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Abstract
Background.

Modern evidence synthesis workflows require information extraction methods that are reproducible,
traceable and auditable. Generative approaches may accelerate some steps of literature searching, but
their output variability and limited auditability may be problematic when extracted data must be
compared with an expert standard or reused in methodological analyses. This study aimed to validate
the reproducibility and auditability of MedLitSearch, a deterministic framework for extracting key clinical
trial characteristics from PubMed.

Methods.

The strategy was operationalized in MedLitSearch, a pipeline interfaced with the NCBI E-utilities API. It
combines batch PubMed retrieval and three deterministic natural language processing (NLP) modules
evaluated in this study: Outcome Extractor, Participant Extractor and Region Detector. Validation
included three independent levels: 251 automated PubMed retrieval tests; an automatic benchmark on
200 PubMed abstracts (N1 corpus); and blinded double expert annotation of 100 independent articles
(N2 corpus), stratified across 10 clinical or methodological categories. Pre-specified thresholds were F1
>78%, precision = 80%, recall = 75%, MAE < 50 on a homogeneous corpus for sample size, and region
accuracy = 85%.

Results.

PubMed retrieval passed 251/251 tests (100%). In N1, Outcome Extractor achieved 98.2% precision,
99.1% recall and an F1-score of 98.7%. Participant Extractor achieved an F1-score of 92.4% and a MAE
of 16.2 participants among abstracts with an extractable sample size. Region Detector achieved 100.0%
accuracy on 122 usable affiliations. In N2, inter-annotator agreement was substantial for the primary
outcome (k = 0.761) and almost perfect for region (k = 0.966). Outcome Extractor reached F1 =100.0%
against the expert consensus. Participant Extractor remained robust against consensus (F1 =88.0%),
with numerical error influenced by observational or fragmented cohorts.

Conclusions.

This study proposes and validates a deterministic framework for auditable extraction of clinical trial
characteristics from PubMed. The results support deterministic NLP approaches as a reproducible layer
to assist evidence synthesis, provided that human oversight and context-specific validation are
maintained. Multilingual generalization, time savings and prospective validation of the multicenter
detector require dedicated evaluation.
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1. Introduction

Biomedical evidence synthesis relies on bibliographic search and data extraction procedures that must
be reproducible, transparent and sufficiently structured to allow comparison and audit of results [1].
PubMed is a major source of biomedical literature, yet repeated identification and extraction of
methodological characteristics of clinical trials remain difficult when information must be collected
article by article.

In systematic reviews and clinical meta-research, the challenge is not only to retrieve relevant references.
It is also to extract variables such as the primary outcome, sample size and geographical origin of
studies in a consistent manner. Existing bibliographic search systems show variable performance for
systematic review needs [2]. At the same time, generative artificial intelligence tools and review-
assistance systems may accelerate certain steps, but they raise methodological concerns regarding
output stability, traceability of extracted values and auditability of decisions [3-5].

The variables targeted by MedLitSearch were selected because they represent complementary
dimensions that are frequently useful when structuring clinical trial evidence. The primary outcome
describes the evaluative target of the trial; sample size informs the scale and potential weight of the
study; geographical region provides contextual information derived from affiliations; and multicenter
status, although not included in the main validation results, reflects study organization and potential
external validity.

Natural language processing applied to biomedical texts has been extensively studied, including through
PICO and EBM-NLP corpora [6]. These studies have shown that automatic extraction of methodological
elements from the clinical literature is difficult because of heterogeneous wording, reporting ambiguities
and possible disagreement between human annotators. In comparable clinical and biomedical
annotation studies, moving from an automatic or semi-structured standard to a human gold standard is
often associated with a decrease in performance, sometimes in the range of 10 to 20 percentage points,
because of borderline cases identified by human annotation [10, 11].

In this context, deterministic rule-based approaches should not be understood as a general alternative to
generative models, but as a methodological response to a specific need: producing stable, inspectable
and directly verifiable extraction for variables defined a priori. This distinction is important in evidence
synthesis workflows, where the same input should yield the same output, extraction rules should be
auditable, and extracted values should remain linked to the source text. This distinction is important in
evidence synthesis workflows, where the same input should yield the same output, extraction rules
should be auditable, and extracted values should remain linked to the source text.

The objective of this study was to validate a deterministic methodological strategy for reproducible and
auditable extraction of key clinical trial characteristics from PubMed. This strategy was operationalized
in MedLitSearch and validated using a multi-level framework combining technical validation of
bibliographic retrieval, an automatic benchmark and independent double expert annotation. The study
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therefore does not merely describe a software tool; rather, it tests a validation framework applicable to
extraction systems intended for evidence synthesis and clinical meta-research.

2. Methods
2.1 Study design and level nomenclature

This methodological study evaluated a deterministic NLP framework for extracting key clinical trial
characteristics from PubMed. MedLitSearch is the operational implementation of this framework. The
evaluation was structured into three global levels: (i) technical validation of PubMed retrieval; (ii)
automatic benchmarking on the N1 corpus; and (iii) human validation through double expert annotation
on the N2 corpus. These three levels addressed distinct validation questions: retrieval reliability,
technical agreement with an automatic reference, and robustness to human interpretation. To avoid
ambiguity, the internal numbering of PubMed retrieval validation tests (four test families detailed in
Appendix B and Supplementary Table S2) is distinct from the N1 and N2 designations, which refer
exclusively to the two NLP evaluation corpora. The N1 and N2 corpora were built independently to limit
the risk of data leakage across validation levels.

2.2 Brief description of the pipeline

The pipeline is directly interfaced with PubMed through the NCBI Entrez Programming Utilities [9].
PubMed was used as the sole data source. Implementation-specific details, including APl parameters,
software environment, exports and technical reproducibility constraints, are reported in Appendix E to
keep the main manuscript focused on the methodological design and validation strategy.

The choice of a deterministic rule-based framework was part of the methodological design rather than a
purely technical implementation decision. It was motivated by the need for stable outputs, inspectable
rules and direct traceability of extracted values to the source text. The methodological positioning of this
deterministic approach with respect to generative or probabilistic approaches is summarised in
Supplementary Table S1.

2.3 Evaluated modules

Outcome Extractor. identification of the primary outcome from direct and inferential markers in
abstracts.

Participant Extractor. extraction of sample size or total number of participants when this information is
explicitly available.

Region Detector. assignment of a broad geographical region from the usable affiliation of the last author.

Multicenter Detector. a developed and integrated module, but not included in the main validation results;
its prospective validation is presented as a future direction.
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2.4 Metrics, definitions and pre-specified thresholds

Classification performance was described using confusion-matrix components: true positives (TP), false
positives (FP), false negatives (FN) and true negatives (TN). Precision was defined as TP/(TP + FP),
recall as TP/(TP + FN), and the F1-score as the harmonic mean of precision and recall [7, 8]. The F1-
score was retained as the main metric for Outcome Extractor and Participant Extractor because it
summarizes the trade-off between extraction errors and omissions in a setting where classes may be
imbalanced, consistent with evaluation practices in biomedical NLP [6, 8].

For Participant Extractor, when the expected output was numerical, mean absolute error (MAE) was
calculated as the mean absolute difference between the extracted sample size and the reference sample
size [7]. For Region Detector, accuracy was defined as the proportion of usable affiliations for which the
region assigned by the system matched the reference region. In N1, this reference region was generated
automatically from the explicit country detected in the last-author affiliation string and then mapped to a
harmonized geographical taxonomy. In N2, the reference region was provided by experts, who applied
the same last-author affiliation rule. Thus, region accuracy in N1 measures agreement with an automatic
affiliation-based reference, whereas region accuracy in N2 measures agreement with human annotation.

Validation thresholds were defined a priori, before analysis, to limit the risk of post hoc interpretation.
They were selected to reflect both common evaluation practices in biomedical information extraction
and operational requirements for use in institutional clinical research. Confidence intervals were not
calculated because the validation was designed as a descriptive assessment on fixed corpora rather
than inferential sampling from a target population; uncertainty was addressed through stratified
reporting, effective denominators and inter-annotator agreement.

The pre-specified metrics and validation thresholds are summarised in Table 1.

Table 1
Pre-specified metrics and thresholds.

Module / task Main metric Pre-specified threshold

Outcome Extractor Precision, recall, F1-score P>80% R=75%,F1=>
78%

Participant Extractor — detection Precision, recall, F1-score P>=80%, R=75%, F1 >
78%

Participant Extractor — numerical MAE on homogeneous MAE < 50

value corpus

Region Detector Accuracy Accuracy = 85%

2.5 Level 1: PubMed retrieval validation

PubMed retrieval was evaluated using 251 automated tests grouped into four families: offline unit tests,
targeted PMID retrieval, keyword search scenarios and retrieval of specific known articles. These tests
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aimed to verify query construction, journal filters, pagination and retrieval of metadata required by the
pipeline. The number of 251 tests was not based on a statistical sample-size calculation; it
corresponded to the complete set of automated checks available at the time of validation, covering the
main functional retrieval scenarios required by the pipeline. Details of these test families are provided in
Supplementary Table S2.

2.6 Level 2: automatic NLP benchmark on the N1 corpus

The N1 corpus included 200 PubMed abstracts. This number was determined pragmatically: it
represented an increase from the initial 150-abstract pilot to reduce sampling variability while keeping
the benchmark inspectable, reproducible and compatible with automated execution. N1 was not
intended to provide a definitive estimate of generalizability, but to test the technical behavior of the
extraction rules under controlled automatic-reference conditions.

2.6.1 Definition of “Predicted” and “Actual” in N1

In the N1 benchmark, both “Predicted” and “Actual” values were generated automatically, without human
annotation. The “Predicted” value corresponded to the direct output of the evaluated NLP module —
Outcome Extractor, Participant Extractor or Region Detector — applied to each PubMed abstract retrieved
through the NCBI E-utilities API. The “Actual” value corresponded to an independent heuristic reference
implemented separately in the benchmark script and applied to the same raw text.

This heuristic reference searched for explicit lexical markers: for example, combinations of “primary” or
“main” with “outcome(s)” or “endpoint(s)” for Outcome Extractor; sample-size expressions associated
with terms such as “enrolled” or “randomized” for Participant Extractor; and explicit country names in
affiliation strings for Region Detector. This reference was designed to be strict and conservative in order
to limit false positives, but it was not verified by human reviewers.

Because the heuristic reference and the evaluated modules partly rely on overlapping lexical evidence,
agreement measured in N1 should not be interpreted as a fully independent validation of the tested
system. N1 should be understood as a technical benchmark assessing the consistency of the extraction
framework with an automatically generated reference under explicit reporting conditions. Independent
validation against human experts was performed separately in N2.

For Outcome Extractor, “Predicted positive” meant that the module had extracted a non-empty primary
outcome; “Actual positive” meant that the heuristic reference explicitly detected the presence of a
primary-outcome marker. For Participant Extractor, evaluation assessed detection of an extractable
sample size and, when a unique value was available, numerical error. For Region Detector, the region
predicted by the module was compared with the reference region automatically derived from the explicit
country in the last-author affiliation.

2.7 Level 3: double expert annotation on the N2 corpus
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The N2 corpus included 100 articles independent from N1, stratified into ten categories: cardiac surgery,
liver surgery, pediatric surgery, oncological surgery, case series, meta-analyses, neurosurgery,
paramedical care, observational studies and orthopedics. The sample size of 100 articles was a
pragmatic feasibility choice for manual double expert annotation: 10 clinical or methodological
categories, with 10 articles per category. This design aimed to assess robustness across heterogeneous
contexts and identify major extraction failures, rather than to provide a definitive estimate of
generalizability across all PubMed-indexed clinical trials.

Two experts annotated the articles independently and blinded to each other’'s assessments. The experts
were not named in the reporting protocol; their profiles were described as follows: one clinician involved
in surgical clinical research and one methodologist experienced in clinical research. Their role was to
provide a human reference for the evaluated variables, without access to the other expert’s assessment
during initial annotation.

Inter-annotator agreement was estimated using Cohen’s kappa on cases usable for each task. System
outputs were compared separately with Expert 1, Expert 2 and the expert consensus. Individual
comparisons assessed agreement with each annotator. Consensus-based evaluation was restricted to
cases for which both experts provided concordant annotations. Disagreement cases were retained for
expert-specific comparisons but excluded from consensus-based performance estimates. No third
annotator was used to adjudicate disagreements.

2.8 Comparison rules between system outputs and
reference standards

For Outcome Extractor in N2, the reported evaluation assessed binary detection of the presence or
absence of an explicitly mentioned primary outcome. The F1-score therefore does not measure textual
or semantic accuracy of the extracted content, but agreement between the system and the experts on
whether an identifiable primary outcome existed. Text fields annotated by the experts were used for
qualitative purposes, but not for F1-score or kappa calculation. This distinction is important: different
textual formulations could be counted as agreement if both the system and the expert concluded that an
explicit primary outcome was present.

For Participant Extractor, evaluation distinguished detection of an extractable sample size from
numerical agreement. When several competing values were reported — by arm, subpopulation, source
cohort, registry or analyzed population — the article was considered potentially ambiguous. System-
reference pairs were included in the MAE calculation only when a unique value could be matched. Other
cases contributed to qualitative error interpretation and explain the difference between the total number
of N2 articles and the number of pairs used for stratified numerical analysis.

For Region Detector, the evaluated variable was a broad geographical region derived from the last-author
affiliation, not the actual country of trial recruitment or conduct. The same last-author affiliation rule was
applied to the system and to the experts. This choice relies on the approximation that the last author
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often represents the coordinating or supervisory site of the study. This approximation remains imperfect,
particularly for multicenter or international studies, or when affiliations do not reflect recruitment sites.

3. Results
3.1 PubMed retrieval validation

All 251 automated PubMed retrieval tests were successful (251/251; 100%). This confirms the reliability
of the retrieval chain in the tested scenarios, including PMID retrieval, keyword searches and verification
of journal filters. The detailed organization of these tests is presented in Supplementary Table S2.

3.2 N1 performance

Outcome Extractor was evaluated on the 200 abstracts of the N1 corpus. According to the automatic
standard, 112 abstracts contained an identifiable primary outcome and 88 did not. The module correctly
identified 111 primary outcomes, with 1 false negative and 2 false positives, corresponding to 98.2%
precision, 99.1% recall and an F1-score of 98.7%.

The N1 confusion matrix for Outcome Extractor is shown in Table 2.

Table 2
Confusion matrix — Outcome Extractor (N1, n = 200 abstracts).
Automatic reference: Predicted: primary outcome Predicted: primary outcome
present present absent
TP=111 FN=1
Automatic reference: FP=2 TN =86
absent

In this matrix, “Predicted” refers to the output of Outcome Extractor and “Automatic reference” to the
“Actual” value produced by the heuristic defined in the Methods section. The matrix therefore describes
agreement between two automatic procedures, rather than agreement with human annotation.

The three residual errors corresponded to two false positives caused by quasi-protocol wording without
an explicit primary objective, and one false negative linked to an indirect comparative formulation of the
primary outcome. This false negative belonged to the N1 corpus and did not appear in N2, consistent
with the PMID-based independence check.

Participant Extractor was evaluated on abstracts containing an identifiable sample size. The module
achieved an F1-score of 92.4%, with 86.6% precision, 99.0% recall and a MAE of 16.2 participants, below
the pre-specified threshold (MAE < 50) on this homogeneous corpus. The largest errors involved
fragmented sample sizes or subpopulations when several numerical values coexisted in the abstract.
The largest absolute errors observed in N1 are presented in Supplementary Table S3.
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Region Detector was evaluated on 122 usable affiliations. The module achieved 100.0% accuracy, with
no observed errors in this corpus. The detailed geographical distribution of N1 is presented in
Supplementary Table S4.

3.3 N2 performance against expert annotation

The N2 corpus included 100 independent articles stratified across 10 categories. Inter-annotator
agreement was substantial for primary outcome identification (k = 0.761) and almost perfect for region
(k =0.966). Crude agreement was 87.9% for the primary outcome and 97.8% for region; these
proportions describe observed agreement and should not be interpreted as equivalent to kappa, which
accounts for agreement expected by chance. The analyzed denominators differed slightly across
reference standards and tasks because of unusable information or disagreement cases excluded from
consensus-based analyses. Performance was calculated separately against Expert 1, Expert 2 and
consensus, according to the rules described in the Methods.

3.3.1 Outcome Extractor

Against Expert 1, Outcome Extractor achieved an F1-score of 91.3% (precision = 100.0%, recall = 83.9%).
Against Expert 2, it achieved an F1-score of 96.7% (precision = 93.6%, recall = 100.0%). Against the
expert consensus, the F1-score was 100.0% (precision = 100.0%, recall = 100.0%). These results should
be interpreted as binary detection of primary-outcome presence, not as a measure of textual
correspondence of the extracted label.

Category-level N2 results for Outcome Extractor against Expert 1 are shown in Table 3.
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Table 3

Outcome Extractor performance by
category (N2, comparison against Expert
1). Precision = 100.0%; recall = 83.9%.

Category TP FP FN
Cardiac surgery 10 O 2
Case series 8 0 0
Liver surgery 10 O 0
Meta-analyses 6 0 2
Neurosurgery 9 0 0
Paramedical care 8 0 0
Observational studies 5 0 2
Orthopedics 5 0 2
Pediatric surgery 10 O 0
Oncological surgery 10 O 3
Total 81 O 11

3.3.2 Participant Extractor

Against the human consensus, Participant Extractor achieved an F1-score of 88.0% (precision = 82.5%,
recall = 94.3%). The two experts agreed on sample size in 86.2% of cases. Numerical analysis showed
that absolute errors were strongly influenced by observational studies or abstracts describing several
subsample sizes. The consensus-based MAE reached 6,969.1 participants and was driven by extreme or
ambiguous sample-size values, particularly in categories involving large cohorts or multiple competing
numerical values. MAE observed in expert-specific comparisons was higher than the consensus-based
MAE, suggesting that extreme or ambiguous sample-size values had a stronger influence when
individual expert annotations were considered. By contrast, consensus-based evaluation was restricted
to cases in which both experts provided concordant annotations, thereby excluding some disputed or
difficult-to-match values. MAE should therefore be interpreted together with category stratification rather
than as a homogeneous measure applicable to all study types.

Category-level N2 results for Participant Extractor are shown in Table 4.

Page 10/17



Table 4
Participant Extractor performance by category (N2).

Category npairs F1(%) MAE Interpretation

Cardiac surgery 8 75.0 54 Registries or competing values
Case series 4 75.0 19 Small sample sizes generally well detected
Liver surgery 9 88.9 6 Explicit sample sizes
Meta-analyses 7 1000 O Clearly reported total sample sizes
Neurosurgery 4 75.0 2,083 Cohorts or multiple arms
Paramedical care 9 88.9 18 Generally explicit sample sizes
Observational studies 3 66.7 51,234  Large historical cohorts
Orthopedics 14 82.4 2,286 Subsamples and multiple cohorts
Pediatric surgery 5 80.0 101 Moderate sample sizes
Oncological surgery 9 88.9 13 Explicit sample sizes

Overall, 72 pairs were matchable for stratified sample-size analysis. The difference from the 100 N2
articles is explained by the absence of usable sample-size information, annotation disagreements, or the
impossibility of matching a unique value between the system and the reference.

3.3.3 Region Detector

Against Expert 1, Region Detector achieved 90.7% accuracy (88/97). Against Expert 2, accuracy was
94.8% (91/96). Against the consensus, it reached 91.8% (90/98). Denominators varied slightly (97, 96
and 98) according to the reference standard because articles without a usable last-author affiliation or
classified as disagreements for the consensus comparison were excluded from the corresponding
denominator. Residual errors were mainly related to absent or truncated affiliations, multinational
affiliations, or discordance between the last-author affiliation and the actual place where the study was
conducted. The detailed geographical distribution of N2 affiliations is provided in Supplementary Table
S5

3;4 Cross-level synthesis

N1 and N2 do not constitute a test—retest on the same corpus or the same reference standard. N1
measures agreement with a strict automatic reference based on explicit markers, whereas N2 measures
agreement with independent human experts. Comparisons between N1 and N2 should therefore be
interpreted as a cross-level consistency check rather than as a direct estimate of performance loss on
an identical task. The N1 benchmark is useful for testing technical consistency, but its reference
standard is not fully independent from the deterministic logic of the modules; N2 provides the main
independent human validation layer.
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The cross-level synthesis of module performance is presented in Table 5.

Table 5
Performance synthesis by level and reference standard.

Module Metric N1 N2 Expert1 N2Expert2 N2 consensus
Outcome Extractor Precision  98.2% 100.0% 93.6% 100.0%

Recall 99.1% 83.9% 100.0% 100.0%

F1-score  98.7% 91.3% 96.7% 100.0%
Participant Extractor  Precision 86.6% 73.6% 79.1% 82.5%

Recall 99.0% 94.4% 97.1% 94.3%

F1-score  92.4% 82.7% 87.2% 88.0%

MAE 16.2 — - 6,969.1 (see 4.4)
Region Detector Accuracy 100.0% 90.7% 94.8% 91.8%

Compared with Expert 1, Outcome Extractor’'s F1-score decreased from 98.7% in N1t0 91.3% in N2, a
difference of - 7.4 points. This magnitude remains below decreases sometimes reported in comparable
clinical and biomedical annotation studies when moving to a human standard, often in the range of 10 to
20 percentage points [10, 11]. Compared with the consensus, the F1-score reached 100.0% in N2; this
value should not be directly combined with the comparison against Expert 1 because the evaluation
reference standards differ. No confidence interval was estimated for this descriptive fixed-corpus
comparison.

4. Discussion
4.1 Main finding

This study shows that a deterministic NLP strategy can combine batch PubMed retrieval and traceable
extraction of key clinical trial characteristics, provided that it is evaluated through a multi-level validation
strategy. The main finding is not only the numerical performance of MedLitSearch, but the demonstration
that a deterministic extraction layer can be validated as a reproducible and auditable method for
variables defined a priori.

4.2 Methodological contribution

The methodological contribution lies in the integration of three requirements that are rarely evaluated
together: reproducibility of bibliographic retrieval, determinism of extraction and comparison with an
expert standard. This approach addresses a need in systematic reviews and clinical meta-research,
where extraction decisions must be auditable, repeatable and documented. MedLitSearch should
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therefore be interpreted as the implementation of a methodological framework rather than as a mere
software demonstration.

4.3 Complementarity between N1 and N2

A central methodological point is the complementarity between N1 and N2. N1 provides a reproducible
automatic benchmark for verifying the technical behavior of deterministic extraction rules when explicit
textual markers are present. However, because the N1 reference is heuristic and partly based on lexical
evidence that overlaps with the modules, it cannot be considered a fully independent gold standard. N2
addresses this limitation by comparing system outputs with independent blinded human expert
annotations. This organization distinguishes technical consistency from robustness to expert
interpretation.

4.4 Interpretation of NLP performance

Outcome Extractor performance was high across both validation levels. The consensus result should
nevertheless be interpreted cautiously: it does not mean that the task is solved in all contexts, but rather
that, in this corpus, remaining disagreements corresponded to cases of human ambiguity. In addition,
the F1-score reported for Outcome Extractor measures binary detection of the presence of an explicit
primary outcome, not exact textual correspondence of the extracted content.

Participant Extractor performance highlights a classic limitation of numerical extraction: abstracts may
mention sample sizes by arm, subpopulations, registries, source cohorts or analyzed populations that
differ from the included population. The overall MAE against consensus (6,969.1 participants) illustrates
this phenomenon: it was almost entirely attributable to observational studies (MAE = 51,234) and
neurosurgery (MAE = 2,083), where abstracts described subpopulations from very large cohorts. After
excluding these two categories, the median of category-level MAEs remained below 140 participants.
This limitation supports future disambiguation rules for multiple sample sizes and dedicated validation
on corpora enriched with large cohort studies.

Region Detector maintained accuracy above the pre-specified threshold against human standards.
Observed errors mainly reflected the quality of PubMed metadata, including missing, incomplete or non-
representative affiliations. Because region is derived from the last-author affiliation, it should be
interpreted as an affiliation-based contextual indicator rather than as a measure of the actual
recruitment or conduct location of the trial.

4.5 Positioning with respect to generative approaches

This study does not aim to establish a general superiority of deterministic systems over generative
approaches. Large language models may be useful for exploration, reading assistance, summarization
or hypothesis generation. However, when the objective is to extract methodological variables defined a
priori in a workflow that must be audited, output stability and rule traceability become central. In this
context, a deterministic approach offers a methodological advantage: it enables direct, repeatable and
version able validation of outputs against an automatic or human standard.
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The main risk of generative approaches in this setting is not only extraction error, but also the difficulty of
distinguishing a value that was extracted from one that was reformulated, inferred or not directly
sourced. Conversely, a deterministic system may still make mistakes, particularly in the presence of
multiple numbers or ambiguous affiliations, but the error is generally inspectable and attributable to a
rule or identifiable textual pattern. This distinction supports deterministic approaches as an initial
extraction layer in evidence synthesis workflows.

4.6 Implications for evidence synthesis and meta-research

Beyond the performance of the evaluated modules, this study proposes a validation framework
applicable to extraction systems intended for evidence synthesis. This framework combines technical
validation of bibliographic retrieval, a controlled automatic benchmark, independent double expert
annotation, comparison with individual and consensus reference standards, and pre-specified
performance thresholds. This organization helps distinguish technical performance, robustness to
human ambiguity and the actual scope of the generated outputs.

This type of approach may support several meta-research uses, including surveillance of clinical trial
landscapes, initial structuring of corpora for systematic reviews, methodological trend analyses,
monitoring of reported outcomes and rapid identification of studies requiring priority human verification.
These uses should nevertheless be considered as support for structuring and audit, not as a
replacement for methodological expertise.

4.7 Comparison with the literature and caution regarding
novelty

The results are consistent with the biomedical NLP literature applied to clinical trials, where PICO and
EBM-NLP corpora have shown the difficulty of automatically extracting Population, Intervention,
Comparator and Outcome elements [6]. The observed decrease between automatic and human
standards (- 7.4 points for Outcome Extractor against Expert 1) remains below differences sometimes
reported in comparable clinical and biomedical annotation studies [10, 11]. To our knowledge, few
published frameworks jointly document batch PubMed retrieval validation and deterministic NLP
extraction evaluated against an expert standard. This statement should be understood as cautious
positioning, not as a claim of exhaustive uniqueness in the absence of a formal systematic review of
competing tools.

4.8 Practical implications

In conditions close to institutional systematic review workflows, a deterministic pipeline could support
prescreening, initial data structuring and extraction audit. However, time savings compared with manual
extraction were not formally measured in this study. They should be considered an operational
hypothesis to be confirmed through prospective evaluation, for example using a user study and a
standardized usability measure such as the System Usability Scale [12-14].
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4.9 Limitations

e The N1 corpus relies on an automatic heuristic reference based on explicit markers; it may
overestimate performance on atypical formulations.

e The N1 reference was not verified by human annotators and is not fully independent from the
deterministic rules evaluated, because of partial overlap in lexical evidence.

e The N2 corpus is limited to 100 articles and 10 categories. This pragmatic expert-annotation
sample was sufficient to assess concordance and identify major failures, but it is not a definitive
estimate of generalizability.

¢ Disagreements between experts were not adjudicated by a third annotator; disputed cases were
excluded from consensus-based evaluation rather than resolved.

e NLP extraction is primarily adapted to English and French abstracts; multilingual coverage remains
partial.

e Participant Extractor is sensitive to fragmented sample sizes, subpopulations and large
observational cohorts.

e Multicenter Detector has been developed but has not yet been validated on an annotated gold
standard.

5. Conclusion

This study proposes and validates a deterministic NLP framework for reproducible and auditable
extraction of key clinical trial characteristics from PubMed. MedLitSearch operationalizes this
framework by combining batch PubMed retrieval, structured extraction and multi-level validation against
automatic and human standards. The results support deterministic approaches when reproducibility,
traceability and auditability are priorities. Conclusions should nevertheless remain limited to the
evaluated corpora: N1 primarily documents technical consistency with a strict heuristic reference,
whereas N2 provides independent validation against human experts. Next steps should focus on
prospective validation of Multicenter Detector, improved disambiguation of multiple sample sizes,
multilingual extension and formal evaluation of time savings and usability in real-world settings.
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