2,538 nodes) and after adding note-derived entities

(8,249 nodes); rendered area is proportional to node count. Asterisks mark the
two clinical-feature families that c shows as one. Assessments are note-derived
quantitative values including HbAlc and PHQ-9. ¢, Reconstructed journey for
anadditional patient (14 visits): atomic extraction from one visit note, temporal
decomposition of the graph by visit, and the extracted events on a time axis.
Colorsareasinb. Dashed outline, the source visit; red outline, the two atoms
enlarged at right.
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Table 3 | Baseline demographic and clinical characteristics of the primary study cohort, stratified by baseline

glycemic status
Characteristic Total (N=16,061) Normal glycemia Prediabetes (n=4,316) T2DM (n=5,864) Poorly controlled diabetes
(n=3,468) (n=2,413)
Baseline HbAlc, % 7.3+1.9 54+0.3 6.1+0.2 76+0.7 10.8+1.5
Age, years 59.7+13.0 52.7+13.5 59.6+12.3 63.4+11.7 61.1£12.2
Weight, lbs 217.7+474 216.2+45.4 223.4+470 216.6+47.9 212.1+48.5
BMI, kgm™ 35.1£6.6 35.4+6.5 36.3+6.5 34.6+6.6 34.0+£6.6
Age group
<40 years 1,103 (6.9%) 569 (16.4%) 268 (6.2%) 160 (2.7%) 106 (4.4%)
240 years 14,958 (93.1%) 2,899 (83.6%) 4,048 (93.8%) 5,704 (97.3%) 2,307 (95.6%)
Baseline BMI category
Underweight 20 (0.1%) 3(0.1%) 5(0.1%) 6 (0.1%) 6(0.2%)
Normal weight 674 (4.2%) 107 (31%) 107 (2.5%) 292 (5.0%) 168 (7.0%)
Overweight 2,938 (18.3%) 599 (17.3%) 599 (13.9%) 1,197 (20.4%) 543 (22.5%)
Obese class | 4,626 (28.8%) 1,033 (29.8%) 1,230 (28.5%) 1,669 (28.5%) 694 (28.8%)
Obese class I 3,777 (23.5%) 848 (24.5%) 1,106 (25.6%) 1,307 (22.3%) 516 (21.4%)
Obese class Il 3,364 (20.9%) 728 (21.0%) 1,113 (25.8%) 1,05 (18.8%) 2418 (17.3%)
Unknown 662 (4.1%) 150 (4.3%) 156 (3.6%) 288 (4.9%) 68 (2.8%)
Sex
Female 9,787 (60.9%) 2,671(77.0%) 2,861(66.3%) 3,040 (51.8%) 1,215 (50.4%)
Male 6,274 (39.1%) 797 (23.0%) 1,455 (33.7%) 2,824 (48.2%) 1,198 (49.6%)
Race
White 6,543 (40.7%) 1,418 (40.9%) 1,731 (40.1%) 2,485 (42.4%) 909 (37.7%)
Other 2,432 (15.1%) 403 (11.6%) 695 (16.1%) 881(15.0%) 453 (18.8%)
Unknown/refused 7,086 (44.1%) 1,647 (47.5%) 1,890 (43.8%) 2,498 (42.6%) 1,051 (43.6%)

Values are meanzs.d. for continuous variables and n (%) for categorical variables. Percentages are column percentages calculated within each glycemic stratum; categories are mutually
exclusive and exhaustive, so counts sum to the column total. Baseline glycemic status was assigned from the baseline HbA1c value: normal glycemia <5.7%, prediabetes 5.7 to <6.5%, T2DM
6.5 to <9.0%, and poorly controlled diabetes >9.0%. Baseline values are those recorded from 60 days before to 14 days after GLP-1 RA initiation. Unknown or refused responses are retained as a
separate category rather than excluded. The table is descriptive; no statistical comparisons were made between strata.

-4.9% (-5.5t0 -4.2) in T2DM and -2.7% (-3.6 to —1.8) in poorly con-
trolled diabetes (Extended Data Table 3).

HbAlc trajectories showed the opposite gradient. Absolute
HbAlcreductionincreased with baseline glycemic severity, with larg-
est declines in poorly controlled diabetes and smaller reductions in
T2DM and prediabetes (Fig. 3b). Most HbAlc decline occurred early
after initiation and then plateaued. At 12 months, model-predicted
HbAlc change was minimal in normal glycemia (-0.01 percentage
points; 95% CI -0.08 to 0.05), modest in prediabetes (-0.19; -0.29 to
-0.08), larger in T2DM (-0.63; —0.77 to —0.49), and greatest in poorly
controlled diabetes (-2.36; -2.63 to —2.08) (Extended Data Table 3).
Despite these reductions, mean HbAlc in the T2DM and poorly con-
trolled diabetes groups remained above diagnostic thresholds for
diabetes during follow-up.

Weight trajectories differed by sex and age (Fig. 3¢,d). Females
and younger individuals (20-39 years) showed greater weight loss
over follow-up than males and those aged >40 years, respectively,
although trajectory shapes were similar across strata. At 12 months,
model-predicted weight change was —6.1% (95% CI -6.5 to -5.7) in
females versus —4.0% (-4.4 to —3.5) in males, and -8.1% (-9.5 to —6.7)
inindividuals aged 20-39 years versus —5.1% (5.4 to —4.8) in those aged
>40 years (Extended Data Table 3).

HbAlc trajectories showed minimal variation by sex, age or base-
line BMI and were largely overlapping across these subgroups. Cor-
respondingly, model-predicted 12-month HbAlc change differed
little by sex, with reductions of —0.74 percentage points (95% CI-0.81
to —0.68) in females and —0.78 (-0.87 to —0.70) in males, and varied

only modestly by age, from —0.59 (-0.80 to —0.39) in individuals
aged 20-39 years to -0.77 (-0.82 to -0.71) in those aged >40 years
(Extended Data Table 3).

Time to weight loss and HbAlcreduction

Mean trajectories describe the average magnitude of change but not
when patients reach clinically meaningful thresholds, we therefore also
modeled time to clinically meaningful events. Time-to-event analyses
showed slower and less frequent weight loss with increasing baseline
glycemic burden (Fig. 3e(i-iii)). Median time to >5% weight loss was 210
days (95% C1196-219) in normal glycemia, 238 days (219-257) in predia-
betes, 285 days (266-302) in T2DM and 413 days (357-449) in poorly
controlled diabetes. Median time to >10% weight loss was estimable
only in normal glycemia (450 days; 95% Cl 412-488), and median time
to >15% weight loss was not estimable in any group.

Coxmodels showed the same pattern: relative to normal glycemia,
hazards of achieving weight-loss thresholds declined progressively
across worsening baseline glycemic categories, from 0.92 (95% C1 0.85-
0.99) in prediabetes, 0.83 (0.76-0.89) in T2DM and 0.65 (0.59-0.72)
inpoorly controlled diabetes for >5% weight loss, to 0.80 (0.68-0.94),
0.63 (0.53-0.74) and 0.46 (0.37-0.58), respectively, for 215% weight
loss (Extended Data Table 2).

Time-to-event analyses showed clear separation across baseline
glycemic categories, with faster and more frequent HbAlc reduc-
tion at higher baseline HbAlc levels (Fig. 3e(iv-vi)). Median time to
a>0.5-point HbAlc reduction was 99 days (95% Cl 97-102) in poorly
controlled diabetes and 151 days (146-160) in T2DM, compared to
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468 days (412-528) in prediabetes; median time was not estimable in
normal glycemia because events were infrequent. Median time to a
>1.0-pointreduction was estimable in T2DM (294 days; 95% C1272-314)
and poorly controlled diabetes (106 days;104-110); the median time to
a=1.5-pointreduction was estimable only in poorly controlled diabetes
(116 days; 95% C1112-121).

Coxmodels showed the same gradient. Relative to normal glyce-
mia, the hazard of achieving a>0.5-point HbAlc reduction was 3.77-fold
higher in prediabetes (95% CI 3.17-4.48), 10.98-fold higher in T2DM
(9.32-12.93) and 20.08-fold higher in poorly controlled diabetes
(17.00-23.72); this gradient strengthened at the >1.0-point thresh-
old, with hazard ratios of 3.00 (2.06-4.38), 29.16 (20.64-41.21) and
82.95(58.66-117.29), respectively (Extended Data Table 2). Additional
sensitivity analyses of patient trajectories including those for longitu-
dinal weightand HbAlc, were across alternative GLP-1RA persistence
definitions, spanning gap thresholds from 30 to 730 days, all evaluated
within the 18-month follow-up window; the widest threshold retains
the full cohort with no persistence-based censoring.

Unstructured note-derived longitudinal trends

Many clinically important elementsingeneral and in the case of GLP-1
RAsareonly capturedinunstructured clinical notes and have been dis-
cussed as potentiallyimpacted by GLP-1RAs in additionto the indicated
end points of weightloss and HbAlc. Having recovered these measures
ascomputable, date-stamped values, we analyzed their trajectoriesin
the same cohort as an exploratory analysis.

Longitudinal change analyses required a baseline assessment
within £30 days of GLP-1RA initiation and at least one repeat assess-
ment between 30 and 365 days, yielding analysis populations for
depression (patient health questionnaire (PHQ)-9) (625 patients),
general pain intensity (436 patients), waist circumference (99
patients), alcohol use (198 patients) and muscle strength (219 patients)
(Extended Data Table 4). Characteristics of the wider populations from
which these analysis populations were drawn, comprising all patients
with at least one documented assessment in each domain, are given
in Supplementary Table 2; across domains, most patients were aged
>40 years, obesity was common and mean baseline HbAlc ranged
from 6.4%t0 7.6%.

Model-predicted changes at 3, 6,9 and 12 months, with 95% Cls for
every domainandbaseline subgroup, aregivenin Extended Data Table 4.
Depressive symptoms improved most in patients with elevated baseline
scores (Fig. 3f(i)): the estimated 12-month change was —2.52 points (95%
Cl -5.01to -0.04) with baseline PHQ-9 =5 (n=263) and —6.01 points
(-9.28 to —2.74) with baseline PHQ-9 >10 (n =117), where intervals
excluded zero from 9 months onward. In the overall PHQ-9 population
(n=625), intervals overlapped zero at all time points.

General painintensity showed the same baseline-severity gradient
(Fig. 3f(ii)). With baseline pain 24 (n = 266), intervals overlapped zero
atevery time point; with baseline pain>7 (n =160), reductions reached
-0.97 points at 12 months (95% CI-1.93 to —0.01), with intervals exclud-
ing zero from 6 months onward.

Waist circumference declined at every time point (n=99;
Fig. 3f(iii)), by —2.68 inches at 12 months (95% Cl-4.60 to -0.76). No clear
longitudinal changes were observed for alcohol use or muscle strength.

Discussion

We describe an end-to-end approach using LLMs and recursive,
self-improvement Al agents to accurately convert EHR medical textinto
computable clinical elements, organize them within patient-centered
KGs and supportindividual patient journey exploration and large pop-
ulation analyses. The principal advantage of this approach is broad
capture and analyses of clinically salient information at scale. Clini-
cal history, disease context, adherence barriers, nuanced symptom
descriptions and family history details are often incompletely repre-
sented in coded fields; making these elements computable and linking
themto standardized concepts greatly expands the range of questions
that clinicians and researchers can reliably ask of routine-care data at
large scale across multiple clinical conditions.

For the pipeline to be clinically useful, it must be trustworthy,
transparent and traceable to source documentation. This is essential
for Al generative models, which may introduce unsupported state-
ments or hallucinate false information. In clinical text, both false inclu-
sion and precision matter: the distinction between ‘chest pain’ and
‘denies chest pain’is central to valid inference. We therefore designed
the extraction framework around verifiability, provenance-linked
atomic statements, adjudication against source text and calibrated
thresholds to make outputs reviewable rather than opaque.

Structuring extractions as minimal, provenance-linked ‘atomic
statements’ is critical for making LLM-generated outputs verifiable
and auditable. Atomic statements (single propositions with explicit
evidence spans, timestamps and assertion status) impose a disciplined
interface between generation and verification. Evaluation metrics
and verifiers operate more reliably on atomic units, as evidenced by
per-claim assessments of fidelity between a generated proposition
and its source evidence, such as FactScore or dedicated verification
workflows (for example, Verifact)**and processes to atomic parts can
achieve perfect accuracy over millions of steps®.

Combining per-statement judgments with probability calibra-
tion and conformal thresholds provides confidence measures for
each extracted concept and finite-sample guarantees'. Our approach
enables safer deployment of generative Al in healthcare by provid-
ing clinicians with interpretable confidence measures and formally
verifying that the proportion of incorrect accepted extractions is
statistically bounded.

We demonstrated our model-extracted entities were validated
through ablinded, multiple expert physician-adjudicated references
yielding high accuracy confirming the clinical validity of the framework
atspeed and cost efficiency required for large longitudinal datasets.

Our use of graph database organization and storage, combined
with self-improvement Al agents, allows navigation across the KG
computable elements at scale and speed for hypothesis testing and
exploration. The KG approach emphasizes explicit relationships and

Fig. 3 | Longitudinal weight, HbAlc and note-derived assessment trajectories
following GLP-1receptor agonist initiation. a, Weight change (%) from day O
stratified by baseline HbAlc category (normal glycemia, <5.7%; prediabetes,
5.7t0<6.5%; T2DM, 6.5 t0 <9.0%; and poorly controlled, 29.0%). b, Absolute
HbAlc change (percentage points) from day O by the same baseline categories.
¢, Weight change stratified by sex (female, n = 9,787; male, n = 6,274).d, Weight
change stratified by age group (20-39 years, n=1,103; >40 years, n = 14,958).
a-d show model-predicted mean trajectories over 540 days of follow-up,
estimated in separate generalized estimating equation models fitted within
each stratum with robust s.e. and a B-spline basis for time (3 d.f.). e, Unadjusted
Kaplan-Meier estimates of time to clinically meaningful weight loss (i, >5%;

i, 210%; iii, 215%) and HbAlc reduction (iv, 0.5 point; v, >1.0 point; vi, >1.5
points), stratified by baseline HbAlc category; adjusted hazard ratios from Cox

proportional hazards models are given in Extended Data Table 2. f, Model-
predicted mean change from each patient’s own baseline over 12 months in note-
derived clinical assessments, estimated by generalized estimating equations
withaB-spline basis for time (3 d.f.):i, depressive symptoms (PHQ-9; all patients,
n=625;baseline PHQ-9 =5, n = 263; baseline PHQ-9 210, n = 117); i, general pain
intensity (all patients, n = 436; baseline pain >4, n = 266; baseline pain >7, n =160);
iii, waist circumference (n = 99); inf, n denotes patients with an eligible baseline
assessment and at least one follow-up assessment. Primary analysis used a
GLP-1RA persistence gap of 120 days (a—e) and exploratory analyses in fwere
conducted without a persistence requirement (Methods). Shaded bandsina-d
and fare 95% CI for the model-predicted mean at each time point, referenced to
day 0; bands in e are 95% exponential Greenwood intervals. All tests are two-sided
Wald tests and no adjustment was made for multiple comparisons.
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temporality. By integrating validated extraction from clinical notes
with native structured EHR data, grounding elements to standard
ontologies and organizing them within a patient-centered KG, we
reconstruct clinical histories in a form that is analytically useful and
traceable to source documentation over time.

Medication and symptom events are linked not only to patients
and visits, but also to medication concepts, enabling direct reasoning

about drug-symptom associations. These design choices facilitate
multi-hop queries that traverse linked events, concepts and time-
points, and downstream machine learningin ways that respect clinical
pathways. The resulting process preserves the logic of conventional
clinical review workflows across narrative text at scale, with extracted
elements, intermediate outputs and analytic code available for inves-
tigator or clinician review. The result is not a black-box system that
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substitutes for clinical or analytic judgment, but a human-guided
environmentinwhichlabor-intensive tasks are accelerated, while query
design, analytic decisions and interpretation remain under investigator
or clinician control.

Clinical application of this KG approach to our GLP-1 RA cohort
revealed longitudinal patterns in weight and glycemic response
that would be difficult to detect using structured data alone or
single-timepoint analyses. Information needed to understand treat-
ment exposure, symptoms, adherence, clinical assessment and disease
evolution oftenresides in narrative text rather than structured fields*.
In our cohort, over two-thirds of HbAlc values, over one-third of cohort
patients and over one-third of GLP-1 RA medication usage were only
identified only by unstructured data.

GLP-1RA induced weight loss was greater and more rapid in indi-
viduals with lower baseline glycemic burden (HbAlclevels); conversely,
GLP-1RA induced glycemic control (HbAlc levels) improved faster in
patients starting with higher glycemic burden. Although previous
studies have reported differential GLP-1 RA effects across glycemic
groups, most relied on selected populations or baseline-to-follow-up
comparisons at fixed timepoints*?¢*°, These longitudinal patient
analyses could be clinically employed to develop individualized care
pathways to guide GLP-1 RA dose escalation, switching among GLP-1
RAs and intensive complementary interventions.

Furthermore, we were able to examine clinically relevant lon-
gitudinal patterns in depression, pain scores and waist circumfer-
ence after GLP-1RA initiation, variables that would otherwise require
large-scale manual human chart review. Patients with moderate to
severe depressionimproved after GLP-1RA initiation, consistent with
an effect currently under evolving research®*% Pain intensity was
reduced, especially among patients with higher pain burden, support-
ing potential benefits of GLP-1RAs on neuroprotective, metabolic and
inflammatory regulation®.

This work should be interpreted considering several limitations.
The GLP-1RA study example is observational and inherits the familiar
constraints of routine-care data, including irregular measurement,
incomplete capture and variable follow-up. Although the extraction
pipeline was extensively validated, the strength of this approachliesin
traceability and reviewability. The analysis was also conducted across
multiple care systems and environments, and the cohort reflects dif-
fering local documentation practices, patient mixes and prescribing
patterns. Estimates reflect an on-treatment estimand with follow-up
censored at loss of evidence of ongoing therapy. Medication discon-
tinuation may depend on treatment response, yet sensitivity analyses
show results were stable across persistence definitions. Threshold
attainment could be observed only at clinical encounters, so differ-
ences in measurement frequency across strata could in principle
influence apparent timing. It should be noted that these exploratory
estimates were conducted as single-arm within patient comparisons;
however, measurement frequency was similar across strata, and the
observed differences were too small to account for the differences
reported. Finally, richer measurement available fromunstructured data
doesnotbyitselfresolve confounding or other inferential challenges;
causal interpretation still depends on study design, assumptions and
appropriate statistical methods.

Real-world evidence nevertheless complements rigorously con-
ducted clinical trials by showing how treatments are prescribed, experi-
enced and monitored inroutine care. Routine-care data canalsoreveal
patterns of care, including outcomes measured and overlooked. By
making these patientjourneys computable, reviewable and queryable,
this platform can help refine hypotheses, sharpen subgroup definitions
and inform future prospective studies.

AsAlisincreasingly used to develop more sophisticated tools for
clinicalresearch and care, including simulation, causal and predictive
modeling, and point-of-care decision support, the promise will depend
onthefidelity of the patient histories from which theylearn. If narrative

textis notextracted accurately and easily computable, then model sys-
tems will have incomplete or misleading accounts of care that shapes
the models themselves, and the quality of their inferences, predictions
and recommendations. By making note-derived clinical information
accurately computable, reviewable and traceable to source evidence,
this platform offers a more complete foundation for both translational
research and future clinical analyses at scale.

Theareamyriad of opportunities for facilitated EHR review. It has
been estimated that clinicians spend an average of 5-16 min in chart
review of each new patient®*, 30 min for clinical research patient chart
reviews” and greater than 4 h per patient for regulatory compliance or
medicolegal review>®. In our study, the five expert physician reviewers
required approximately 70 hto complete the review of the 120 charts
across all of the clinical domains. In contrast, our KG-based Al model
accurately reviewed each of the GLP-1RA chartsin seconds.

In conclusion, our study presents an end-to-end approach that
enables the medical record to be reliably interrogated across multiple
dimensions at speed and scale. The GLP-1RA analyses are a concrete
clinical example of broader trajectory-levelinsights. More broadly, the
platform highlights the importance of extraction accuracy and data
provenance as Al becomes increasingly embedded in clinical research
and care. Thelonger-termvalue of this trustable, transparent and trace-
able approach may extend beyond the description of real-world care
experience, providing astronger foundation for future predictive, causal
and decision-support applications within clinical research and care.

Online content
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Methods

Platform architecture and technical framework

Our technical framework is composed of several key elements: an
extraction process that utilized LLM’s to capture unstructured data
from EHR notes; assembly of a KG that integrates both structured and
unstructured data elements; and mapping of the data elements to
known ontologies when possible; creating of data-driven ontologies;
and use of agentic Al for longitudinal data analysis at scale.

Structured inputs included patient demographics, visits, diagno-
ses, procedures, laboratory measurements, vital signs and medication
prescriptions, which were grounded to standard terminologies before
graph construction. In parallel, an LLM-based extraction pipeline
processed unstructured clinical notes to derive current computable
elements. Extraction entities in following categories were defined as
follows: medication (current and prescribed medications and medica-
tion events such as side effects, discontinuations, switches and dose
changes); self-reported symptoms (patient-reported); phenotypes
(physician-observed symptoms and disease characteristics); adher-
ence (patient adherence to diet, exercise and medications as well as
their barriers to adherence); family history (relation to patient and
diseases); hospitalizations (mentions of hospitalizations and reason for
hospitalization); quantitative assessments (labs, surveys, vitalsand any
other quantitative instrument); and disease-status (diseases grounded
inICD-10 codes). Extracted elements were mapped to standard concept
systems, see the ‘Ontology mapping’ section below.

When existing ontologies did not provide adequate coverage,
data-driven concept-discovery methods were used, see the ‘Concept
mapping’ section below. The KG served as the shared computational
representation linking atomic statements, higher-level concept group-
ings, patients and curated ontology concepts. Within this graph,
nodes encoded atomic statements and higher-level concept group-
ings, whereas edges captured temporal and semantic relationships
together with links to external ontologies. Patient nodes represented
longitudinal patterns over time, enabling reconstruction of individual
caretrajectories from structured data and note-derived events withina
single framework. The framework was designed to support trust, trans-
parency and trackability in downstream research use. Accordingly,
source-linked provenance was retained throughout so that extracted
statements, graph elements and downstream analytic variables could
be traced to supporting note text, encounter context, ontology map-
pings and investigator-reviewed intermediate outputs and derived
codebeforeinterpretation.

The sections that follow describe data harmonization, note extrac-
tion, ontology mapping, KG construction and longitudinal analytic use.

Data source

Datafor thisstudy were obtained from the Sidus Insights (Niagara Falls,
NY, USA) real-world data platform. Upstream normalization to standard
clinical terminologies was applied to support cross-site aggregation.
Allanalyses were conducted on de-identified datain accordance with
applicable data-use agreements.

Agent-assisted longitudinal note extraction

A core component of the framework was agent-assisted extraction
from longitudinal clinical notes with preservation of source-linked
evidence for review. LLMs were used with structured generation and
domain-specific prompting to derive computable clinicalinformation
fromunstructured text. Targeted extraction schemas were defined for
each domain. For medication-related data, the extraction process cap-
tured medication names together with associated side effects, adverse
events, dose changes, initiations, discontinuations and switches™.
Verification was implemented at multiple stages, as described below
(Extended Data Fig. 2). The named entity extraction pipeline used
LLMs to identify clinical information from unstructured notes and
map extracted elements to standardized ontologies. In previous work,

we benchmarked encoder-based BERT models against decoder-based
LLMs and found that specialized encoder models outperformed more
general LLMs on conventional NER benchmarks". For the present study,
however, LLMs were used for extraction from real-world EHR notes,
particularly physician documentation, because they more reliably
resolved contextual meaning in narrative text.

This was particularlyimportant for negation handling. For exam-
ple, in the statement ‘He denies vision problems, chest pain, trouble
breathing, stomach or bowel problems, urine problems, muscle aches,
new extremity swelling, sleep problems, or mood or energy problems,
the extraction process needed to assign the full coordinated list to the
negated context to avoid spurious entities and false-positive pheno-
types. Time-limited extractions (medical entities that are nonhistoric
innature or described at the current visit date) were also challenging
for NLP NER models especially given the large quantity of copy pastein
the visit notes. LLMs were also used to resolve shorthand notation and
abbreviations commonin clinical documentation and to identify clini-
callyrelevantinformationimplied by context rather than stated using
standardized terminology. Because some extracted elements were
explicitly documented whereas others were inferred from context,
each output was assigned an evidentiary support level to distinguish
directly recorded findings from context-based inferences.

Temporal modeling: from snapshots to trajectories

Because EHR notes are longitudinal, extraction was designed to
account explicitly for change over time. In previous work, we quantified
the amount of new information contributed across sequential notes
andfound that, after the fourth visit, approximately 13% of note content
was newly introduced®®. In practice, repeated text may reflect either
copy-forward documentation or persistence of clinically relevant
findings. The extraction pipeline therefore prioritized differences
between the current and previous visits so that newly documented or
materially updatedinformation could be distinguished from persistent
findings. Extracted events were aligned to the encounter timeline,
with onset, duration and resolution captured when stated. Contradic-
tory or regressing assessments were retained to represent evolving
clinical states.

Temporality was implemented using a visit-to-visit change-
tracking approach. At each encounter, the current note was com-
pared totheimmediately preceding note and with the previous stored
extraction. Findings were labeled as added when newly documented,
modified when there was ameaningful change in presence, severity or
context, and removed when no longer documented; stable items were
carried forward without duplication. Explicit negation was retained
by preserving the underlying concept label and recording negation
status separately. When severity was stated, it was recorded as an
attribute (mild, moderate or severe). Source-linked provenance was
maintained by retaining the supporting evidence string fromthe source
note, enabling direct traceability of each extracted value to its origin
(Extended DataFig. 3).

Ontology mapping

To support interoperability and standardized representation of
extracted events, each atomic statement was grounded to established
biomedical ontologies, including UMLS, SNOMED CT, HPO, ICD, LOINC
and RxNorm, with assignment of stable identifiers and explicit seman-
ticrelationships. Ontology grounding served three purposes. First, it
linked note-derived assertions to curated concepts while preserving
source-linked provenance. Second, it connected patient-level observa-
tionsto external knowledge resources for downstream interpretation
and evidence synthesis. Third, it enabled reuse across datasets through
standard concept identifiers and semantic relationships. This align-
mentof extracted statements with reference terminologies supported
consistent querying, validation and integration of note-derived and
structured EHR data within the patient-centered KG.
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Concept discovery

Because standard medical ontologies did not adequately capture some
patient-centered concepts, including adherence barriers, reasons for
medication titration and nuanced symptom descriptions, we devel-
oped adata-driven taxonomy discovery pipeline to organize free-text
extractions into hierarchical categories. This approach was applied to
seven event domains: medication symptoms, medication discontinua-
tions, medication switches, dose change reasons, adherence barriers,
adherence recommendations and hospitalization reasons.

Concept discovery: computational pipeline for unsupervised
taxonomy generation

Tooperationalize concept discovery, weimplemented acomputational
pipeline to discover and organize unstructured clinical motifs into
interpretable taxonomies. We processed seven distinct event catego-
ries where free-text extractions were allowed by the LLM: medication
symptoms, medication stops, medication switches, dose change rea-
sons, adherence barriers, adherence recommendations and hospi-
talization reasons. The pipeline begins by extracting short text spans
fromverified note-derived events (for example, ‘upset stomach’ from
amedicationside-effect event). These text spans are vectorized using
OpenAl text embeddings to capture semantic similarity.

We then applied k-means clustering to these high-dimensional
vectors. To determine the optimal number of clusters (k), we per-
formed a sweep over a range of k values (typically 15-50), selecting
the optimal k based on the maximum silhouette score, while also
monitoring Inertia (the ‘elbow method’) to ensure compact and
well-separated clusters.

Once clusters were defined, we used an LLM to generate clinically
meaningfullabels. For each cluster, the top 50 most frequent text exam-
pleswere prompted to the LLM to generate a concise, hierarchical cat-
egory label (for example, ‘gastrointestinal side effects’). Asecond LLM
pass then grouped these fine-grained cluster labels into higher-level
parent categories forming a two-level taxonomy.

Finally, to visualize and validate the semantic structure, we pro-
jected the high-dimensional embeddings into two-dimensional (2D)
space using Uniform Manifold Approximation and Projection (UMAP)
with cosine metric. We performed extensive parameter sweeps on n
neighbors (varying from 0.1% to 10% of the dataset size) and min dist
(0.0-0.4) to assess the stability of the projections and ensure that
the visual clusters corresponded to the discovered semantic group-
ings. Centroids and representative examples for each cluster were
serialized to enable runtime classification of new data points. This
procedure yields concise, clinically meaningful groupings that can
be reused as code-like filters in a downstream KG. Figure 2a shows an
example taxonomy generated for medication switching. Insummary,
the taxonomic building stage enables areproducible path to concept
discovery, surfacing data-driven patient-reported motifs and barriers
that complement structured concepts, while preserving traceable
provenance to the originating notes.

Verification of extracted statements

Unstructured EHR text was converted into structured atomic state-
ments across multiple clinical domains, including self-reported
symptoms, phenotypes, diseases, medications, quantitative assess-
ments, family history, adherence and hospitalizations. Each state-
ment was linked to supporting source-note evidence and assigned
verification metadata.

Evidentiary support was assessed using a four-level framework:
fully supported, partially supported, inferred or unsupported. Fully
supported statements were explicitly justified by the cited text; par-
tially supported statements were substantively correct butincomplete
orimprecise; inferred statements were plausible from context but not
explicitly stated; and unsupported statements lacked adequate source
evidence. Support rates were summarized by entity category.

A verification score of 3 (fully supported) denoted a non-
ambiguous extraction with clear supportin the source text.

Verification details: partial and inferred support in extracted
statements

Tobetter understand the verification of score <3 outputs, we clustered
verifier rationales using the same concept-discovery pipeline described
above (embedding, clustering and cluster labeling). Two recurring
patterns dominated.

Forscore2 (partially supported) statements, the underlying clini-
cal finding was typically present in the note, but the exact modifier
required by the atomic claim was missing or only weakly implied. Most
often, documentation supported the symptomor diagnosisitself, while
the extracted statement additionally asserted a qualifier such as sever-
ity (for example, mild/moderate/severe), status (for example, stable/
improved/worsened), laterality, temporality (new versus chronic) or a
precise linkage between afinding and its presumed cause or condition.
Asecond common source of partial support was ambiguous or conflict-
ing documentation, where the record contained mixed signals across
sections (for example, review of systems versus HPl/assessment) or
across adjacent visits, making an absolute assertion only conditionally
true. Finally, asubset of partially supported cases reflected duplication
and representation mismatches: near-duplicate extractions or discrep-
ancies between problem-list codes and encounter text (or between
coding systems) that preserved the clinical concept but weakened
support for the specific coded or qualified phrasing.

For score 1 (inferred) statements, the most frequent pattern was
absence by implication rather than explicit negation. In these cases,
the extractionasserted a negative finding (for example, ‘denies X’) even
though the note provided only indirect support (for example, ‘psych
normal, ‘no abnormalities reported’ or omission of the symptomfroma
Review of Systems (ROS) list). Inferences were also triggered by specific-
ity gapsin negation (for example, denial of ageneral symptom without
explicitly denying a more specific variant) and by internal or longitudinal
inconsistencies that undermined blanket negative statements (for exam-
ple, an ROS denial paired with affirmative documentation elsewhere
in the same note, or a denial at the current visit contradicting findings
recorded in nearby encounters). Together, these findings indicate that
most lower-scoring outputs arise not from spurious conceptidentifica-
tion, but from over-specific or over-confident modifiers and negation
phrasingthat are not stated verbatim in the source documentation.

Expert validation of extracted statements

Toassess the clinical validity of the extraction framework, expert phy-
sician reviewers judged model-extracted entities against the original
clinical note using a purpose-builtinterface to determine how faithfully
our extraction process captured facts documented at each current
patient visit*”. The interface displayed the full source note alongside
eachextracted statement and its supporting text span. Correctness was
judged against the source note under arule set fixed before evaluation,
with criteria specific to each clinical domain, including symptoms,
phenotypes, diseases and conditions, medications and quantitative
assessments (Supplementary Note1).

Evaluation visits were sampled from the Sidus Insights real-world
data platform, spanning four ambulatory EHR systems, further
described in the data source section below. Five visits were reviewed
first to calibrate interpretation of the scoring rules; calibration met
the prespecified thresholds (entity F1 > 0.90 and Gwet’s AC1 > 0.80).

Physician reviewers manually scored the statements produced by
our extraction model against the source note, in three independent
domains: medications, phenotypes and quantitative assessments.
A primary physician reviewer scored 100 randomly selected visits,
spanning 96 providers and 86 practices across the four distinct EHR
systems. A second expert physician reviewer independently scored a
20-visit subset to establish reliability of the clinical chart review of 3,303
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extracted elements*’. Each statement was judged correct orincorrect
against the note, and reviewers additionally flagged documented find-
ings the model had missed, supporting a recall estimate. Within the
20-visit subset, 32 correct statements were withheld before review to
test for physician reviewer automation bias*-*,

Disagreements on the 20-visit subset were resolved by a third
expert physician, blinded to reviewer identity, producing an adjudi-
catedreference. Reviewer concordance was summarized using percent
agreement, positive and negative specific agreement, and Gwet’s AC1;
because correct verdicts far outnumbered incorrect ones, we did not
rely on Cohen’s k, which is deflated under high agreement*. Model per-
formance was reported against the primary reviewer against the adjudi-
cated reference onthe subset, and the primary reviewer’sindependent
subsetin each case as precision, recall and F1, with phenotype recogni-
tionadditionally scoring assertion polarity. Reviewers and the adjudica-
tor were allboard-certified physicians fromindependent institutions.

Comparison with other extraction models

As a secondary analysis, we benchmarked our extraction pipeline
against existing NLP extraction models, existing publicly available gold
standard datasets, and different distributions of patient visits. On 20
additional charts (2,710 reviewed extractions), using the same review
interface and adjudication process described above with two additional
expert reviewers. The review set included outputs from the primary
LLM-based extraction pipeline and comparator models for medication
and phenotype extraction, including PhenoTagger and BERT (large) as
non-LLM baselines. Review outputs were presented model by model
sothatadjudication could be performed on the extracted statements
generated by each system for the same underlying note set.

Reviewers evaluated each extracted statement against the under-
lying chart evidence and then advanced to the next note. This process
was repeated across extraction domains and across the candidate
models under comparison.

Reviewed phenotype statements were assessed for correct-
ness of the phenotype concept and correctness of assertion status,
including present versus negated or absent status. Reviewed medi-
cation statements were assessed for support in the note, including
attributes such as current therapy, discontinuation, switch, dose
change, side effect or adverse event where applicable. Reviews were
performed independently.

Agreement and model performance were summarized after adju-
dication. Inter-rater agreement was quantified using percent agree-
ment and Cohen’s k, appropriate here because cross-model verdicts
were more balanced than in the single-model validation, where we
used Gwet’s AC1. Model-level performance was evaluated using strict
accuracy as the primary metric. For phenotype extraction, concept
recognition was also evaluated with assertion polarity ignored to iso-
late errorsrelated to negation and assertion handling.

On existing datasets, we benchmarked model variants on the
BiolarkGSC+ validation set, a manually annotated corpus labeled
with HPO terms (Extended Data Table 5)**. Performance was assessed
using document-level macro metrics based on HPO name matching,
asdescribed previously*. These experimentsinformed three comple-
mentary optimization strategies: targeted fine-tuning or distillation,
task-specific post-processing and multimodel aggregation (described
below; Extended DataFig. 4 and Extended Data Table 5).

Optimization of LLM-based extraction

Because the extraction workflow required repeated model calls across
longitudinal patient records, optimization was performed toimprove
scalability while maintaining extraction quality. Inourimplementation,
the pipeline averaged 300-400 LLM calls per patient record, reflect-
ing 20-30 visits, seven modular extractors and atomic verification. At
the scale of the full dataset, use of the largest reasoning models would
haveimposed substantial computational time and token cost, making

direct deployment impractical. Optimization was therefore required
not only for extraction performance, but also for throughput and cost
control, which is for large-scale extractions, we utilize the ‘mini’ ver-
sions of proprietary models and quantify our supervised fine tuning
onthedistilled open weight models.

Extraction optimization: fine-tuning, post-processing and
multimodel aggregation

Optimization 1: extraction via fine-tuning. Toimprove scalability, we
fine-tuned compactdecoder-based extraction models on task-specific
annotation sets. Instruction-following decoder models, including
GPT-4.1Mini, GPT-4.1 Nano and the open-source Qwen 2.5 4B model,
were adapted using low-rank fine-tuning on a Fine-Tuning Cohort of
100,000 de-identified visits drawn from the 1 million-visit extraction
sample (Fig.1). Distillation labels for extraction were generated using
GPT-5Mini.

Azure OpenAl fine-tuning. Fine-tuning of the Azure GPT models
was performed in three sequential phases of continual adaptation.
All phases used the same task hyperparameters: batch size 16, learn-
ing rate multiplier 0.1 and one epoch. Because the underlying model
weights were closed, parameter-efficient adaptation wasimplemented
through the provider’s fine-tuninginterface rather than direct control
of low-rank adaptation (LoRA). Cumulative billed training totaled 354
million tokens, and cumulative wall-clock training time was 13 h 09 min
for the Nano model and 22 h 58 min for the Mini model. Fine-tuned
models showed improved performance over the corresponding base
models for phenotypic entity extraction.

Extended Data Fig. 4 illustrates the training dynamics for the
GPT-4.1 Mini and Nano models during the LoRA fine-tuning process.
Both models exhibit a steep initial reduction in training loss, effec-
tively converging within the first 7,500 steps. This rapid stabiliza-
tion suggests that the low-rank adaptors were able to efficiently learn
the task-specific distribution of the clinical extraction data without
requiring extensive epochs. The 50-step moving average (blue curve)
highlights the consistent downward trend despite expected mini-batch
variance. These loss trajectories align with our observation that tar-
geted fine-tuning on a high-quality, verified subset of 100,000 visits is
sufficient to adapt general-purpose reasoning models to the specific
nuances of clinical entity extraction, balancing computational effi-
ciency with performance gains.

Open-source Qwen 4B fine-tuning. In parallel, we fine-tuned an
open-source 4B-parameter Qwen instruction model for phenotype
extraction using parameter-efficient LORA adaptors. Training was
performed onfour A40 GPUs with mixed bfloat16 precision. LoRA was
applied to all target layers with rank 16, scaling factor 32 and dropout
0.05. Optimization used AdamW with a cosine learning rate schedule
and an initial learning rate of 2 x 107*. Total wall-clock training time
was3daysand1h.

On the BiolarkGSC+ benchmark, supervised fine-tuning
using labels distilled from GPT-5 Mini improved recall and overall
F1in compact models intended for high-throughput deployment
(Extended Data Table 5). In this setting, the principal effect of fine-
tuning was reduction of systematic false negatives while maintaining
acceptable precision. Fine-tuned compact models also reduced infer-
encetime and token cost relative to larger reasoning models, support-
ing practical deployment of the extraction workflow at dataset scale.

Listings1and 2 in Supplementary Note 2 show the prompts used
for HPO phenotype extraction and longitudinal delta extraction of
HPO-mapped phenotypes across sequential clinical notes, respectively.

Optimization 2: task-based post-processing. Task-specific prompt
refinement and post-processing were used to improve benchmark-
aligned extraction performance from off-the-shelf models. In our
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implementation, alightweight post-processing algorithm was applied
to filter selected LLM outputs that were clinically meaningful but fell
outside the annotation scope of the BiolarkGSC+ benchmark. These
included terms such as syndromes, mutations, deletions, genes and
allelic variants, which could be extracted appropriately in clinical
text but were not always counted as valid outputs under benchmark
labeling rules. For this benchmark task, filtering improved precision
with minimal effect on recall. Detailed benchmark comparisons are
providedin Extended Data Table 5.

Optimization 3: multimodel aggregation. Different LLMs, trained on
different data mixtures and optimized with different objectives and
alignment procedures, exhibited distinct failure modes. We therefore
evaluated aggregation across strong but diverse models as an addi-
tional optimization strategy. As shown in Extended Data Table 5, the
combined Sonnet 4.5+ GPT-5.2 output increased coverage relative to
individual off-the-shelf models, achieving recall of 0.95. When coupled
with task-specific post-processing to filter benchmark-specific false
positives, thismultimodel approach achieved an F10f 0.90, second only
tosingle-model Sonnet4.5 (F1=0.92).In practical terms, aggregation
improved recall because different models tended to miss different
subsets of phenotypes, including omissions related to shorthand,
template-based phrasing or negation scope. Aggregation was there-
fore used to improve robustness without relying on the error profile
of any single model. Different optimization strategies involved differ-
ent trade-offs among accuracy, throughput and cost, and should be
selected according to the priorities of the clinical application.

Knowledge graph integration and analytic environment
Following extraction, temporal reconciliation, ontology grounding
and taxonomy generation, structured EHR data and note-derived
computable elements were integrated into a patient-centered KG
linking patients, encounters, clinical concepts and extracted enti-
ties with attributed atomic statements within a single longitudinal
representation. This graph served as the shared computational sub-
strate for reconstruction of individual patient trajectories and for
downstream cohort-level analysis across structured and note-derived
domains. Study-specific cohorts were subsequently defined
within this graph-based analytic environment, as described in the
following sections.

The KG was made available within a VS code-based analytic envi-
ronment for reviewable end-to-end clinical research over integrated
EHR data. Within this environment, Al research agents assisted with
cohort identification, variable assembly, longitudinal summari-
zation, retrieval from the graph, and generation of analysis-ready
code and outputs. Linkage to source evidence, temporal context and
ontology-grounded concepts was preserved throughout. Investigators
reviewed intermediate outputs and generated code before interpreta-
tion. Thisenvironmentallowed movementbetween patient-level review
and cohort-level analysis within a shared computational representa-
tion. Agentic skills were optimized in a self-reflective manner, where
analysis was performed by acombination of users and agents, and the
associated thought process and response was reflected upon. Initial
improvements were made by subject-matter experts for content, and
then further improved by agentic Alin a self-improvement loop. The
resulting skills are both optimal for analysis and technical capabilities.

Clinical application: longitudinal study of GLP-1receptor
agonist treatment response

We applied the framework described above to a longitudinal study of
individualsinitiating GLP-1RA therapy. Cohort construction, variable
derivation and statistical analyses were performed within the KG and
analyticenvironment described above, with Al research agents assist-
ingretrieval, cohortspecification and generation of reviewable analysis
code under investigator oversight.

Study population and analytic cohorts

For development and evaluation of the extraction framework, we first
restricted the database to active adult patients and then identified
those with evidence of semaglutide or tirzepatide exposure during
the study period using structured prescriptions and medication men-
tions in clinical documentation. Among these patients, we further
identified those with baseline weight and HbAlcinformation withina
prespecified window, spanning 60 days before to 14 days after treat-
ment initiation, and sampled visits from this eligible population for
extraction development and evaluation. For the clinical application,
we then constructed a longitudinal cohort of adults initiating inject-
able semaglutide or tirzepatide who were naive to previous GLP-1RA
therapy at baseline. We excluded pregnancy during the study window,
previous bariatric surgery and oral semaglutide exposure. Eligibility
for outcome analyses further required numeric baseline values and at
least one post-baseline measurement for the outcome under analysis,
yielding separate analytic cohorts for weight and HbAlc analyses.

Data extraction and preprocessing

Within the eligible subset used for extraction development and
downstream longitudinal analysis, structured clinical records and
note-derived clinical concepts were generated using the integrated
extraction and harmonization framework described above. These data
were then used to define baseline characteristics, treatment exposure,
follow-up and outcomes; downstream analytic variables were incorpo-
rated into the patient-centered KG and analytic environment described
above. Anthropometricand laboratory measurements were evaluated
forbiological plausibility and internal consistency before analysis using
conservative, prespecified criteria informed by population-based
reference standards*®. Height, weight, BMI and HbAlc values outside
physiologically plausible ranges, orinconsistent with internal measure-
mentrelationships, were treated as missing. When recorded BMI values
were implausible but contemporaneous height and weight measure-
ments were plausible, BMI was recalculated from height and weight.
To reduce the influence of documentation artifacts and data-entry
errors, short-interval weight excursions inconsistent with plausible
physiological change were removed using conservative temporal
consistency rules (described below).

Derived variables and covariates

Baseline HbAlc was categorized as normal glycemia (<5.7%), predia-
betes (5.7% to <6.5%), T2DM (6.5% to <9.0%), and poorly controlled
diabetes (=9.0%). These categories reflect observed baseline HbAlc
ranges using standard clinical cutpoints and are used for descriptive
stratification; they do not represent clinical diagnoses and do not
account for the effect of concurrent glucose-lowering therapy on
baseline HbAlc. Baseline BMI was categorized using standard clini-
cal cut points as underweight (<18.5 kg m~?), normal weight (18.5 to
<25.0 kg m™), overweight (25.0 to <30.0 kg m™), obesity class I (30.0
to <35.0 kg m™), obesity class Il (35.0 to <40.0 kg m™) and obesity
class Il (=40.0 kg m™). Age was defined at baseline and categorized
for descriptive and stratified analyses.

Concomitant medication use known to affect weight was identi-
fied using a prespecified RxNorm-based code set and included as an
adjustment covariate in multivariable models. Race was retained as
recordedinthe EHR and was included in adjusted models but was not
used for primary stratification.

Patients with missing age or sex were excluded. For other covari-
ates, missingness was retained and analytic cohorts were restricted
to individuals with complete baseline covariate data; no statistical
imputation was performed.

Data preprocessing and plausibility criteria
Anthropometric and laboratory measurements were evaluated for
biological plausibility and internal consistency before analysis. Values
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outside prespecified plausibility ranges or internally inconsistent, were
treated as missing and excluded from analysis.

Weight

Weight measurements were evaluated in two passes. In the first pass,
per-visit weight values were flagged as implausible if they fell below
45% or exceeded 200% of the patient’s own median weight across all
recorded visits (applied in patients with at least three weight measure-
ments). The upperbound of200% of the patient’s median was selected
to detect unit-conversion errors, specifically, readings recorded in
kilogramsin afield expecting pounds, which appear as approximately
half the patient’s true weight. A second rule flagged isolated spike
readings: a weight measurement was removed if it deviated by more
than 40% from the mean of its immediate preceding and following
observations for the same patient.

In the second pass, baseline weight values were re-evaluated. A
baseline measurement was flagged as implausible if it was less than
60% of the patient’s median visit weight, provided the patient’s median
visit weight exceeded 130 Ibs (to avoid flagging low-weightindividuals).
Flagged values were set to missing, and the corresponding percent
weight change and BMI derived from those measurements were also
set to missing. Patients whose baseline weight remained missing after
this process were excluded from weight analyses.

BMI

When a recorded BMI value was implausible but contemporaneous
height and weight measurements were both within plausible ranges,
BMI was recalculated from the recorded height and weight rather
than excluded. This approach recovered BMI for patients where the
discrepancy arose from transcription rather than physiologically
impossible values.

HbAlc

HbAIlc values were evaluated against accepted physiological ranges.
Values outside this range were treated as missing. Patients without
avalid baseline HbAlc or without at least one post-baseline HbAlc
measurement were excluded from glycemic analyses.

Data cleaning, variable derivation and cohort construction
Derived HbA1c and diabetes classification. A unified HbAlc variable
was constructed by combining laboratory HbAlc and derived HbAlc
values calculated from estimated average glucose (EAG) using the
standard conversion:

EAG +46.7

HbAICerived = 28.7

For each patient and date, laboratory and derived HbAlc values
were merged into a single record. Exact duplicates were removed.
Values outside the physiological range (<3% or >20%) were set
to missing.

Demographics, adult restriction and baseline eligibility. Demo-
graphic datawere merged withlongitudinal vitals. The analytic cohort
was restricted to adults (>18 years) at baseline. Records with missing
age or missing/unknown sex were excluded.

Physiological plausibility filters were applied as follows:

» Height<48or>90inches
» Weight <60 or >700 pounds
+ BMI<10or>80kgm™

BMIwas recalculated when necessary, using;:

weight (Ib)

BMI = 703 x 5
height (in)

GLP-1 RA medication identification and classification. GLP-1 RA
medication events were mapped using curated RxNorm identifiers
and classified by:

« Brand (Ozempic, Wegovy, Mounjaro and Zepbound)
« Activeingredient (semaglutide and tirzepatide)

Medication events predating US FDA approval of the correspond-
ing agent were considered data-entry errors and excluded. Longitudi-
nal medication histories were constructed for each patient, preserving
event timing and formulation.

Baseline definition and baseline window
Baseline GLP-1RA exposure was defined as the first qualifying GLP-1RA
medication event. A baseline window spanning —-60 to +14 days around
this date was used to derive baseline measurements.

Within this window, the value closest in time to the baseline date
was selected for each variable (HbAlc, weight, BMI and height), with
tiesresolved in favor of values occurring on or before baseline.

Anthropometric cleaning and Centers for Disease Control and
Prevention outlier detection

Reference-based outlier screening. Height, weight and BMI were
evaluated against age- and sex-specific reference distributions
derived from Centers for Disease Control and Prevention growth
and adult reference data as outlined in the manuscript. Values out-
side extreme percentiles (approximately <Ist or >99th) were flagged
asimplausible.

Short-interval weight spike detection. Weight trajectories were
evaluated for abrupt changes. For any pair of measurements <30
days apart, a change >10% triggered a spike flag. If the spike was
isolated (not supported by adjacent values), the later value was set
to missing.

HbA1c spike detection and cleaning. HbAlc trajectories were evalu-
ated for implausible spikes using a rule-based approach:

For each patient, HbAlc values were sorted chronologically. For
any candidate HbAlc >15%, ‘neighboring values’ were defined as all
other HbAlc measurements within £365 days.

Avalue was classified as a spike and removed only if all of the fol-
lowing conditions were met:

No other HbAlc >15% existed within the +365-day window, and
The candidate value exceeded the local context by:

« >5percentage points above the median of neighboring values, or

» >4 percentage points above the second-highest value in the
window (which itself must be <12%), or

« >5percentage points above the nearest temporal neighbor.

If no other HbAlc values existed within +365 days, the value was
retained (not considered a spike).

Allremoved values were flagged, and downstream HbAlc-based
variables were recomputed accordingly.

Exclusion criteria and final analytic cohort. Sequential exclusion
criteria were applied as follows:

Age <18 years or missing age/sex

Pregnancy at baseline or during GLP-1RA exposure
History of bariatric surgery

Baseline exposure to oral semaglutide (Rybelsus).

The final analytic cohort consisted of adults initiating injectable
semaglutide or tirzepatide. Patient counts wererecorded at each step
to support transparent cohort flow reporting. All exclusion criteria
were prespecified before analysis.
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Derived variables and outcome definitions. Derived variables
included:

Baseline HbAlc categories (from baseline_alc_final if available,
else baseline_alc):

* 0t0<5.7%~> ‘Normal glycemia’

+ 5.7t0<6.5% > ‘Prediabetes’

* 6.5t0<9.0% ~> ‘Type 2 diabetes’

« >9.0% ~> ‘Poorly controlled diabetes’.

Baseline BMI categories:

+ <25kgm™- normal/overweight reference
+ 25-29.9 kg m™- overweight

+ 30-34.9 kg m™?- class I obesity

+ 35-39.9 kg m2~ class Il obesity

+ >40 kg m™>- class Il (severe) obesity.

Weight outcomes: percent change and achievement of >5%, >10%,
>15% and >25% weight loss

Glycemic outcomes: absolute HbAlc reduction and attainment
of HbAlc <6.5%

Medication exposure: GLP-1 RA monotherapy, switching
and persistence

Longitudinal cohort definition and persistence of therapy
Ongoing GLP-1RA use was defined from prescription records together
with supporting clinical documentation. Continued therapy was
operationalized using a gap-based persistence approach, in which
follow-up was censored when the interval between successive indi-
cations of GLP-1 RA therapy exceeded a prespecified duration. Pri-
mary analyses used a prespecified 120-day gap threshold, selected
to balance conservative inference of ongoing therapy with sufficient
longitudinal follow-up, for stable estimation of treatment trajectories
through1lyearinroutineclinical practice. The persistence operation-
alization and alternative thresholds evaluated in sensitivity analyses
are described below.

To ensure consistent temporal alignment across patients, all
individuals contributed a baseline observation at day O correspond-
ing to treatmentinitiation. Follow-up wasrestricted to post-baseline
observations and was censored at the earliest occurrence of loss
of evidence for ongoing therapy or the end of the analytic window.
Maximum follow-up was 18 months (-1.5 years), beyond which sam-
ple size and documentation density were insufficient for reliable
longitudinal inference.

Operationalization of GLP-1receptor agonist persistence

of therapy

Continued GLP-1receptor agonist use was operationalized using a
backward-looking gap-window approach. At each follow-up day, a
binary persistence indicator was set to 1if the time elapsed since the
most recent evidence of GLP-1RA therapy (prescription, medication
order or clinical documentation of ongoing use) was <g (gap) days and
no explicit discontinuation code had beenrecorded, and O otherwise.
Evidence events included pharmacy dispense records, prescriber
orders and structured or note-derived mentions of active GLP-1 RA
use; documented discontinuation was treated as a definitive censoring
eventregardless of the gap threshold.

For each patient and each candidate g, the first day on which the
persistenceindicator was O defined the censoring date; all subsequent
observations for that patient were excluded from the analytic dataset
for that gap definition. This process was applied separately for each of
the eight gap thresholds evaluated: 30, 60, 90, 120, 150, 180, 365 and
730 days. Primary analyses used g = 120 days. Sensitivity analyses were
conducted across all eight threshold values; estimates were consistent
indirection and magnitude, and no conclusion depended on the choice
of gap threshold.

Statistical analysis of primary outcomes

Longitudinal trajectories of weight and HbAlc following GLP-1RA
initiation were analyzed as the primary outcomes using generalized
estimating equation models to account for repeated measurements
within individuals and irregular follow-up intervals. Time since base-
line was modeled using spline functions to allow for nonlinear change
over follow-up. The spline specification was selected a priori using the
quasi-likelihood under the independence model criterion (QICu); 3d.f.
minimized QICu for both weight and HbAlc trajectories.

Change in weight and change in HbAlc were analyzed as con-
tinuous outcomes using two complementary models. A single pooled
model included baseline glycemic category as a covariate and esti-
mated the adjusted mean difference in each outcome for each cat-
egory relative to normal glycemia; these differences are constant
over follow-up and are reported in Extended Data Table 2. Separate
models were then fitted within each baseline glycemic category, and
within each sex and age stratum, to generate the model-predicted
trajectories presented in Fig. 3 and the model-predicted values at 3,
6,9 and 12 months in Extended Data Table 3. All models were general-
ized estimating equations with a Gaussian family and an independ-
ence working correlation structure clustered on patient, with robust
standard errors, adjusted for age, sex, baseline BMI category, race and
concomitant use of medications known to affect weight, and used a
B-spline basis for time with 3 d.f.

Complementary time-to-event analyses were performed to evalu-
ate time to clinically meaningful thresholds of weight loss and HbAlc
reduction. Kaplan-Meier curves were used to visualize time-to-event
distributions stratified by baseline glycemic category. Cox propor-
tional hazards models were used to estimate adjusted hazard ratios.
Proportional hazards assumptions were evaluated using standard
diagnostic procedures.

All statistical tests were two-sided and Cls were reported where
appropriate. Sensitivity analyses examined alternative definitions of
GLP-1RA persistence, cohort restrictions and model specifications
(described above).

To quantify the analytic contribution of note-derived data, the
primary generalized estimating equation and Cox proportional haz-
ards models wererepeated inastructured-data-only subcohort, from
which patients who entered the cohort solely through note-derived
measurements were excluded. Estimates from this sensitivity analysis
arereported alongside the primary estimatesin Extended Data Table 2.

Software. Cohort construction and the generalized estimating
equation trajectory models were performed in Python v.3.13.5 with
pandas v.2.3.2, NumPy v.2.3.2, SciPy v.1.16.1, statsmodels v.0.14.5,
patsy v.1.0.1, matplotlibv.3.10.6 and openpyxl 3.1.5. Cox proportional
hazards models were fitted with lifelines v.0.30.0 under Python v.3.12
with pandasv.2.2.3, NumPyv.2.1.3, SciPy v.1.15.2 and matplotlib v.3.10.1.
Extractionvalidation, benchmark comparison and fine-tuning analyses
were performed in Python v.3.12 with NumPy v.2.2.6 and matplotlib
v.3.10.1. Concept discovery used OpenAl text embeddings with k-means
clusteringimplemented in RAPIDS cuML and dimensionality reduction
with UMAP.

Exploratory note-derived clinical assessments

We evaluated longitudinal changes in clinical assessments that were
infrequently or inconsistently represented in structured EHR fields,
including muscle strength, pain score, PHQ-9 score, waist circumfer-
ence and alcohol use (drinks per day). These variables were extracted
from narrative clinical documentation using the framework described
above and retrieved from the longitudinal KG for downstream analy-
sis. These analyses were prespecified as exploratory secondary out-
comes and were conducted in all patients with available note-derived
observations within the analysis window, without restriction to the
adherence-defined cohort used in the primary weight and HbAlc
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analyses. Because these assessments were documented in only asubset
of patients, applying an additional persistence requirement would have
further reduced already limited sample sizes. Results were therefore
interpreted as descriptive and hypothesis-generating.

Before analysis, units were harmonized where needed, includ-
ing conversion of waist circumference to inches and implausible
values were excluded using predefined domain constraints: pain
scores >10, muscle strength scores >5 and PHQ-9 scores >27. Analy-
ses were restricted to events occurring from 180 days before to 365
days after GLP-1 RA initiation, and observations below the first per-
centile and above the 99th percentile were excluded within each
assessment domain.

Two complementary longitudinal approaches were used
(described below). Both used generalized estimating equation models
with a Gaussian family, an independence working correlation struc-
ture and a B-spline for days from initiation with 3 d.f. Allmodels were
adjusted for age, sex, race or ethnicity, baseline HbAlc category and
baseline BMI category. For PHQ-9 models, additional adjustment
was made for antidepressant use at baseline, given its potential to
confound the trajectory of depressive symptoms following GLP-1RA
initiation. To assess whether changes in depression, pain intensity,
alcohol use, and muscle strength were independent of the concurrent
weight loss observed after GLP-1 RA initiation, models for these four
outcomes were additionally adjusted for time-varying percentage
weight change frombaseline, derived from the primary weight analysis
dataset. Because weight and note-derived assessments are recorded
onindependent clinical schedules, each assessment observation was
paired with the temporally nearest weight measurement from the same
patient. Noweight values wereimputed or interpolated, and no obser-
vations were excluded for lacking a concurrent weight measurement.
Waist circumference was not adjusted for concurrent weight change,
because weight change lies on the causal pathway between GLP-1RA
exposure and abdominal adiposity and adjusting for it would remove
the effect of interest.

To account for potential disruptions to care-seeking behavior
and clinical measurement during the COVID-19 pandemic, a binary
indicator variable wasincluded in models for depression (PHQ-9), pain
intensity, alcohol use and muscle strength; this variable was coded 1
for patients who initiated GLP-1 RA therapy between 11 March 2020
(WHO pandemic declaration) and 11 May 2022 (end of the US federal
public health emergency), and O otherwise. The COVID-era covariate
was omitted fromwaist circumference models due to the small analytic
sample (n =54 patients withboth pre- and post-initiation observations)
and disproportionate representation of COVID-era initiators in that
subgroup (50%), whichwould preclude stable estimation.

Exploratory note-derived assessment analyses and

subgroup definitions

The exploratory analyses of note-derived clinical assessments
(PHQ-9, general pain intensity, waist circumference, alcohol use
and muscle strength) are described in the main text. The quanti-
tative results reported in the paper are from a baseline-anchored
change-from-baseline approach, restricted to patients with a base-
line assessment within £30 days of GLP-1 RA initiation and at least
one repeat assessment between 30 and 365 days. Where more than
one observation fell within the baseline window, their mean was
used as the baseline value. Change from each patient’s own base-
line score was the outcome, modeled using GEE with a B-spline basis
(3 d.f.) and the covariate set described in the main text. Estimated
changes and 95% Cls were extracted at 3, 6,9 and 12 months from the
model-predicted trajectory.

Elevated-baseline subgroup analyses were restricted to patients
meeting prespecified score thresholds at baseline: PHQ-9 =5 (mild
or greater) and =10 (moderate-severe); pain intensity >4 (moderate
or greater) and >7 (severe). These subgroups were defined before

analysis and the primary threshold for each domain was the lower of
the two. No established clinical threshold exists for alcohol intake, so
anelevated-baseline subgroup wasinstead defined empirically as the
highest quartile of baseline consumption (=10 drinks per day, n =47).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Real-world data analyzed in this study were from expert-determined,
de-identified patient EHRs, and therefore are governed under Health
Insurance Portability and Accountability Act of 1996 (HIPAA), requir-
ing licensing from the EHR owner Harris Computer Systems. These
restrictions prohibit the authors from making them publicly available,
and individual-level data will not be deposited in a public repository
atany time. De-identified individual-level data may be made available
to qualified researchers under a separate data license and data-use
agreement; fees may apply. Requests should be directed to the corre-
sponding author, will be evaluated jointly by RespondHealth and Harris
Computer Systems for scientific merit and consistency with the terms
ofthelicense, and will receive aresponse within one month. Aggregate
data supporting all findings, including cohort characteristics, model
estimates and confidence intervals, are provided in the main text,
Extended Data and Supplementary Information.

Code availability

The technical development and validation code, covering extraction
evaluation, physician adjudication analysis, benchmark comparison,
fine-tuning evaluation and concept-discovery clustering, is available
onGitHub at https://github.com/MyOwnMed/glp1_nature2026_extrac-
tion_validation and archived with a permanent digital object identifier
viaZenodo at https://zenodo.org/records/22149576 (ref. 47), released
under the Apache License 2.0. This release is self-contained: the phy-
sician adjudication records, the annotated benchmark corpus, the
ontology release, the model outputs and the aggregate phenotype
prevalence counts needed to reproduce every reported validation
resultare distributed withit, and the pipeline runs from the repository
without access to individual-level EHR data.

Analysis code for the GLP-1receptor agonist study, covering cohort
construction, persistence-of-therapy censoring, the generalized esti-
mating equation trajectory models and the Cox proportional hazards
time-to-threshold models, is available on GitHub at https://github.com/
MyOwnMed/glpl_nature2026_alc_analysisand archived viaZenodo at
https://doi.org/10.5281/zenodo.22149500 (ref. 48), released under the
MIT license. This code cannot be run against the data reported here,
because the individual-level records it consumes are licensed from
Harris Computer Systems and cannot be redistributed, as described
inthe Data availability statement. Itis published so that every analytic
decision behind the reported results can be read and checked, and it
may be adapted for use with other datasets.

Each license covers the code in its own repository only. Between
them, the two repositories contain the code that computes every value
reported in the tables and figures of this paper and its Supplementary
Information. The production extraction platform, comprising the
deployed agentic extraction pipeline and the KG construction system,
is proprietary and cannot be shared for commercial reasons; the valida-
tion code released here evaluates that platform’s outputs, which are
distributed withit.
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Extended Data Fig. 1| Framework for converting structured and unstructured
EHR datainto acomputable longitudinal patient representation. Patient
records enter as structured data, whichis standardized, cleaned and normalized,
and as unstructured clinical notes, which pass through verifiable agentic
extraction. Both streams populate a patient-centered knowledge graph spanning
phenotypes, diseases, family history, self-reported symptoms, vaccinations,
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laboratory values and vital signs, quantitative assessments, hospitalizations,
prescriptions and codes, and medications, adherence and switches. An agentic
analytic layer queries the graph to reconstruct a patient journey, aligning clinical
encounters, medications, laboratory values and vital signs, and symptoms ona
common timeline.
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< 20% Structured Data
Visible in coded fields

ICD10: D64.9, E66.01, E78.4, E03.9  CPT: 99215, 99396, S3005
Prescribed RxNorms: 311877, 309114
Weight: 313 Ibs  Height: 68 in. Blood Pressure: 132/88

Enriched, Verified Patient Data

A4

—

> 80% Unstructured Data

Hidden and non-computable in free-text notes Uncertainty Quant. Uncertainty Quant.
Atomic Verification Atomic Verification Any number of
verifiable
) — 3 agents can be
o >wm . 30
Concept Discovery g £ Concept Discovery g £ added at
23 Q2 runtime
— Ontology map (RxNorm) S 8 Ontology map (HPO) 8 &
&7 27
"Medication" Agent = "Phenotype" Agent =
Previous Visit Current Visit ..states that she has a flare of her cellulitis she had recently as well. She states that she
States that she has.. Patient denies also has a pustule on her right ear as well. She denies any chest pain, shortness of breath, diaphoresis, or
any tobacco use or recreational dyspnea on exertion. She states that she has been sleeping well. She denies any nocturia, frequency, urgency,
drug use... or dysuria.. PHQ-9: testing completed. Patient score: 2. # Body Mass Index BMI 45.0-49.9, adult (Z68.42):

Stable, encourage exercise. # Morbid obesity (E66.01), # Anemia (D64.9): Stable. # Hyperlipidemia (E78.4):
stable, continue current care, medication, and management. # Hypothyroidism (E@3.9): stable, continue current
care, medication, and management..PRESCRIBE: Bactroban 2% topical cream, PRESCRIBE: Keflex 500 mg oral capsule,
REMOVED from Current Meds: atorvastatin 20 mg oral tablet, 1 each..

Extended Data Fig. 2| Longitudinal verifiable agentic extractionintegrated
with structured EHR data. Fewer than 20% of clinical data are visible in coded
structured fields, whereas more than 80% reside in free-text notes and are

not directly computable. Text from the current and previous visits is routed

to domain-specific agents, here a medication agent and a phenotype agent,
each combining ontology mapping to RxNormand to the Human Phenotype

Ontology respectively, concept discovery, atomic verification and uncertainty
quantification, with supervised fine-tuning and knowledge distillation. Verified
outputs are merged with structured elements, including ICD-10, CPT and
RxNorm codes, weight, height and blood pressure, to form an enriched, verified
patient record. Additional verifiable agents can be added at runtime.
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a
VISIT 1 — Current Medications

b
VISIT 2 — Medication Change

Patient here for followup of hypertension, now on low-dose amlodipine. 31-
year-old white female with a past medical history significant for
hyperthyroidism from Graves’ disease and then is being followed for post
ablative hypothyroidism. Patient is on Cytomel 10 mcg plus levothyroxine 112
mcg daily. Patient is here to have her blood pressure checked, now on
amlodipine 2.5 mg daily Patient was seen and examined. Her blood pressure
is still elevated, we'll increase the amlodipine to 5 mg.

N
Current Medication Extraction

"name": "Levothyroxine 112 MCG (0.112 MG) Oral Tablet",

" "current”,
"dose": "112 mcg (0.112 mg)",
"route": "oral",
"dose_form": "tablet",
"atomic_statement": "Levothyroxine 112 mcg oral tablet is taken for thyroid
replacement.”,
"matched": true, "RXCUI": "966248",
"matched_name": "levothyroxine 112 mcg (0.112 mg) oral tablet",
"rxnorm_score": 1.00,

"verification": { "statement_score": 3, "confidence": 1.0,
"name_match_score": 3, "name_match_confidence": 1.0,

"original_name": "Levothyroxine 112 MCG (0.112 MG) Oral Tablet",
"matched_name": "levothyroxine 112 mcg (0.112 mg) oral tablet"}

Current Medications

Cytomel 10 mcg

Levothyroxine 112 mcg

Amlodipine 2.5 mg

- J
Extended Data Fig. 3 | Visit-to-visit change tracking in the medication
extraction agent. A worked example for one patient across two encounters.
a.Visit1- Current Medications: Full structured extraction records the current
medication list with source-linked evidence, an RxNorm mapping and a
verificationscore. b. Visit 2 - Medication Change: Delta extraction compares

Patient here for followup of hypertension, now on a higher dose of amlodipine.
31-year-old white female with a past medical history significant for
hyperthyroidism from Graves’ disease and then is being followed for post
ablative hypothyroidism. Patient is on Cytomel 10 mcg plus levothyroxine 112
mcg daily. Patient is here to have her blood pressure checked, one amlodipine 5
mg daily. Her specialist doctor fertility clinic, suggested we changed to
labetalol... Patient was seen and examined. Her blood pressure is 120/90. We
will stop the amlodipine and start labetalol 100 mg twice a day. She will return in
;1 weeks ever blood pressure checked

L Change Detected Amlodipine 2.5 mg

Delta Medication Extraction
"medication_switched": [ Dosage Change
{ "from": { "name": "Amlodipine 5 MG Oral Tablet", "status":
"discontinued",

"dose"™: "5 mg", "frequency": "one tablet daily", "route": "oral", .
"dose_form": "tablet, Amlodipine § mg
"RXCUI": "197361",

"matched_name": "AMLODIPINE BESYLATE 5 mg ORAL

TABLET", Medication Switched
"rxnorm_score": 0.9485848,

Amlodipine 2.5 mg

Amlodipine 5 mg

"to": { "name": "Labetalol 100 MG Oral Tablet", "status": "active",
"dose": "100 mg", "frequency": "one tablet twice a day", "route": Labetalol 100 mg
“oral",

"dose_form": "tablet,

"RXCUI": " 896758 ",

"matched_name": " labetalol hydrochloride 100 MG Oral Tablet ",
"rxnorm_score": 0.942958,

"atomic_statement": "Patient was switched from Amlodipine 5 mg
daily to Labetalol 100 mg twice daily."

>
L Unchanged Cytomel 10 mcg Levothyroxine 112 mcg

the note with the stored prior extraction and emits only what changed,
distinguishing a dose change from a medication switch, while unchanged
medications are carried forward rather than re-extracted. Each extracted
element retains the supporting evidence string from the source note, so every
changeis traceable to the documentation that produced it.

\I/
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Extended Data Fig. 4 | Training loss trajectories for low-rank adaptation
fine-tuning of compact extraction models. a. GPT-4.1 Mini fine-tuned with
low-rank adaptation (LoRA) on a70/30 split of 100,000 de-identified visits. Gray
traces show raw training loss, the solid curve shows a 50-step moving average and
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dashed vertical lines mark session breaks. b. GPT-4.1Nano fine-tuned under the
same procedure. Both models show asteep initial decrease in training loss and

stabilize by approximately 7,500 steps.
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Extended Data Table 1| Inter-rater agreement among three independent physician reviewers

Phenotypes Rater Pair N Agreement (%) K
PhenoTagger MD1 vs MD2 712 87.8 0.600
MD1 vs MD3 393 87.0 0.659
MD2 vs MD3 393 91.3 0.800
GPT-5.2 Low MD1 vs MD2 596 98.5 0.955
MD1 vs MD3 596 100.0 1.000
MD2 vs MD3 596 98.5 0.955
Medications Rater Pair N Agreement (%) K
BERT Large Med NER MD1 vs MD2 12 91.7 0.833
MD1 vs MD3 26 88.5 0.781
MD2 vs MD3 65 98.5 0.964
BioNER MD1 vs MD2 8 100.0 1.000
MD1 vs MD3 8 100.0 1.000
MD2 vs MD3 35 94.3 0.788
GPT-5.2 Low MD1 vs MD2 22 100.0 1.000
MD1 vs MD3 22 100.0 1.000
MD2 vs MD3 48 95.8 0.917*

N denotes the number of double-rated overlapping reviews used for inter-rater agreement. k, Cohen’s kappa; MD1to MDS3, the three independent physician reviewers. The asterisk indicates a
prevalence-adjusted bias-adjusted kappa, reported where Cohen’s kappa degenerates in the absence of variance. NER, named entity recognition.
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Extended Data Table 2 | Baseline glycemic category and longitudinal weight and HbA1c change following GLP-1initiation:
full cohort versus structured-data-only sensitivity analysis

Structured + Unstructured

Structured Sources Only

GEE — % weight change

Baseline glycemic category Estimate (95% Cl) N P value Estimate (95% CI) N P value
Normal Glycemia (reference) reference 3,468 — reference 2,998 —
Prediabetes 0.47 (0.14 to 0.81) 4,316 0.005 0.26 (-0.02 to 0.53) 3,520 0.068
T2D 0.56 (0.22 to 0.90) 5,864 0.001 0.22 (-0.08 to 0.53) 4,568 0.152
Poorly Controlled T2D 1.49 (1.12 to 1.85) 2,413 <0.001 0.82 (0.51 to 1.13) 1,838 <0.001

GEE — absolute HbAlc change
Normal Glycemia (reference) reference 2,846 — reference 2,015 —
Prediabetes -0.09 (—0.14 to —0.05) 3,811 <0.001 -0.06 (-0.12 to 0.01) 2,391 0.087
T2D -0.39 (—0.44 to —0.34) 5,719 <0.001 -0.47 (-0.55 to —0.38) 3,380 <0.001
Poorly Controlled T2D -1.69 (-1.79 to -1.59) 2,412 <0.001 -2.07 (-2.23 to -1.92) 1,463 <0.001

Cox — time to weight loss

Baseline glycemic category HR (95% CI) Events | N P value HR (95% CI) Events | N P value

5% weight loss
Normal Glycemia (reference) reference 1,225/ 3,468 — reference 871/2,998 —
Prediabetes 0.92 (0.85 to 0.99) 1,479 /4,316 0.031 0.88 (0.80 to 0.97) 960 / 3,520 0.007
T2D 0.83 (0.76 to 0.89) 1,939/5,864 <0.001 0.78 (0.71 to 0.85) 1,127 / 4,568 <0.001
Poorly Controlled T2D 0.65 (0.59 to 0.72) 678/2,413 <0.001 0.64 (0.56 to 0.72) 380/1,838 <0.001

10% weight loss
Normal Glycemia (reference) reference 652 /3,468 — reference 400/ 2,998 —
Prediabetes 0.82 (0.74 to 0.92) 667 /4,316 <0.001 0.82 (0.71 to 0.95) 382/3,520 0.006
T2D 0.66 (0.59 to 0.74) 752 /5,864 <0.001 0.67 (0.58 to 0.78) 394 /4,568 <0.001
Poorly Controlled T2D 0.56 (0.49 to 0.65) 279/2,413 <0.001 0.59 (0.48 to 0.71) 143/1,838 <0.001

15% weight loss
Normal Glycemia (reference) reference 312 /3,468 — reference 190/ 2,998 —
Prediabetes 0.80 (0.68 to 0.94) 299/4,316 0.007 0.81 (0.66 to 1.00) 174/3,520 0.053
T2D 0.63 (0.53 to 0.74) 321/5,864 <0.001 0.66 (0.53 to 0.81) 176 /4,568 <0.001
Poorly Controlled T2D 0.46 (0.37 to 0.58) 103/2,413 <0.001 0.58 (0.43 to 0.77) 65/1,838 <0.001

Cox — time to HbA1c reduction

0.5-point HbA1c reduction
Normal Glycemia (reference) reference 156 /2,523 — reference 94 /1,589 —
Prediabetes 3.77 (3.17 to 4.48) 819/3,429 <0.001 3.49 (2.79 to 4.37) 430/1,871 <0.001
T2D 10.98 (9.32 to 12.93) 2,925 /5,274 <0.001 9.84 (7.95 to 12.17) 1,476 /2,709 <0.001
Poorly Controlled T2D 20.08 (17.00 to 23.72) 1,687 /2,252 <0.001 16.13 (13.00 to 20.02) 910/1,184 <0.001

1.0-point HbA1c reduction
Normal Glycemia (reference) reference 33/2,523 — reference 26/1,589 —
Prediabetes 3.00 (2.06 to 4.38) 150/ 3,429 <0.001 1.99 (1.27 to 3.11) 7411871 0.003
T2D 29.16 (20.64 to 41.21) 1,920/5,274 <0.001 19.79 (13.36 to 29.31) 941/2,709 <0.001
Poorly Controlled T2D 82.95 (58.66 to 117.29) 1,579/2,252 <0.001 52.10 (35.16 to 77.20) 844 /1,184 <0.001

1.5-point HbA1c reduction
Normal Glycemia (reference) reference 31/2,523 — reference 26/1,589 —
Prediabetes 1.12 (0.71to 1.74) 52 /3,429 0.631 0.87 (0.52to 1.47) 32/1,871 0.610
T2D 15.36 (10.72 to 22.00) 1,036 /5,274 <0.001 9.67 (6.49 to 14.40) 487 /2,709 <0.001
Poorly Controlled T2D 74.98 (52.42 to 107.25) 1,446/ 2,252 <0.001 45.45 (30.62 to 67.47) 765/1,184 <0.001

Effect of each baseline glycemic category relative to the reference category, normal glycemia, at a GLP-1 persistence gap of 120 days. Generalized estimating equation (GEE) estimates
are adjusted mean differences; Cox hazard ratios above 1indicate faster attainment of the threshold. Baseline glycemic category enters the GEE models as a covariate rather than as an

interaction with time, so each GEE estimate is a difference held constant across follow-up and not the difference at the end of follow-up; the stratified trajectories in Fig. 3 come from separate

models fitted within each category. Both adjust for age group, sex, baseline body mass index category, race and concomitant weight-affecting medications, and the GEE models additionally
for a B-spline basis for time with 3 degrees of freedom. For GEE, N is the baseline cohort per stratum, 16,061 for weight and 14,788 for HbA1lc. For Cox, Events/N is events among patients at

risk. Bold denotes P < 0.05. The 2.0-point HbA1c endpoint is omitted because it is non-estimable at short persistence gaps. The structured-only sub cohort excludes note-derived entrants. Cl,
confidence interval; HR, hazard ratio; T2D, type 2 diabetes. Estimates are tested with two-sided Wald tests, from generalized estimating equations with robust standard errors and from Cox
proportional hazards models. No adjustment was made for multiple comparisons. Exact P values are given for every comparison in the table; values below 0.001 are shown as <0.001. Italic
type marks the analysis blocks and the outcome thresholds within them, and carries no statistical meaning.
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Extended Data Table 3 | Model-predicted weight and glycemic change at 3, 6, 9 and 12 months across clinical strata

Population (N)

3 mo

6 mo

9 mo

12 mo

Predicted % weight change following GLP-1 initiation

Baseline glycemic category
Normal glycemia (N = 3,468)
Prediabetes (N = 4,316)

T2D (N = 5,864)

Poorly controlled T2D (N = 2,413)

Sex
Female (N = 9,787)
Male (N = 6,274)

Age group
20-39 years (N = 1,103)
>40 years (N = 14,958)

-3.1 (-3.8to -2.4)
-2.7 (-3.3t0 -2.2)
-2.2 (-2.6 to -1.8)
-1.2 (-1.9 to —0.6)

-2.5 (-2.7 to -2.3)
-1.9 (2.2 to -1.7)

-3.0 (-3.6 to -2.5)
-2.2 (-2.4t0 -2.1)

-5.6 (-6.4 to —4.8)
-4.7 (-5.2 to -4.1)
-3.8 (-4.3t0 -3.3)
-2.1 (-2.8 to -1.4)

-4.5 (-4.7 to -4.2)
-3.3 (-3.6 to -2.9)

-5.6 (—6.5 to —4.8)
-3.9 (-4.1to0 -3.7)

-7.1 (8.0 to —6.2)
-5.6 (6.2 to —5.0)
-4.6 (-5.1 to —4.0)
-2.6 (-3.3 to -1.8)

-5.6 (-6.0 to -5.3)
-3.9 (-4.2 to —3.5)

-7.3 (-8.4 to —6.3)
-4.8 (-5.0 to —-4.5)

-7.7 (-8.7 to —6.7)
-5.9 (-6.6 to -5.2)
-4.9 (-5.5 to -4.2)
-2.7 (-3.6 to -1.8)

-6.1 (-6.5 to -5.7)
-4.0 (-4.4 to -3.5)

-8.1(-9.5 to —6.7)
-5.1 (-5.4 to —4.8)

Predicted HbA1lc change following GLP-1 initiation (percentage points)

Baseline glycemic category
Normal glycemia (N = 2,846)
Prediabetes (N = 3,811)

T2D (N = 5,719)

Poorly controlled T2D (N = 2,412)

Sex
Female (N = 8,890)
Male (N = 5,898)

Age group
20-39 years (N = 883)
240 years (N = 13,905)

0.02 (~0.05 to 0.09)
-0.09 (-0.19 to 0.01)
-0.31 (-0.43 to -0.18)
-1.26 (-1.50 to -1.01)

-0.35 (-0.39 to -0.32)
-0.41 (-0.47 to -0.36)

-0.43 (-0.56 to —0.31)
-0.38 (-0.41 to -0.35)

0.02 (~0.05 to 0.09)
-0.16 (-0.26 to -0.05)
-0.52 (~0.65 to -0.38)
-2.06 (-2.31 to -1.81)

-0.60 (-0.65 to -0.55)
-0.68 (-0.75 to -0.60)

-0.66 (-0.83 to -0.48)
-0.64 (-0.68 to -0.59)

0.01 (~0.06 to 0.07)
-0.19 (-0.29 to -0.08)
-0.61 (-0.75 to -0.47)
-2.36 (-2.61 to -2.10)

-0.72 (-0.77 to -0.66)
-0.78 (-0.86 to -0.70)

-0.67 (0.86 to —0.48)
-0.75 (-0.80 to -0.70)

-0.01 (~0.08 to 0.05)
-0.19 (-0.29 to -0.08)
-0.63 (~0.77 to -0.49)
-2.36 (-2.63 to -2.08)

-0.74 (-0.81 to -0.68)
-0.78 (-0.87 to -0.70)

-0.59 (-0.80 to -0.39)
-0.77 (-0.82 to -0.71)

Model-predicted percent weight change and hemoglobin Alc (HbA1c) change following GLP-1 receptor agonist initiation, stratified by baseline glycemic category, sex and age group.
Predictions are based on the primary analytic cohort under a 120-day GLP-1 persistence gap definition and are centered on baseline (day 0). Values are point estimates with 95% confidence

intervals. Three-month estimates use day 84 and nine-month estimates use day 280 from the pre-computed prediction grid. Bold denotes estimates whose 95% confidence interval excludes

zero. T2D, type 2 diabetes.
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Extended Data Table 4 | Model-predicted change in exploratory note-derived assessments following GLP-1receptor
agonist initiation

Estimate (95% ClI)

Population (N)

3 mo

6 mo

9 mo

12 mo

Depression (PHQ-9, 0-27 scale)

All patients (N = 625)
Baseline 25 (mild+) (N = 263)
Baseline 210 (mod-severe) (N = 117)

-0.41 (-1.76 to +0.95)
~1.11 (-3.07 to +0.84)
-1.55 (-4.13 to +1.04)

-0.51 (-2.00 to +0.97)
-1.30 (-3.38 to +0.78)
-2.36 (-5.05 to +0.33)

-0.54 (-2.18 to +1.10)
~1.47 (-3.79 to +0.85)
-3.50 (-6.33 to —0.67)

~0.71 (-2.40 to +0.98)
-2.52 (-5.01 to -0.04)
-6.01 (-9.28 to -2.74)

General Pain Intensity (0-10 scale)

All patients (N = 436)
Baseline 24 (moderate+) (N = 266)
Baseline 27 (severe) (N = 160)

+0.13 (-0.39 to +0.65)
-0.36 (~0.98 to +0.25)
-0.50 (~1.23 to +0.22)

+0.07 (0.46 to +0.60)
-0.51 (-1.16 to +0.14)
-0.81 (-1.57 to -0.05)

-0.01 (~0.55 to +0.53)
-0.54 (-1.20 to +0.12)
-0.95 (-1.75 to —0.15)

+0.08 (=0.60 to +0.76)
-0.54 (-1.29 to +0.22)
-0.97 (-1.93 to -0.01)

Waist Circumference (Inches)

All patients (N = 99)

-2.57 (-3.80 to -1.35)

-3.59 (-4.89 to -2.30)

-3.48 (-4.89 to —2.06)

-2.68 (-4.60 to -0.76)

Alcohol Use (Drinks/day)

All patients (N = 198)
Baseline 210 (top 25%) (N = 47)

-0.02 (=0.16 to +0.13)
-0.11 (-0.29 to +0.06)

-0.01 (-0.16 to +0.14)
-0.09 (-0.26 to +0.07)

+0.00 (~0.14 to +0.15)
-0.02 (-0.19 to +0.16)

~0.01 (-0.26 to +0.23)
+0.01 (~0.30 to +0.32)

Muscle Strength (MRC, 0-5 scale)

All patients (N = 219)

+0.01 (~0.06 to +0.08)

+0.02 (~0.05 to +0.08)

+0.02 (~0.05 to +0.08)

~0.01 (~0.10 to +0.08)

Model-predicted change in note-derived clinical assessments following GLP-1 receptor agonist initiation. Outcomes were extracted from unstructured clinical notes using natural language
processing. Analyses include patients with a baseline assessment within +30 days of GLP-1 receptor agonist initiation and at least one repeat assessment between 30 and 365 days, without

restriction to continuous GLP-1 users; results should be interpreted as exploratory and hypothesis-generating. Baseline subgroups are defined as: PHQ-9 25 (mild or greater) and 210

(moderate-severe); pain score >4 (moderate) and >7 (severe); and, for alcohol use, the highest quartile of baseline consumption (210 drinks per day). All models are adjusted for age, sex, race,

baseline glycemic category and baseline BMI category, and additionally for time-varying percent weight change, except for waist circumference, where weight change lies on the causal

pathway between GLP-1 exposure and abdominal adiposity and was therefore not included. Values are shown as point estimates with 95% confidence intervals. Bold denotes estimates whose

95% confidence interval excludes zero.
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Extended Data Table 5 | BiolarkGSC+ validation set model performance

Model Type Model P R F1
Encoders NeuralCR [Arbabi et al., 2019] 0.73 0.61 0.67
& early LLMs PhenoTagger [Luo et al., 2021] 0.72 0.76 0.74
PhenoRerank [Yan et al., 2022] 0.84 0.71 0.77
Llama 3.1 (Nemo 70B) [Kim et al., 2024] 0.78 0.68 0.72
PhenoGPT (GPT-3) [Yang et al., 2024] 0.82 0.79 0.81
PhenoGPT (GPT-J) [Yang et al., 2024] 0.80 0.85 0.83
LLMs Claude Sonnet 4.5 0.95 0.89 0.92
(base) GPT 5.2 Reasoning Low 0.84 0.90 0.87
GPT 5 Mini Reasoning Low 0.91 0.80 0.85
GPT 4.1 Nano 0.90 0.46 0.61
GPT 4.1 Mini 0.84 0.70 0.76
Qwen 4B Instruct 0.87 0.62 0.73
Distilled SFT SFT GPT 4.1 Nano 0.72 (-0.18) 0.70 (+0.24) 0.71 (+0.10)
(higher speed, lower cost)  SET GPT 4.1 Mini 0.82 (-0.01) 0.80 (+0.10) 0.81 (+0.05)
SFT Qwen 4B Instruct 0.79 (-0.09) 0.73 (+0.11) 0.76 (+0.03)
Post Proc (PP) PP Claude Sonnet 4.5 0.96 (+0.01) 0.88 (-0.01) 0.92 (+0.00)
(higher precision) PP GPT 5.2 Reasoning Low 0.88 (+0.04) 0.89 (-0.01) 0.88 (+0.02)
PP GPT 4.1 Mini 0.86 (+0.02) 0.70 (-0.00) 0.77 (+0.01)
PP+SFT GPT 4.1 Mini 0.88 (+0.05) 0.79 (-0.01) 0.83 (+0.02)
PP Qwen 4B Instruct 0.89 (+0.02) 0.62 (-0.01) 0.73 (+0.00)
PP+SFT Qwen 4B Instruct 0.87 (+0.08) 0.73 (-0.01) 0.79 (+0.03)
Multi-Agent Sonnet 4.5 + GPT 5.2 Reasoning Low 0.82 (-0.12) 0.95 (+0.06) 0.88 (-0.03)
(higher recall) PP (Sonnet 4.5 + GPT 5.2 Reason. Low) 0.87 (-0.10) 0.95 (+0.05) 0.90 (-0.01)
GPT 4.1 Mini + Qwen 4B Instruct 0.80 (-0.07) 0.82 (+0.11) 0.81 (+0.05)
PP+SFT (GPT 4.1 Mini + Qwen 4B Inst.) 0.81 (-0.06) 0.87 (+0.07) 0.84 (+0.01)

Class macro-average, document-level, from published literature and off-the-shelf large language models. P, precision; R, recall; F1, harmonic mean of macro-averaged precision and recall;
SFT, supervised fine-tuning; PP, post-processing. Macro precision is averaged over classes with at least one prediction and macro recall over classes with at least one gold annotation, so
the two averages are taken over overlapping but non-identical class sets. Parenthetical values are absolute deltas versus the corresponding base model, or, for combined models, versus
the higher of the two. Rows in the Encoders and early LLMs block are quoted from their source publications, which scored on Human Phenotype Ontology concept identifiers rather than on
phenotype names. Bold denotes the best-performing configuration for each metric; where two configurations agree to two decimal places, the bolded cell is the higher before rounding.
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Data collection  Data were obtained from the Sidus Insights (Niagara Falls, NY) de-identified ambulatory electronic health record platform, which aggregates
structured clinical records and longitudinal free-text clinical documentation spanning four EHR systems, 1,337 physician practices and 8,871
providers. No software was used for primary data collection. Clinical entity extraction was performed with large language model pipelines
served through Microsoft Azure OpenAl Service: GPT-5.2 (reasoning effort: low) for the extraction validation reported in Table 1, GPT-5 Mini
Reasoning Low for the one-million-visit production extraction reported in Table 2, and GPT-4.1 Mini and GPT-4.1 Nano fine-tuned with low-
rank adaptation, together with Qwen 2.5 4B, for the optimized extraction experiments. Claude Sonnet 4.5 was used in the multi-model
aggregation comparison. Extracted statements were grounded against UMLS, SNOMED CT, the Human Phenotype Ontology, ICD-10, LOINC
and RxNorm. Semantic embedding used OpenAl text-embedding models; taxonomy discovery used K-means clustering (RAPIDS cuML) and
UMAP for dimensionality reduction.




Data analysis Cohort construction and the generalized estimating equation trajectory models were performed in Python 3.13.5 with pandas 2.3.2, NumPy
2.3.2, SciPy 1.16.1, statsmodels 0.14.5, patsy 1.0.1, matplotlib 3.10.6 and openpyx| 3.1.5. Cox proportional hazards models were fitted with
lifelines 0.30.0 under Python 3.12 with pandas 2.2.3, NumPy 2.1.3, SciPy 1.15.2 and matplotlib 3.10.1. Extraction validation, benchmark
comparison and fine-tuning analyses were performed in Python 3.12 with NumPy 2.2.6 and matplotlib 3.10.1. Analysis was carried out in
Visual Studio Code. Al research agents assisted with cohort identification, variable assembly and generation of reviewable analysis code within
the knowledge graph analytic environment; all intermediate outputs and generated code were reviewed and validated by the investigators
before interpretation. All custom code is publicly available: technical development and validation code at https://github.com/MyOwnMed/
glpl_nature2026_extraction_validation (Apache License 2.0) and clinical analysis code at https://github.com/MyOwnMed/
glp1_nature2026_alc_analysis (MIT licence). Both repositories are archived with permanent digital object identifiers, given in the Code
availability statement of the manuscript.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Real world data analyzed in this study were from expert determined, deidentified patient electronic health records (EHR), and therefore are governed under HIPAA,
requiring licensing from the EHR owner Harris Computer Systems. These restrictions prohibit the authors from making them publicly available, and individual-level
data will not be deposited in a public repository at any time. De-identified individual-level data may be made available to qualified researchers under a separate
data licence and data-use agreement; fees may apply. Requests should be directed to the corresponding author, will be evaluated jointly by RespondHealth Inc. and
Harris Computer Systems for scientific merit and consistency with the terms of the licence, and will receive a response within one month. Aggregate data supporting
all findings, including cohort characteristics, model estimates and confidence intervals, are provided in the main text, Extended Data and Supplementary
Information.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Sex was recorded as documented in the electronic health record and was included as a covariate in adjusted analyses. No
inference was made regarding gender identity beyond the recorded variable.

Reporting on race, ethnicity, or | Race was recorded as documented in the electronic health record and reflects routine clinical reporting practices. Race

other socially relevant categories were not assigned by the investigators. Race was included as an adjustment covariate in multivariable models but
groupings was not used for primary stratification or causal inference.
Population characteristics The study population consisted of adults aged 18 years or older initiating injectable GLP-1 receptor agonist therapy in routine

ambulatory clinical care. Baseline demographic and clinical characteristics, including age, sex, race, body mass index, and
glycemic status, are summarized in the results section. Detailed inclusion and exclusion criteria are described in the Methods
and Supplementary Methods.

Recruitment This study used retrospectively collected, de-identified electronic health record data. Participants were not prospectively
recruited. Inclusion and exclusion criteria were applied algorithmically to existing clinical records. Potential sources of
selection bias inherent to routine clinical data are described in the Discussion.

Ethics oversight All analyses were conducted using de-identified data in accordance with applicable data use agreements. Institutional review

board approval and informed consent were not required for this study under applicable regulations governing research using
de-identified secondary data.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size

Data exclusions

Replication

Randomization

Blinding

Behaviou

Sample size was determined by data availability within the electronic health record dataset after application of prespecified inclusion and
exclusion criteria. No formal a priori sample size or power calculation was performed, as the study was observational and exploratory in
nature.

All exclusion criteria were pre-established before analysis. Sequential exclusions were applied to the identified cohort as follows: age under 18
years or missing age or sex; pregnancy at baseline or during GLP-1 receptor agonist exposure; history of bariatric surgery; and baseline
exposure to oral semaglutide (Rybelsus). Physiologic plausibility filters removed implausible measurements: height below 48 or above 90
inches, weight below 60 or above 700 pounds, and BMI below 10 or above 80 kg/m2, with BMI recalculated from height and weight where
necessary. Reference-based outlier screening against CDC anthropometric reference data and short-interval weight-spike detection removed
implausible weight values, and a rule-based procedure removed implausible HbAlc spikes; all removed values were flagged and downstream
derived variables recomputed. The full rules and thresholds are given in the Methods. No other data were excluded.

This is a retrospective observational study, so experimental replication does not apply. Four measures were taken to verify the reproducibility
of the findings, and all four reproduced the reported direction and statistical significance of the primary results. First, the entire analysis was
re-run across eight alternative definitions of GLP-1 receptor agonist persistence of therapy, from a 30-day to a 730-day permissible gap;
cohort attrition under every definition is reported in Supplementary Table 1. Second, a structured-data-only sensitivity analysis was run in
parallel to the primary analysis and is reported alongside it in Extended Data Table 2. Third, the extraction pipeline was validated against a
blinded physician reference standard, with inter-rater agreement among three independent physician reviewers reported in Extended Data
Table 1, and benchmarked against published and off-the-shelf models on an external validation set (Extended Data Table 5). Fourth,
regression tests covering each analytic correction are distributed with the analysis code. No finding failed to reproduce.

Participants were not randomized to treatment. This was an observational study of routine clinical care using existing electronic health record
data. For computational feasibility, the extraction and analysis cohort was drawn from a prespecified random sample of approximately
1,000,000 clinical visits from a broader pool of approximately 213,000 individuals with GLP-1 exposure. Downstream analytic cohorts were

then defined by applying prespecified clinical inclusion and exclusion criteria, as described in the Methods.

Blinding was not applicable, as this was a retrospective observational study using de-identified electronic health record data.
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All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  Not applicable. This study was a retrospective observational analysis of de-identified electronic health record data and was not a
clinical trial requiring registration.

Study protocol A formal prospective study protocol was not registered. The analytic design, cohort construction, and statistical methods are
described in the Methods and Supplementary Methods.

Data collection Data were obtained from a large de-identified ambulatory electronic health record data platform aggregating structured clinical
records and longitudinal free-text documentation from multiple healthcare provider systems. Data reflect routine clinical care over
the study period, with up to 10 years of available clinical history per patient, and were collected prior to analysis. No prospective data
collection was performed for this study.

Outcomes Outcomes were pre-defined prior to analysis and included longitudinal percent change in body weight and absolute change in
hemoglobin Alc following initiation of injectable GLP-1 receptor agonist therapy, as well as time to clinically meaningful thresholds of
weight loss and glycemic improvement. Exploratory secondary outcomes included longitudinal changes in note-derived clinical
assessments: depressive symptoms (PHQ-9), pain intensity, waist circumference, alcohol use, and muscle strength. Outcome
definitions and assessment procedures are described in the Methods and Supplementary Methods.
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