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Next-Generation Multicenter Studies: Using A tificiai fniciigenee w0 Automatically Process Unstructured Health

Records of Patients with Lung Cancer across Multiple Institutions
Population & Method Results

Multicenter study (10 sites): automated extraction of Al use reduced error rates across sites and variables, and inter-center variability: 0.39 (manual), 0.12 (Al).

31 variables from unstructured health records. Time reduction (minutes per patient): 17.5 minutes (manual), 1.7 minutes (Al), 4.6 minutes (hybrid).

Centrally hosted LLM system. o . o
Trained on 10,016 patients, tested on 311. Error rates (%) Error rates per variable (%)

% Manual [ 14.2%

A
Manual Al Hybrid Al 7.0%
) ¥ Al + 30%
(Traditional (ﬂnelijlt\/leed targ(eted3h0ur:qan )
: : Hybrid ) 4,4%
abstraction) extraction) review) Y
0% 5% 10% 15%

Ground truth: concordant data across sources;
discrepancies resolved by blinded expert.

Conclusion We show that an LLM-based system can accurately extract lung cancer variables from unstructured medical records. It can
reduce errors, standardize data across centers, and enable scalable, inclusive multicenter studies.
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Abstract

Background:

Manual abstraction of real-world data (RWD) from unstructured health records (HRs) remains
resource-intensive, error-prone, and highly variable across institutions. Large language models
(LLMs) offer a scalable alternative, but their performance in multicenter oncology settings is not
fully validated.

Patients and Methods:

We conducted a multicenter study within the French Large & Unified Cancer Cohort (LUCC)
consortium to compare the accuracy of artificial intelligence (Al)-based data extraction against
manual abstraction by clinical research professionals. A fine-tuned LLM was applied to de-
identified unstructured HRs in PDF format to extract 31 variables from lung cancer patients
across 10 centers. Ground truth was defined as concordant values across sources, with
discrepant cases adjudicated by a blinded expert. The primary endpoint was the extraction
error rates. Secondary endpoints included per-variable performance, inter-institutional
variability, F1-score for multiple-choice variables, added value of hybrid Al-human workflows,
and survival analyses.

Results:

Among 10,327 patients with Al-based extraction, 311 were included in the test cohort. Across
8,708 datapoints for 28 variables with only one correct answer, the LLM achieved a 7.0% error
rate, outperforming manual abstraction (14.2%, p<0.001). The F1-scores of 3 multiple-choice
variables were superior (gene alterations 0.97 vs 0.86, comorbidities 0.86 vs 0.76, metastatic
sites 0.71 vs 0.69). Inter-institutional variance was lower with Al (0.12% vs 0.39%). A hybrid
approach with targeted human review of 30% of low-confidence Al outputs further decreased
error rates to 4.4%. Survival analyses based on Al-extracted data closely matched ground truth,
with similar median overall and progression-free survival.

Conclusions:

In @ multicenter setting, our Al pipeline yielded lower error rates and greater consistency than
manual abstraction. These findings support the feasibility of next-generation, Al-enabled
multicenter studies to generate high-quality RWD at scale, with potential applicability in
prospective clinical trials.

Keywords: artificial intelligence, large language models, electronic health records, real-world
data, multicenter, consortium



Highlights:

In a 10-center study, Al extraction from unstructured medical records had a lower error rate
than manual abstraction (7% vs 14%).

Al consistently outperformed manual abstraction across 31 clinical variables in lung cancer.
Hybrid Al-human workflow further reduced error rates from 7.0% to 4.4%.
Al extraction lowered inter-institutional variability across participating centers.

Survival outcomes from Al-extracted data closely matched expert-adjudicated ground truth.



Introduction

High-quality data are essential for reliable evidence generation in oncology. Clinical trials remain
the cornerstone for assessing efficacy and safety under controlled conditions, while real-world
data (RWD) provide complementary insights into routine practice, including outcomes in
underrepresented populations and characterization of rare tumor subtypes.?? RWD are
increasingly used to inform trial design by providing empirical estimates of event rates, eligibility
prevalence, and effect sizes, or to construct synthetic control arms when randomization is not
feasible.>®

Multicenter studies are essential for generating large, diverse, and representative datasets,
whether in the context of RWD or clinical trials. By capturing heterogeneity across diverse care
settings and patient populations, these studies improve external validity and generalizability
while reducing center-specific biases. They may also provide sufficient sample sizes to study rare
cancers, rare molecular subtypes, and less common clinical scenarios. Examples include Flatiron
Health (USA’), Unicancer ESME (France®), the SACT database (UK)?, or rare tumor registries
involving multiple institutions.1%-12

However, extracting data faces a fundamental challenge as most health records (HR) are stored
in unstructured formats.*®> Although these records contain rich clinical information essential for
patient care and research, they are written in natural language with heterogeneous terminology,
abbreviations, documentation styles, and quality, particularly across institutions. Currently, RWD
generation relies predominantly on manual chart abstraction by research personnel, often
without formal medical training and without trial-like monitoring. This approach is labor-
intensive and susceptible to human error, with reported error rates ranging from 2.3 to 26.9%,
due to mistakes both in data entry and interpretation of the original document.'* Even in trials,
despite standardized collection tools and monitoring, error rates can be high enough to require
larger sample sizes to preserve statistical power.'® In both RWD and trials, data errors can reduce
the ability to detect true effects, underscoring the need for scalable approaches to improve
accuracy and consistency. Beyond accuracy concerns, manual abstraction depends on local
staffing and resources, generating inter-institutional variability and creating barriers to
participation for smaller institutions, producing selection bias toward academic centers that
limits dataset representativeness.?

To address these limitations, there is growing interest in automated extraction using natural
language processing (NLP) and LLMs, that may offer a scalable and time-efficient alternative.®~
18 Current state-of-the-art LLMs show promising performance in structuring variables from
unstructured notes, pathology, and radiology reports, and in distinguishing clinically relevant
from uncertain genomic variants.*®*?! This approach may enhance the representativeness of
multicenter cohorts, improve data quality, and reduce the time and resource demands of data
collection. However, most LLM studies remain limited to narrowly defined variables or to single-
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center settings.'®1820-22 Moreover, the most performant LLMs are often proprietary and
restricted to public repositories'®?® to comply with data protection policies. Alternatively,
deploying locally open-source models with similar performance is complex,?* requiring
specialized, resource-intensive computing infrastructure, which limits its feasibility in a
multicenter setting.

We propose the concept of “next-generation multicenter studies,” which leverage LLMs for
automated extraction and structuring of clinical data from unstructured HRs across institutions,
using a centralized cloud-based platform and standardized data model to ensure harmonization.
To our knowledge, this is the first study to validate an LLM-based approach (lucc-ai-1) for
multicenter RWD generation across a comprehensive set of clinical variables (31 variables), with
direct head-to-head comparison against manual abstraction, evaluation of inter-institutional
consistency, and assessment of confidence-guided hybrid Al-human workflows.

Methods

The LUCC consortium

This study was conducted within the LUCC consortium, launched in June 2023 to establish a large-
scale RWD cohort across multiple cancer types through Al-based structuring of HRs. The initial
focus was lung cancer (LUCC-Lung cohort). The consortium includes university hospitals,
comprehensive cancer centers, private clinics, and community hospitals across France, ensuring
representation of diverse care settings and patient populations. In this consortium, institutions

retained scientific control and data ownership, while industry (Lifen) provided the Al
expertise, pipeline and a centralized data hub.

Participating centers exported health records in PDF format directly from their clinical systems
without specific ordering requirements. No systematic audit of completeness against full EHR
contents was performed. Our approach does not require interoperability with institutional EHR
systems, making it independent of the underlying clinical information systems used by
participating institutions. Health records ranged from completely unstructured free-text
narratives to semi-structured formats with section headers (e.g., “Comorbidities”, “Molecular
profile”).

As of July 2025, LUCC-Lung comprised 10,327 adults with histologically confirmed lung cancer,
irrespective of stage or treatment, with at least one medical report available since February 2021.

Patient Selection for the validation study
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We randomly selected 311 patients from the LUCC Lung cohort, stratified by center. Additional
inclusion criteria were: (1) availability of five or more French-language medical records including
hospitalization, consultation reports or tumor board summaries, and (2) absence of prior
oncological history or concomitant cancers. Patients with concomitant cancers were excluded to
reduce clinical and documentation complexity for both manual and Al abstraction and to first
validate model performance in standard single-cancer situations. This cohort served as our test
set and was kept isolated from the training process to ensure an unbiased evaluation. Document
type distributions across the test cohort are detailed in Supplementary Table S4.

Variable Selection

Thirty-one variables relevant to patient characterization and outcome analyses (Supplementary
S1) were selected by Gustave Roussy, whose variable definitions and codebook were provided to
Lifen, the Al provider. Variables were selected to enable comprehensive patient characterization,
treatment pattern analysis, and survival outcome assessment and included demographic data,
risk factors, comorbidities, molecular data (molecular status of EGFR, ALK, ROS1, RET, KRAS,
BRAF, HER2, MET and PD-L1 expression), first-line systemic treatment details, and follow-up
information.

Twenty-eight variables had a standard format with only one correct answer (date, number,
boolean, or category) including the option to mark information as unavailable ("null" value). Both
Al and manual extraction were instructed to indicate unavailable information rather than infer
values.

Three variables were collected as multiple-choice fields: genomic alterations (8 genes),
comorbidities (11 comorbidities), and metastatic sites at first-line treatment initiation (22 sites)
(Supplementary S1). For these variables, each option could be marked as present or absent. For
operational reasons and because the distinction was rarely explicit in our material, we did not
differentiate between "unavailable" (testing not performed or not documented) and "negative"
(tested and negative). Both cases were recorded as negative values.

Comparison Groups

Three groups were evaluated using identical de-identified documents and processing rules
(Supplementary S2). All groups accessed the same source documents without direct access to
HRs and were supported by identical automatic coherence constraints enforcing variable
formats, restricting entries to allowed values, and ensuring compliance with conditional
appearance rules (Supplementary S1). For each included patient (with >5 eligible medical
records), all available medical reports were provided to every group, without any upper limit on
the number of documents.



Group 1 (Manual): Each center designated clinical research professionals with experience in
clinical data abstraction, to manually abstract data through an electronic case report form (eCRF)
platform, with written instructions. Only initial entries were analyzed, without data-management
queries or corrections. Abstractors had access to basic document viewing without advanced
search tools.
Group 2 (Al Model): Data were extracted automatically using lucc-ai-1, which provided
predictions with confidence scores and supporting text excerpts.
Group 3 (Hybrid): Al-extracted values underwent targeted human review. The model provided
predicted values with associated confidence scores, and two human experts (distinct from Group
1) reviewed predictions in ascending order of Al confidence, up to 30% of extractions. Reviewers
accessed an enhanced interface with: (1) Al predictions and confidence scores, (2) supporting
excerpts highlighted in source documents, (3) keyword search functionality across all patient
documents, and (4) options to accept, modify, or reject predictions (Supplementary Figure S3).

Ground Truth Definition

Values from each group were compared for each data point. A data point was defined as one
variable value for one patient. When values were identical across groups, the shared value
constituted the ground truth. In all cases of discrepancies, a senior clinical research professional
under the supervision of medical oncologists (M.A., L.Z.), blinded to the extraction method
(manual or Al) and not involved in the manual data abstraction group, adjudicated the correct
entry based solely on source documents. The adjudicated value could differ from all initial
assessments.

Endpoints

Primary Endpoint

The primary endpoint was the difference in error rates for data abstraction from medical records
across institutions, comparing an Al-based approach with manual abstraction by trained clinical
research professionals.

For the 28 variables with standard formats and an additional option to mark information as
unavailable, performance was evaluated using two support sets: (i) complete support (all ground-
truth data points, including null values) and (ii) common non-null support (excluding null values
across all groups).

Error rates were defined as the proportion of discrepancies relative to each support set. Any
deviation from the ground truth was counted as incorrect. For example, "December 2022" or
"December 13, 2022" were incorrect if the correct date was "December 12, 2022", "Stage IlI" was



incorrect if "Stage IIIA" was required and "PD-L1 expression = 0%" was incorrect if testing was
not performed and the ground truth was "null".

Secondary Endpoints

Secondary endpoints included the estimation of per-variable performance metrics and
assessment of inter-institutional variability; computation of Fl-scores for multiple-choice
variables for both Al-based extraction and manual abstraction; quantification of the added value
of hybrid Al-human validation workflows; and comparison of survival curves across all three
approaches.

The three variables originally collected as multiple-choice fields with no differentiation between
"unavailable" and "absent", were transformed into sets of binary variables, one for each possible
value. This transformation enabled the calculation of micro Fl-score for each option, which is
clinically relevant since partial identification (e.g., correctly extracting some molecular alterations
while missing others) still provides useful information. For example, the "genes" variable was
decomposed into eight binary variables, each corresponding to the presence or absence of a
specific gene alteration.

Processing duration was measured and compared across three groups.

To assess the clinical relevance of extraction accuracy, overall survival (OS) and real-world
progression-free survival (PFS) curves were generated from Al and manual abstraction versus the
ground truth. Survival was calculated from diagnosis (OS, overall population) or start of first-line
treatment (OS and PFS, treated subgroup) to the event: death or last follow-up for OS, and
progression, death, or the last imaging report without documented progression for PFS.

Sample size calculations were based on a non-inferiority design comparing Al accuracy to manual
data abstraction. Assuming a human baseline accuracy of 95% and the same accuracy by Al under
the alternative hypothesis, a non-inferiority margin of 10%, a one-sided alpha level of 0.025, 300
patients would provide 98% power for a patient-level data point. Statistical analyses were
performed under direct academic oversight (S.M.).

Ethical Considerations

All living participants were individually informed through an information note developed in
collaboration with a patient association, written in clear and accessible language. The note
outlined the study objectives, data processing procedures, and participants’ right to refuse the
use of their data. All study data were de-identified, with access restricted to authorized
personnel; every access event was logged and traceable. Information was encrypted during both



transmission and storage, and hosted by Lifen, a provider certified to store and process health
data in compliance with the French law. The study complies with the General Data Protection
Regulation,3? the French Data Protection Act,?® and the French Public Health Code,** and was
approved by the LUCC Scientific and Ethics Committee (Supplementary S5).

Al Methodology

We developed lucc-ai-1, an Al pipeline to transform unstructured clinical documents into
structured data by combining preprocessing, fine-tuned domain-specific LLMs, and patient-level
reconciliation algorithms (Fig. 1). Several open-source LLMs were evaluated, including Mistral-
7B, Mistral-24B, Llama-3.1-8B, Granite-3.0 8B, Ministral 8B, Hermes-3 8B, Falcon-3 7B,
MedGemma-27B. On the training set, Mistral-24B showed the best balance of performance and
computational cost (Supplementary S6-1). Fine-tuning was performed on a single NVIDIA H100
GPU (80 GB).

HR preprocessing: Participating centers provided unstructured HR data in PDF format. The initial
step was extraction of medical text, using a pipeline that combined open-source and proprietary
tools for optical character recognition, template removal, reading order detection, and de-
identification of personally identifiable information. This process produced a consistent, de-
identified text corpus for downstream analysis.

Document-level predictions: the number of documents per patient frequently exceeded the
input limits of contemporary open-source LLMs, even after preprocessing. To address this, we
fine-tuned an LLM to operate at the document level, predicting values for each individual
document.

We compared two training paradigms: (1) Single Document: for each variable, only the annotated
document, specification, and target excerpt were supplied; (2) All Documents: up to five records
were supplied irrespective of containing the target, with specification and target excerpt. The
first approach suited simple variables answerable from a single record, the second addressed
cross-document reasoning (e.g., treatments) but was computationally heavier.

Prediction confidence was quantified using token-level probability distributions.

Iterative human-in-the-loop training: Model training proceeded iteratively to minimize
annotation errors and reduce manual effort. We began with a task-untrained base model
producing predictions across the corpus. Clinical research professionals corrected a subset to
create an initial labeled set. The updated model was reapplied, generating predictions for review,
prioritized by low confidence. This train—predict—-review loop progressively refined labels and
improved model performance (Supplementary Fig. S6-2).
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As of July 2025, the development corpus comprised 10,016 patient records split into a training
set of 9,316 patients and an internal validation set of 700 patients used for model selection.
Critically, the 311 patients included in the present study constituted a separate, held-out test set
that remained fully blinded throughout model development.

Patient-level reconciliations: To derive a single prediction per patient and variable, we
aggregated document-level outputs. Invalid predictions, including those with unrecognized
values, incorrect supporting context, or low model confidence, were systematically excluded. For
most variables, we used one of two heuristics: (1) selecting the most frequent value, weighted
by confidence, or (2) choosing the value from the most recent document. We also designed a few
customized reconciliation strategies for four specific variables, based on their unique
characteristics. This process yielded a final patient-level prediction and corresponding confidence
which could directly be compared with human annotations.

Results

Patient cohort and data characteristics

Performance was evaluated in 311 patients across 10 participating institutions representing
diverse care settings (university hospitals, comprehensive cancer centers, private clinics, and
community hospitals), with institutional contributions ranging from 9 to 73 patients
(Supplementary S7). A total of 5505 source documents were used (Supplementary S4). Manual
abstraction was performed by clinical research professionals with experience in clinical data
abstraction (median 5 years [range 1-17]; median 4 years [range 0-8] for lung cancer specifically)
(Supplementary S8)

Data structuring was performed on 9,641 data points across 31 variables, including 28 variables
with standard formats and an additional option to mark information as unavailable ("null") and
3 multiple-choice variables allowing partial identification. Patients' characteristics (per ground
truth) are depicted in Supplementary S9. A median of 12 documents (IQR 8—20) per patient were
processed by the Al pipeline. Manual chart abstraction required a median of 17.5 minutes per
patient (IQR 9.7 - 32.2). Al processing time was negligible once the model was trained, requiring
9 hours of compute time when distributed across three H100 GPU machines to process 311
patients, corresponding to approximately 1.7 minutes per patient.

Overall patient-level data extraction performance

11
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For the full support analysis on the 28 variables with the “null” option, 8,708 patient-level data
points were verified against the ground truth. Manual abstraction yielded an error rate of 14.2%,
with 1,240 incorrect data points, while Al extraction achieved a lower error rate of 7.0%, with
611 incorrect data points (p<0.001). In the common non-null support, 5,512 data points were
evaluated. Manual abstraction showed a 22.5% error rate (1,240 errors), whereas Al extraction

demonstrated an 11.1% error rate (611 errors) (p<0.001).

Results are further detailed in Fig. 2, using the following classification: true positive (both set and
ground truth were identical and non-null): 52.1% for Al vs. 47.7% for manual in the complete
support; 82.4% vs. 75.3% in the non-null support; true negative (both were identical and null):
40.8% vs. 38.1% in the complete support; 6.5% vs. 2.2% in the non-null support; false positive
(the set was non-null and the ground truth was null):1.5% vs. 4.2% in the complete support; 2.4%
vs. 6.7% in the non-null support; false negative (the set was null and the ground truth was non-
null):2.7% vs. 5.78% in the complete support; 4.3% vs. 9.01% in the non-null support; and
discrepant value (both were non-null but differed): 2.8% vs. 4.3% in the complete support; 4.4%
vs. 6.8% in the non-null support.

Inter-institution variability

Error rates differed markedly by center for manual abstraction (range 11.5-23.4%), reflecting
variability in expertise and local practices. Al extraction error rates were consistently lower across
all centers, ranging from 5.8% to 13.2% (Fig. 3A). The weighted sample variance in error rates
across institutions decreased from 0.39% for manual abstraction to 0.12% for Al extraction.
Manual abstraction time correlated positively with error rate (r =0.662), suggesting longer review
did not improve accuracy (Fig. 3B).

Variable-specific performance

For all 31 variables, Al extraction demonstrated lower error rates than with manual abstraction
(Fig. 4 A-B). For birthdate, gender, and vital status, error rates were below 3% for both Al and
manual abstraction, with Al achieving 0% for birthdate and gender. Histological type, M stage,
and PD-L1 expression had <5% error with Al but >5% with manual (Fig. 4).

Variables with error rates below 10% in Al extraction included date of last contact, metastatic
status at diagnosis, TNM stage, N stage, T stage, smoking status, number of pack-years, and
presence of first-line systemic treatment. Manual abstraction, by contrast, exceeded 10% error
for all of these except N stage.

Five variables had error rates above 20% in Al extraction: performance status at first-line start,
first-line end date, first-line progression date, date of last progression-free assessment, and date
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of metastatic progression diagnosis. In comparison, manual abstraction showed error rates
above 20% for 15 variables.

Variables showing the largest absolute difference in error rates between Al and manual
abstraction (>20%) included metastatic progression after diagnosis, name of first-line
chemotherapy drug, TNM stage at diagnosis, date of diagnosis, performance status at first-line
start, and first-line treatment category.

The micro-F1 score for genomic alterations was 0.96 for Al versus 0.86 for manual; for
comorbidities, 0.86 versus 0.75; and for metastatic sites, 0.70 versus 0.68, respectively (Fig. 4B).

Hybrid Al-human workflow

The distribution of Al prediction confidence is shown in Fig. 5A. Thirty percent of predictions had
confidence scores below 83%, 20% were below 71%, and 10% were below 50%.
A targeted hybrid workflow, in which a human reviewer assessed 30% of the lowest-confidence
Al predictions, reduced the error rate from 7.0% to 4.4% across the complete support and from
11.2% to 7% across the common non-null support (Fig. 5B). The hybrid approach reduced the
error rate to below 5% for clinical variables including number of pack-years, smoking status at
diagnosis, TNM stage, metastatic status at diagnosis, N stage, and T stage (Fig. 5C). Additionally,
variables with more than a twofold reduction in error included all of the above, as well as last
progression-free assessment date, performance status at first-line treatment initiation, and first-
line treatment end date.

This hybrid approach required a median of 4.6 minutes per patient (IQR 3.6-6.1) for human
review and validation, including Al processing time, representing a 73.7% decrease compared
with manual abstraction.

Identified factors impacting the error rate

Error propagation in dependent variables: A total of 14 variables were conditionally dependent
on others. For example, progression date is contingent on the accurate identification of
progression status, and the first-line (L1) treatment category depends on detecting the presence
of an L1 treatment. In these cases, errors in parent variables can propagate to dependents. As
the number of dependencies increases, cumulative error rates tend to rise, a pattern observed
in both Al and manual abstraction. For variables with no dependencies (14/28), error rates were
4.9% (Al) vs. 14.4% (manual); with one dependency (7/28), 16.3% vs. 34.5%; with two (7/28),
32.7% vs. 47.1%.
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Errors in date-format variables: Eight variables used date formats, where only exact matches
were accepted. This strict criterion resulted in elevated error rates: 19.7% (range 0-50%) for Al
and 30.8% (0.9-63.1%) for manual, particularly from minor day-level discrepancies. For
discrepant values, we observed median differences of 63 days [IQR : 25-206 days] for Al method
(96 discrepant values) and 62 days [IQR : 24-170 days] for manual method (145 discrepant
values)(Supplementary table S10).

With a more lenient approach (15 days and +30 days), error rates decreased to 17.1% then to
15.9% for Al and to 25.4% then to 23.6% for manual.

Error in identifying systemic treatment: Manual abstractors misclassified systemic treatment
initiated for early-stage disease as first-line metastatic therapy in 7 cases. When restricting the
analysis to patients with stage IV disease at diagnosis (N=148), error rates were 17.1% with
manual abstraction, 12.1% with Al extraction and 6.7% with the hybrid method. For the drug
name errors, one clinical research professional did not identify the commercial name of
pemetrexed as corresponding to pemetrexed and therefore did not select pemetrexed as a
treatment. Al extraction yielded lower error rates for most variables, except for two: the last date
of received treatment and the date of the last imaging showing absence of progression
(Supplementary Figure S11). The hybrid method further reduced error rates across all variables,
with the greatest improvement observed for these two dates (Supplementary Figure S11).

Impact on relevant biomarkers and survival analyses

Genomic biomarkers relevant to lung cancer identified by Al closely matched the ground truth.
Compared to manual abstraction, Al produced fewer false negatives (5 vs. 13) and false positives
(2 vs. 16) (Fig. 6A, confusion matrices shown in Supplementary S12).

When applied to survival end points, the Al-extracted data produced Kaplan—Meier curves that
closely matched the ground truth (Fig. 6B-D). For patients receiving first-line
chemoimmunotherapy in the metastatic setting, the median OS was 20.1 (95% Cl: 14.7 - non-
reached (NR)) months for the ground truth, 20.1 (95% Cl: 16.9 - NR) months for Al extraction, and
23 (95% Cl: 19.7 - NR) months for manual abstraction (Fig. 6C). The PFS was 8.1 (95% CI 6 - 16.9)
months for the ground truth, 8.1 (95% CI 5.5 - 18.5) months for Al extraction, and 10.1 (95% CI 8
- 13.8) months for manual abstraction (Fig. 6D).

Discussion
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Here, we report the validation study of an LLM pipeline, lucc-ai-1, automated end-to-end, from
patient identification and notification to de-identification, preprocessing, and Al-based
extraction of lung cancer RWD, on a centralized platform supporting multicenter participation
without local resources. As data capture was PDF-based, our model operated without
interoperability issues, making it agile and scalable. Moreover, we used fine-tuned open-source
models, allowing compliant processing of real patient data. The comparison of Al data extraction
with manual abstraction by clinical research professionals across ten French institutions showed
a lower overall error rate (7.0% vs. 14.2%) across all variables and centers, consistent with other
studies reporting high LLM accuracy in data extraction and summarization, sometimes exceeding
medical experts.18222526 |t also confirms that manual chart review is labor-intensive and
error-prone, similar to other studies with reported error rates for manual abstraction.'>27.28
Recent work by Jee et al. used BERT-based classifiers trained separately for each variable, but at
the cost of flexibility, since each new variable requires a separate model. Their single-center
curated dataset also limited robustness to heterogeneous document formats and did not address
patient-level aggregation, making direct comparison with our approach challenging.'’

The risk of hallucinations is recognized as a critical limitation of LLMs when processing long
unstructured HRs.?® While the term “hallucination” is commonly used to describe false outputs
from generative LLMs, our setting involves structured prediction with predefined value sets,
allowing clearer classification of outputs as correct or incorrect. To mitigate pitfalls, we required
predictions to be supported by excerpts and iteratively corrected annotation errors.
Consequently, Al extraction showed lower false negatives (2.7% vs. 5.7%) and false positives
(1.5% vs. 4.2%) than manual abstraction.

Our review of discrepancies between manual annotation, Al output, and the ground truth
revealed several systematic differences in data collection behavior. One notable source of error
for the manual abstraction could be the “first reported information” bias. When reviewing
patient files sequentially, clinical research professionals often complete eCRFs as soon as they
encounter relevant information. However, they may not revisit a variable if more precise or
conflicting information appears in later documents (e.g., mistaking surgery for diagnosis date). In
contrast, Al processed all documents, reducing this bias. Another discrepancy was strict rule
compliance: the Al was explicitly trained to follow all rules (Supplementary S2), with any
deviation counted as incorrect.

The hybrid review experiment, where 30% of low-confidence Al predictions were reviewed by a
human, showed that error rates decreased further from 7.0% to 4.4%, indicating that limited
human oversight can enhance data quality without a full re-abstraction. In RWD studies, re-
abstraction is rarely performed while in clinical trials data quality is ensured through electronic
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data capture systems combined with source data verification, often applied selectively within
risk-based monitoring frameworks.3® Our results suggest that Al-guided review could
complement these approaches by focusing oversight on the most error-prone data points. Unlike
random review, where gains scale with volume, targeting the lowest 10% confidence predictions
yielded the largest error reduction, with diminishing gains thereafter. This confidence-guided
strategy may thus offer more efficient review allocation, though further refinement is needed to
optimize its implementation.

Concerning the multicenter component, this is the first demonstration of Al-based automatic
structuring across the largest multicenter consortium to date, involving 10 institutions of varying
case volumes, EHR (Electronic Health Records) systems, and practice settings. lucc-ai-1
outperformed manual abstraction across all centers and reduced inter-institutional variability,
despite heterogeneous data sources and practices. While proactive monitoring is standard in
clinical trials, it is usually absent in RWD studies. Proposed alternatives to reduce errors have
included early data downloads and analyses of deviations, written protocol clarifications, and
refresher training sessions.3! Nonetheless, inter-institutional variability persisted in this study
despite standardized written instructions for manual abstraction. Our findings suggest that Al-
based extraction can improve data homogeneity by reducing reliance on site-specific human
input, inherently influenced by training, experience, and workflows.

Limitations of the study include acceptance of concordant values without adjudication, which
may underestimate absolute error rates. We consider this impact limited, as concordance was
established across three complementary methods applied to the same source documents, each
with modest error rates; further adjudication would add another comparison layer with
diminishing returns. Additionally, only initial manual entries were analyzed without
data-management queries or corrections, which may overestimate manual error rates compared
with a fully monitored trial setting but reflects typical multicenter RWD practice. Another major
constraint is the need for high-quality labeled data; this study was feasible because thousands of
annotated examples per variable were created via manual review of Al predictions. While we are
developing transfer learning strategies for zero-shot extraction, these capabilities are not yet
implemented in our current framework. Performance varies with variable complexity and may
not generalize to variables with limited or no training data. This poses challenges when
introducing new variables or modifying extraction rules, each requiring annotation effort
(Supplementary S6-2). Also, extracting longitudinal variables (e.g., treatments, progression
events) proved challenging. Our current document-level approach lacks the capacity to reconcile
multiple valid instances of the same variable across time. As a result, we limited extraction to
first-line treatments. Although we explored incorporating temporal information, the required
reconciliation heuristics were too complex for the current implementation. Finally, the study was
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limited to French-language records from patients with lung cancer, and generalizability to other
languages, cancer types, or healthcare settings remains untested.

Future work will focus on extracting time-dependent variables, defining more atomic document-
level data elements that can be aggregated deterministically into patient-level variables, and
improving confidence scores for human-in-the-loop validation. Expanding beyond the French
language to support additional languages is important for broader international applicability.
Although LLMs offer multilingual capabilities, their performance must be validated in diverse
linguistic contexts. Similarly, applying this approach beyond lung cancer to other malignancies
and disease areas warrants further investigation. Beyond retrospective RWD extraction, lucc-ai-
1 is undergoing prospective validation in a pragmatic randomized phase Il trial (PULSE,
NCT05692999), to test suitability for trial use.

Conclusion

In conclusion, our findings validate lucc-ai-1, a centrally hosted LLM-based framework, for
automated extraction of lung cancer research variables from unstructured medical narratives.
Compared to manual abstraction, the model achieved lower error rates and greater consistency
across centers. By reducing workload and standardizing data capture, this approach enables a
“next-generation” multicenter study model that is scalable, less dependent on local research
infrastructure, and more inclusive of smaller hospitals, thereby improving the representativeness
of real-world oncology data.
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Figure Legends:

Fig. 1. Overview of the Al pipeline, lucc-ai-1, and workflow for real-world data structuring.
Schematic representation of the end-to-end pipeline lucc-ai-1 used for automated data
extraction. Multicenter clinical documents were pre-processed and annotated using a structured
data dictionary. A large language model (LLM) was fine-tuned to extract patient-level values from
unstructured text. Predictions were reconciled across documents, and outputs were compared
against manually collected values by clinical research professionals. Discrepancies were
adjudicated to establish a ground truth reference set.

Fig. 2. Overall performance of Al and manual extraction compared to the ground truth. A.
Breakdown for each dataset vs ground truth with full support; B. Breakdown for each dataset vs
ground truth with common non-null support.

Fig.3. A. Inter-institution variability in error rates for Al vs manual abstraction ordered by
increasing Al error rate in the common non-null support. B. Average document volume and
manual abstraction time per patient across institutions.

Fig. 4. A. Variable-specific error rates for Al and manual abstraction in the common non-null
support, with confidence intervals. B. Micro F1-scores for categorical variables extracted by Al vs
manual abstraction, with confidence intervals.

Fig. 5. A. Distribution of predictions by confidence level, for which 30% of predictions were
manually reviewed from the low-confidence prediction values; B. Error rates of hybrid workflow
according to percentage of data points manually reviewed on the full and common non-null
support (28 variables). C. Error rate of Al and manual compared to the hybrid approach per
variable.

Fig. 6. A. Frequency of genomic alterations derived from Al, manual and ground truth datasets.
B. Overall survival of the entire population derived from Al, human, and ground truth datasets.
C. Overall survival derived from Al, human, and ground truth datasets, for patients with
chemoimmunotherapy as first-line treatment. D. Progression-free survival derived from Al,
human, and ground truth datasets, for patients with chemoimmunotherapy as first-line
treatment. mo: months
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