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Abstract

Interest in peptide-based therapeutics has rapidly grown in recent decades, with peptide drugs promising
high target specificity and low immunogenicity. However, structural concerns, such as in vivo instability
and poor membrane permeability can bottleneck clinical translation, and large-scale insights into peptide
drug trial outcomes and design features remain limited. Here, we present and validate an automated,
large language model-assisted data curation workflow that demonstrates annotation agreement (AC1
scores) across clinical trial records comparable to volunteer-based annotations, including delivery mode
(0.75), peptide sequence (0.70), trial outcome (0.60), and reason-for-failure (0.90) labels. Using this
framework, we compile and analyse a comprehensive historical dataset of 6,834 peptide clinical trials.
We show that injectable delivery modalities predominate among peptide therapeutics (73.47%), that
peptide pharmaceutical trials have phase-wise success rates of 26.36% for Phase 1 trials, 33.40% for
Phase 2, and 57.74% for Phase 3, and that peptide drugs fail due to toxicity or safety concerns far less
often than a general drug benchmarking set in late-stage trials (4.38% vs. 17.15% for Phase 3 trials).
These findings clarify key patterns and challenges in peptide translation and drug development and offer
a scalable methodology for large-scale biomedical data curation.

Introduction

Peptide-based therapeutics represent a promising and quickly growing sector of the pharmaceutical
industry. Since the introduction of insulin to the pharmaceutical market in 1923, commercial interest in

peptide drugs has steadily risen. They currently account for 5-6% of the global pharmaceutical market’
and are projected to achieve a compound annual growth rate of 10.8% by 2028.2 Peptides are very
versatile drugs, possessing a wide variety of applications, including but not limited to oncology,?
diagnostics,? metabolic disease,® and antimicrobial activity.? Compared to small molecule drugs and

biologics, peptides combine high affinity and specificity with less immunogenicity,* driving increased
interest into their development.

However, the development of a new therapeutic is a costly and time-consuming endeavour; it requires an
estimated mean of $172.7 million USD (2018 dollars)® and 7.3 years of active research from the
initiation of the first in-human study to marketing authorization.® Clinical trials of peptide drugs are

similarly prolonged, with one study reporting a mean development timeline of 8.02 years.’ Despite these
substantial investments, success rates for clinical trials, regardless of drug type, are relatively low, with
one study projecting that only 13.8% of candidates successfully advance from Phase 1 through

regulatory approval.®

Key translational challenges in the development of new peptide drugs include their relative instability in
vivo and poor membrane permeability.? However, design features, such as the peptide length and charge,
amino acid composition, structural modifications, drug conjugates, and the delivery mode of the drug,
can improve their effectiveness and bioavailability.* Beyond biological hurdles, clinical trials also
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frequently fail or undergo early termination due to insufficient enrolment, strategic business decisions, or
a combination of multiple factors. As such, navigating this multi-parametric landscape can be highly
complex.

Despite rapid growth in this sector, large-scale analysis of clinical trial outcomes specifically targeting
peptide therapeutics remains limited. Critical information, such as peptide sequences, delivery
modalities, specific trial outcomes, and reasons for failure, are often unavailable in structured formats
within public repositories. While databases like the Clinicaltrials.gov website (https://clinicaltrials.gov),
maintained by the National Institutes of Health (NIH), provide a centralized hub of 589,453 clinical trials
(as of June 12, 2026), the majority of peptide-related entries lack specific outcome and sequence
information. This gap in the data restricts broader inferences regarding the translational challenges
associated with peptide pharmaceutical development.

The manual inspection of trial records, publications, company reports, and more document types,
requires substantial expert effort, limiting the scope of a large-scale study. These annotation procedures
require strict standard-operating-procedures (SOPs) with clear definitions, and annotators with strong
contextual knowledge in the field to ensure high-quality annotations, further bottlenecking the process.
Even with contextual knowledge, for each trial and annotation field, annotators must systematically
examine multiple sources to ensure data completeness and accuracy.

Recent advances in large language models (LLMs) have created new opportunities for large-scale data
curation, providing an efficient, automated, and standardized workflow. Previous studies, such as one
published by Chen et al. in 2025, describe the use of LLMs to gather a clinical trial outcome dataset,’ but
provide little characterization of annotation quality. In this study, we develop and validate an LLM-
assisted workflow for the large-scale annotation of peptide clinical trials, quantitatively comparing LLM-
generated and human-curated classifications for delivery mode, peptide sequence, trial outcome, and
reason-for-failure labels. We show that LLM-human agreement is not significantly different from human-
human agreement. Using this validated workflow, we curate a dataset of 6,834 peptide-based
interventional trials from ClinicalTrials.gov spanning more than three decades and characterize trends in
peptide therapeutic development, including trial duration, participant enrolment, delivery strategies,
peptide physicochemical properties, phase-specific success rates, and primary drivers of trial failure.
Together, these analyses position LLM-assisted curation as a scalable alternative to purely manual
annotation and provide a data-driven overview of historical and ongoing trends in peptide
pharmaceutical development.

Results

Using the Claude Opus 4.8 v2.1.177 model (see Methods), we annotated a dataset of 6,834 clinical trials
evaluating peptide-based therapeutics. This dataset includes Phase 1, 2, 3, and 4 trials. There are 1,956
finished trials with known outcomes.
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Validation of LLM-assisted annotations against human raters

To establish the reliability of the LLM-assisted curation workflow, we first compared LLM-generated
annotations with a human-curated reference set of 610 peptide clinical trials.

Using Gwet’'s AC1 score,'® we assessed agreement for delivery mode, peptide sequence, trial outcome,
and reason-for-failure labels between Human-Human and Human-LLM rater pairs. The statistical
difference in computed AC1 scores between Human-Human and Human-LLM annotation comparisons
was assessed for each feature within each split, with p-values adjusted for the 12 comparisons using
Benjamini-Hochberg correction.

On the holdout test set, Claude achieved human-LLM agreement comparable to Human-Human
agreement across all annotation features (Delivery Mode: AC1 =0.75 vs. 0.70; Sequence: 0.70 vs. 0.46;
Outcome: 0.60 vs. 0.61; Reason for Failure: 0.90 vs. 0.86) (Supplementary Fig. 1). After Benjamini—
Hochberg correction, none of the 12 comparisons showed statistically significant difference between
Human-Human annotations and Human-LLM (q < 0.05; Supplementary Fig. 1).

This indicates that the LLM-assisted workflow can match the consistency of volunteer annotators under
our annotation protocol. We therefore treat the LLM-assisted annotations as sufficiently reliable for
downstream analyses of development timelines, enrolment patterns, and clinical trial outcomes.

Clinical Trial Design and Development Characteristics

Phase 1 peptide trials required a median of 1.75 (IQR 0.58-4.00) years to complete, Phase 2, 3.00 (IQR
1.61-5.58) years, Phase 3, 2.35 (IQR 1.40-4.86) years, and Phase 4, 2.09 (IQR 1.25-3.41) years (Fig. 1).
Across all phases, the overall median duration was 2.33 (IQR 1.17-4.42) years (Fig. 1). Notably, the IQRs
are quite large for each of these phases, indicating substantial variability in trial timelines (Fig. 1).

Several outliers were observed. The longest trial spanned 32.69 years (Fig. 1); this Phase 1 trial ran from
1997 to an estimated completion date of 2029, investigating how various mechanistically unique

medications control excessive increases in heart rate with standing.’’ Conversely, the shortest trial
completed in just 18 days in 2020."? Phase 4 clinical trials had the lowest upper bound in trial duration of
23.95 years (Fig. 1). Phase 4 (post-approval/post-licensure and post-marketing studies/surveillance
studies)?® also has the narrowest IQR of 1.25 to 3.41.

Participant enrolment rates varied substantially across both clinical phases and trial outcomes (Fig. 2).
Clinical trials with positive outcomes were associated with significantly higher enrolment rates, with a
median of 220.5 participants, compared to 43.0 for negative outcome trials (Mann—Whitney U = 534,574,
P <0.001) (Fig. 2). This trend was relatively consistent across all clinical phases despite temporal
variation, indicating that successful trials are often associated with larger participant cohorts.

The largest study identified was a Phase 3 trial with 13,299 participants (Fig. 2), which evaluated the
efficacy and safety of Tirzepatide on patients with Type 2 Diabetes that were experiencing major adverse
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cardiac events.'® Each phase showed substantially different median enrolments, with Phase 1 median
being 19.00, Phase 2 being 47.00, Phase 3 being 345.00, and Phase 4 being 72.00 (Fig. 2). This trend is
consistent with the objectives of late-stage clinical development, where larger populations are often
required to evaluate efficacy and safety in more diverse groups.'?

Peptide Therapeutic Design

Of the drugs being tested in the clinical trials, 73.47% are delivered by injection or infusion (Table 1). This
includes but is not limited to: intravenous infusion, subcutaneous-, intradermal-, intramuscular-, and
intravitreal injections. Oral delivery represented the second most common route for peptide-based drugs,
accounting for 14.82% of the trials (Table 1). This includes delivery via tablets, foods, and drinks.
Topically-delivered drugs, including via cream, powder, covering, sprays, and washes, are the least
common broader category, making up 4.77% of trials (Table 1). Some alternative delivery modalities
include inhalation and intranasal routes.

Table 1

Delivery modes of the peptide-based
drugs being tested in the clinical trial
dataset.

Delivery Mode Count
Injection/Infusion 5,021 (73.47%)

Oral 1,013 (14.82%)
Topical 326 (4.77%)
Other 474 (6.94%)

Across all trial outcomes, single-sequence peptide drugs were more common than multi-sequence drugs
(Fig. 3A). In active trials, there were 3.83X more trials testing single-sequence drugs than multi-sequence
(Fig. 3A). The single-sequence to multi-sequence ratio was similarly high for terminated trials (2.51-fold)
and withdrawn trials (2.89-fold), but dropped closer to parity in positive-outcome and failed trials (1.36-
fold and 1.84-fold, respectively) (Fig. 3A).

Positive-outcome trials showed a relatively narrower distribution in peptide length, with an IQR of 26.50
to 32.00. Otherwise, the distribution of sequence lengths of the evaluated peptides was relatively similar
across trial outcomes, ranging from 20.37 amino acids at the shortest mean length for terminated trials
to 29.60 at the longest for successful trials (Fig. 3B). For multi-peptide drugs, the mean length and
charge for all of the sequences in the cocktail was taken before computing overall means across the
outcome categories. In contrast to length, the mean peptide charge differed substantially between the
different clinical outcomes; terminated trials had a mean charge of 0.81 and failed trials had a mean
charge of 0.44 (Fig. 3C). The mean charge of positive trials (0.50) was relatively close to successful
trials (Fig. 3C).
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Lastly, we observed an almost 1:1 ratio of natural to unnatural peptides in active trials (0.84:1), which
differs substantially from the ratio of 2.28:1 for natural to unnatural peptides for successful trials and
3.59:1 for withdrawn trials (Fig. 3D). We classified a peptide sequence as unnatural based on the
presence of d-amino acids, N- and C-terminus modifications, cyclization, PEGylation, and conjugation to
other drug types.

Taken together, these observations suggest candidate features that may be associated with clinical trial
outcome and could inform future predictive modeling efforts for peptide trial success.

Clinical Trial Outcomes and Reasons for Failure

For Phase 1 trials, 26.36% of trials demonstrated positive outcomes, 27.27% were withdrawn, 38.64%
were terminated, and 7.73% failed (Fig. 4A). Success rates increased in Phase 2, with 33.40% successful
trials, 15.51% withdrawals, 34.39% terminations, and 16.70% failures (Fig. 4A). Phase 3 trials showed the
highest success rate, with 57.74% of trials reporting positive outcomes (Fig. 4A), alongside the lowest
withdrawal rate, at 4.39% (Fig. 4A). Lastly, Phase 4 trials had a success rate of 46.08%, with withdrawal,
termination, and failure rates standing at 10.06%, 26.96%, and 16.90%, respectively (Fig. 4A).

We also compared the outcome of peptide-specific clinical trials against a multi-drug type clinical trial
cohort published by Wong et al. (2019), which detailed phase-by-phase probabilities of success for
185,994 clinical trials between January 1, 2005 and October 31, 2015.8 Within this overlapping time
period, the dataset that we curated captures 806 peptide-specific, pre-approval trials, with 118 Phase 1
trials, 269 Phase 2 trials, and 419 Phase 3 trials. The overall success rates are the product of the
success rates across the three consecutive phases for each calendar year. Peptide clinical trials showed
success rates that were generally comparable with the multi-drug background dataset across all three
phases (Fig. 4B).

The dataset contained 1,211 trials that were terminated, withdrawn, or completed with reported failed
results (Table 2). Clinical inefficacy was the largest reason for failure, accounting for 34.68% of all failed
trials (Table 2). The next largest reason for failure was commercial or business constraints, which can
include funding concerns, strategic company decisions, and shifts in research focus for principal
investigators; these accounted for 27.09% of the failed trials. Recruitment issues were the next most
common reason (25.52%), followed by safety concerns (4.38%) and disruptions from the COVID-19
pandemic (1.82%) (Table 2). These associations do not by themselves establish causality and are likely
influenced by unmeasured design and context variables.
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Table 2
Primary reasons for peptide clinical trial termination, withdrawal, and failure.

Reason for Failure Phase Phase Phase Phase Unknown Phase Overall
1 2 3 4 Label

Ineffective for intended 20 100 153 93 54 420

purpose

Business reasons 67 92 65 65 39 328

Recruitment issues 46 93 60 84 26 309

Toxicity 4 23 16 8 2 53

Due to COVID-19 5 9 4 3 1 22

pandemic

Unknown 20 18 13 15 13 79

While inefficacy was the most common reason for failure for Phase 2—-4 trials, Phase 1 trials are
primarily designed to assess safety and feasibility rather than efficacy; accordingly, inefficacy accounted
for only 12.35% of Phase 1 failures, whereas commercial reasons and recruitment-related concerns were
more common (Table 2).

Discussion

In this study, we developed and validated an LLM-assisted workflow for the large-scale annotation of
peptide clinical trials and applied it to curate a dataset comprising 6,834 peptide studies spanning over
three decades. This enabled the characterization of historical trends in peptide therapeutic development,
including clinical development timelines, participant enrolment patterns, delivery strategies, peptide
sequence characteristics, trials success rates, and reasons for trial failure. Our analysis demonstrates
that LLMs can achieve human-level data extraction fidelity when evaluating multiple data sources,
highlighting its potential as a scalable approach for biomedical data curation.

Our results show that peptide clinical trials require, on average, 1.75 (IQR 0.58-4.00) years to complete
Phase 1, 3.00 (IQR 1.61-5.58) years for Phase 2, and 2.35 (IQR 1.40-4.86) years for Phase 3 (Fig. 1).
Thus, active trial phases collectively require a median of approximately 7.10 years (Fig. 1), excluding
time between phases, regulatory approval process, and preclinical research. This timeline is broadly
consistent with established literature, which estimates that the average time in the United States for a
drug to move from pre-clinical testing to Food and Drug Administration approval is 12 years.'® This
finding is consistent with a previously published study that isolated different drug modalities and

reported an average development time of 8.02 years for peptide drugs.’

Another notable insight from our dataset is the continued dominance of injectable delivery strategies;
more than 73% of all recorded trials used injection or infusion-based administration routes (including
intravenous infusion, subcutaneous injection, intradermal injection, intramuscular injection, and
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intravitreal injections) (Table 1). This trend likely reflects longstanding challenges associated with
peptide therapeutics, including instability in vivo and limited bioavailability.? As such, the most common
drug delivery mode identified in this dataset is injection or infusion (Table 1), as this modality can
circumvent some of these barriers.'® However, this can be associated with poor patient compliance due

to discomfort, dislike of needles, and irritation.’

In response to the challenges associated with injection-based administration, there has been a
substantive research focus on the optimization of oral delivery technologies and other non-invasive
formulations in recent years.'® The relatively recent approval of oral semaglutide marks a substantial
milestone in this field of research.’® In our curated dataset, 14.82% of the drugs are delivered orally
(Table 1), indicating meaningful investment in this field. Despite this progress, additional research is
required to overcome the remaining challenges associated with the oral delivery of peptide drugs.'®

Drug delivery modality was significantly associated with trial success rate (x> =21.47,n=2,189,P =
0.01), with injected and orally administered drugs demonstrating higher success rates than topically
delivered drugs and other delivery modalities (Supplementary Fig. 2). However, no significant association
was observed between delivery modality and the proportion of trials failing due to either lack of efficacy
or safety concerns when analysis was restricted to these failure categories. Together, these findings
suggest that although delivery modality may influence overall clinical trial success, it is not strongly
linked to specific mechanisms of trial failure (Supplementary Fig. 2).

The physicochemical properties of peptide therapeutics represent another important consideration in
drug development. Peptides typically exhibit high hydrophilicity and hydrogen bonding capacity, limiting
passive membrane transport and their bioavailability.? The sequence length and charge of peptides have
been indicated as determinants of peptide stability and permeability.’® For example, increasing peptide
length can sharply decrease membrane permeability, which could negatively impact the efficacy of the
drug.?® However, our dataset demonstrates relatively consistent mean sequence lengths across all trial
outcomes, including successful and failed candidates (Fig. 3B). Charge distributions, on the other hand,
demonstrated substantial overlap and variability, albeit with no clear conclusion arising from the data
(Fig. 3C). For example, the mean charges for failed trials and successful trials (0.44 and 0.50,
respectively) are closer to each other than they are to the mean charge for terminated trials (0.81)

(Fig. 3C). As such, while there is established literature on the impact of peptide length and charge on the
stability of therapeutics in vivo, it is difficult to draw any conclusions with this dataset. These simple
descriptors do not capture higher-order biological features, such as secondary structure, target binding
affinity, stability, immunogenicity, and more. Consequently, predictive models may require higher-order
structural and biochemical features.

To address the limitations of natural peptide sequences, several engineering strategies have been
developed to enhance stability, such as the substitution of existing amino acids with other amino acids

or D-stereoisomers, acylation, PEGylation, and cyclization.'® Such modifications can improve resistance
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to proteolytic degradation, prolong drug half-life, enhance tissue distribution, and reduce
immunogenicity.?' ~2°> However, despite these established advantages, only 36.36% of the trials in our
dataset evaluated peptide drugs with non-canonical amino acids or sequence modifications, and only
30.48% of trials with positive outcomes tested peptides with unnatural amino acids (Fig. 3D). Broader
adoption of these sequence modifications could improve on the historically poor bioavailability and half-
life of peptide therapeutics, improving clinical success rates across all delivery modalities, but
particularly non-invasive delivery routes.

Beyond drug design, clinical trial design and cohort scale can be factors associated with clinical
outcomes. Across all development phases, trials with positive outcomes, i.e. demonstrated efficacy
and/or safety in vivo, were often associated with higher median participant enrolment (Fig. 2). However,
this association is likely multifactorial: trials with higher cohorts may indicate more funding, more
resources, and stronger trial infrastructure, leading to more successful outcomes. Conversely, failed
trials might terminate early before enrolling all participants, decreasing their total enrolment counts. In
our analysis, we removed trials with zero participants but left in all other trials. Between the phases, we
generally see higher mean enrolment rates for Phase 3 and 4 trials compared to Phase 1 and 2, which is
expected, given the different scopes for each trial phase.® The phases do not show any notable
temporal trends in enrolment for trials with positive nor negative outcomes (Fig. 2).

In examining trial success rates, our peptide-specific dataset showed phase-by-phase and cumulative
success rates that were comparable to the multi-drug benchmark reported by Wong et al. (2019)2 for
studies initiated between 2005 and 2015 (Fig. 4B). In our dataset, spanning 1987 to 2026, the Phase 1
success rate was 26.36%, and 33.40% and 57.74% for Phases 2 and 3, respectively, corresponding to an
estimated probability of eventual approval of 5.08% given phase-wise success (Fig. 4A). The highest
failure rate was observed in Phase 3 clinical trials (19.43%; Fig. 4A). This may reflect the larger scale and
greater complexity of late-stage studies, which require substantial participant enrolment, funding, and
operational resources.?® Several studies that appear promising in early phases fail to demonstrate
benefit or safety in larger, late-stage settings,?® and the larger, more heterogeneous participant cohorts
may also increase the likelihood of detecting unforeseen adverse events. This is particularly important in
Phase 3, where studies should be adequately powered to detect even common adverse events.?’ The

higher failure rate in Phase 3 is therefore notable, not only due to the cost of the study itself, but also

because of the time and financial investment already committed in earlier phases.?8

The analysis of this dataset can also provide additional insights into the common reasons for failure for
peptide clinical trials. We have identified that the majority of peptide trials fail due to inefficacy for its
intended purpose and that relatively few fail due to safety concerns (Table 2). This contrasts with
previously published literature. For instance, one study published by Hwang et al. in 2016 reported that in
a sample of 344 failed Phase 3 trials between 1998 and 2015, testing various drug types, 17.15% of
them failed due to safety concerns.?® This differs substantially from our dataset, which finds that of 311
Phase 3 peptide trials with failed outcomes, only 5.14% failed due to toxicity (Table 2). Furthermore, that

Page 10/22



same study found that 56.69% of Phase 3 trials failed due to lack of efficacy,?® compared with 49.20% in
our dataset (Table 2). Peptide clinical trials do share similar rates of failure due to commercial reasons
compared with the general benchmarking dataset (20.90% and 21.50%, respectively).?®

Another major contribution of this study is the evaluation of the use of Claude and locally-installed LLMs
for automated large-scale curation of clinical trial data. Each annotation strategy offers distinct
advantages and limitations. Claude benefits from access to a broad range of external information
sources, which may improve its ability to resolve ambiguous or incomplete trial records. In contrast,
locally installed LLMs are restricted to predefined source materials provided during the data collection
stage. Although this limitation may reduce access to potentially relevant information, it also provides
greater control over source quality and may reduce the influence of unreliable or inconsistent references.
Claude additionally offers advantages in computational efficiency and annotation speed, whereas locally
installed LLMs require substantially greater processing time, computational resources, and storage
capacity (Supplementary Table 6).

Conversely, locally deployed LLMs may offer superior reproducibility. Commercial LLMs such as Claude,
are frequently updated, and changes in model architecture, training data, or system behavior may
introduce variation in annotation outputs over time. By comparison, locally installed models can be
version-locked and executed within a controlled computational environment, enabling more consistent
and reproducible annotations across longitudinal curation efforts. These findings suggest that the
optimal annotation strategy depends on the relative importance of efficiency, source flexibility, and
reproducibility within a given research context.

In summary, we present a scalable methodology to annotate peptide clinical trials using LLMs, providing
a less time-intensive process for curating a dataset. Notably, this methodology enabled us to find the
outcome of peptide clinical trials and the sequences of the therapeutics, allowing us to provide novel
insights within this field. This methodology produces interrater agreement scores that are not
significantly different from Human-Human interrater agreement, suggesting its reliability as an
annotation methodology relative to the status quo. With this methodology, we curated dataset of 6,834
peptide clinical trials, allowing us to examine current and historical trends in the pharmaceutical
development space.

Methods

ClinicalTrials.gov Data

The unannotated peptide clinical trial records were directly downloaded from the ClinicalTrials.gov
website. The search term ‘peptide’ was used in the ‘Other Terms’ window and the ‘Study Type’ was
filtered to only include ‘Interventional’ studies. This search was performed on June 12, 2026 and returned
37,648 trials. The specific fields that were downloaded are summarized in Supplementary Table 1.

Manual Annotation Workflow
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To establish a baseline dataset for validation, a subset of 864 clinical trials were systematically
annotated by human volunteers. The annotators were informed of all the fields summarized in
Supplementary Table 1 prior to annotation. The annotators were instructed to determine: (1) whether or
not the interventional drug is a peptide, since not all of the returned trials were testing peptide-based
interventional drugs; (2) the delivery method of the drug; (3) the complete amino acid sequence(s) of the
peptide therapeutics; (4) the outcome of the clinical trial; and (5) the reason for failure if the trial was
classified as ‘Failed’, ‘Withdrawn’, or ‘Terminated’. The categorical classifications of the annotated
features are summarized Supplementary Table 2.

The annotators were given a standard operating procedure (SOP) detailing the annotation workflow prior
to beginning (Supplementary Text 1). Annotators were also required to provide explicit URL links to
evidence supporting each annotation entry.

To quantify human baseline variability, each clinical trial was annotated twice in a blinded fashion — once
by the project lead (designated as Replicate 1) and once by a volunteer (designated as Replicate 2). The
trials in replicate 2 are non-overlapping (i.e. no two volunteers annotated the same trials). The volunteers
each annotated different numbers of trials based on their individual capacity; the division of labour is
summarized in Supplementary Table 3. The volunteers also represent a range of educational
backgrounds (Supplementary Table 3).

Of the human-annotated clinical trials, 610 were annotated as testing peptide-based drugs.
LLM-based Annotation Workflow

LLM-based annotations were generated using the Claude Opus 4.8 v2.1.177 model (Anthropic, Max
effort setting).32 In the initial extraction phase, Claude was provided with a prompt to parse 37,648 trials
downloaded from ClinicalTrials.gov, selecting only valid interventional peptide drug trials (Supplementary
Table 5). This step yielded 6,834 unique records and their corresponding National Clinical Trial (NCT)
identifiers were saved in a CSV file. The Claude-based annotation process was conducted on June 13th
and June 14th, 2026.

The target annotations fields (Supplementary Table 2) were annotated in separate sub-directories and
chats, following the chain-of-thought prompting methodology, to allow for more complex reasoning.33
The prompts to generate the initial annotations are detailed in Supplementary Table 5. Following initial
annotation generation, the raw results were consolidated into a single file and passed back through the
LLM for an additional verification step.3* We compared the LLM agreement with the human baseline
annotations and presented the results in Supplementary Fig. 2.

The LLM-curation workflow is driven by two Python scripts, gather_data.py, to collect information about
the clinical trials from a variety of sources, and classify_trials.py, to inform the annotation decision
making. Additionally, the LLM is provided with a README file containing broader annotation instructions.
Each of the four annotation features contains their own versions of these three files, specifying unique
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instructions for each stage of the annotation process. While initial versions of the files were developed
by the co-authors of this study, the files were iteratively optimized by the LLM itself during the prompt
engineering process. The validation and test datasets were held out during this optimization process.
The files used to generate the annotated dataset are available freely on GitHub
(https://github.com/BirolLab/LLM-Clinical-Trial-Annotator). Through several iterations, LLM was asked to
modify the annotation approach through the modification of the README file and the Python scripts to
improve the agreement with the first replicate of human annotations for each trial on the training set.
The prompts used during this process can be found in Supplementary Table 5.

An alternative workflow was developed in parallel using a panel of free, locally-installed LLMs, including
Llama 3.1:8b,%° Gemma 3:12b,3° Qwen3:8b,3" and Qwen3:14b.3™ This workflow is a three-stage pipeline
that includes a research phase, an annotation phase, and a verification phase. Stage 1, the research
phase, involves querying the ClinicalTrials.gov Application Programming Interface (API) to extract drug
and peptide names associated with the trial ID number. Then, using that extracted information, it queries
20 resources (Supplementary Table 4) to gather information used for trial annotation, saving it in
JavaScript Object Notation (JSON) format. Next, in stage 2, that information is parsed and passed to a
Qwen3:14b LLM-based annotation agent to annotate the delivery mode and sequence of the peptide
drug and the outcome and reason for failure (if applicable) of the trial. The last stage is verification,
where three independent models, Gemma 3:12b, Qwen 3:8b, and Llama 3.1:8b, evaluate the correctness
of the initial annotation. Gemma 3 is tasked to act more conservatively (defaults to safest interpretation
when evidence is ambiguous), Qwen 3 is tasked to only cite explicit facts from sources when validating,
and Llama 3.1 is asked to challenge assumptions and edge cases as an adversarial reviewer. At least
two of the three annotators must agree with the primary annotation for the annotation to be accepted. If
this does not occur, Qwen 3:14b acts as the final reconciler and evaluates all of the evidence provided by
the models to make the final decision. The versions of all of the models are described in Supplementary
Table 6.

Inter-rater Agreement Analysis

To evaluate the generalizability of the LLM-assisted annotation workflow, the subset of peptide drug
clinical trials that were manually annotated by volunteers (610 trials) was separated into stratified train,
validation, and test sets with an 80%:10%:10% split with the train_test_split function in Python’s scikit-
learn package.3® The stratified split has proportional representations of each volunteer within the train
and the validation set. We then conducted inter-rater agreement analysis to assess the quality of LLM
annotations.

Gwet's AC1 score'® was used to quantify inter-rater agreement for the four annotation features (Delivery

Mode, Sequence, Outcome, and Reason for Failure). The AC1 score was computed independently for
each of the annotated fields for the Human-vs-Human pairs (Replicate 1 vs Replicate 2) and the Human-
vs-LLM pairs (Replicate 1 vs LLM) (Supplementary Fig. 3). Trials that only existed in one of the datasets
and not the other (human-annotated or LLM-annotated) were removed before computing AC1 scores.
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The AC1 score was computed with resampling with 5000 bootstraps to compute 95% confidence
intervals. Pre-processing was performed on the ‘Sequence’ feature for each of the trials before
computing the AC1 scores. Null values are standardized and the sequences of multi-sequence drugs are
alphanumerically ordered before looking for exact matches. When recording peptide sequences, LLMs
and human annotators were sometimes able to capture partial sequence matches. However, when
calculating AC1 scores, we only considered the annotations with a full sequence match; most of the
sequences were captured by a complete mismatch or full match. The sequence similarity within human
annotations and between human and LLM annotations are visualized in Supplementary Fig. 4.

AC1 comparisons were conducted independently for each of the four annotation features across all
three data splits (12 comparisons in total), and raw p-values from the bootstrap difference tests were
adjusted using the Benjamini-Hochberg procedure to control the false discovery rate at 0.05.2° This
correction was applied across the full family of feature and split comparisons rather than to each split
individually, since all 12 tests feed into the same overall conclusion about LLM annotation quality.

For the Claude-based annotations, the statistical difference in computed AC1 scores between Human-
Human annotation comparisons and Human-LLM were non-significant in the train, validation, and test
sets (Supplementary Fig. 2). This suggests that the LLMs perform relatively as consistently as Replicate
2 (the volunteer annotations), when compared with Replicate 1. However, for the local LLM-based
annotations, the Human-LLM Sequence annotation AC1 score was significantly higher than the Human-
LLM score at the 0.05 significance level. As a result, the Claude-based annotation workflow was used to
generate the final dataset.

Two one-sided tests (TOST) for equivalence were conducted on the bootstrap-resampled AC1 score
differences ([Human-Human] — [Human-LLM]) for each annotation feature within each split. The
equivalence margin was set at A = 0.1, corresponding to half the width of a single agreement category in
the Landis and Koch, and Altman and Fleiss interpretation scales (which partition agreement into 0.20-
wide intervals). Equivalence was concluded when the 90% bootstrap confidence interval for the AC1
difference fell entirely within (-A, +A). TOST did not establish statistical equivalence for 10 of 12 feature
x split comparisons at this margin (Supplementary Fig. 5). Notably, two of the 10 non-equivalent
comparisons favoured higher Human-LLM AC1 scores (Supplementary Fig. 5). Given the modest and
uneven per-annotator sample sizes underlying several comparisons, these results likely reflect limited
statistical power to confirm equivalence within the specified margin rather than evidence of a true
difference; AC1 point estimates for Human-LLM agreement remained within 0.1 points of Human-Human
agreement for 9 of 12 comparisons.

Data Pre-processing

Some trials were classified as Early Phase 1, Phase 1 and 2, and Phase 2 and 3. Trials that were
categorized as Early Phase 1 were grouped with Phase 1 trials, trials that were categorized as multi-
phase were grouped with the later phase. Further, any trials that were recruiting participants and active

but not recruiting participants during the time of this study analysis were categorized as an active
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clinical trial. The sequences of the peptides were not cast to upper or lower case, as lower-case letters
were used to denote the d-conformation.

Statistical information

A two-tailed test was used to measure the statistical significance of the difference between AC1 scores
associated with the Replicate 1 - Replicate 2 annotations and the Replicate 1 - LLM-based annotations.
To assess differences in agreement between human—human and human—-LLM pairs, a nonparametric
bootstrap procedure (5,000 iterations) was performed on the same subset of observations. In each
iteration, AC1 was recalculated for both pairs and the difference (AAC1 = AC1_{Human-Human} -
AC1_{Human-LLM}) was recorded. The 95% confidence interval for the difference was derived from the
2.5th and 97.5th percentiles of the bootstrap distribution. Two-sided p-values were computed using a
bootstrap-based approach by centering the distribution of differences at the observed value and
estimating the proportion of resampled differences with magnitude greater than or equal to the observed
difference. Statistical significance was categorized using conventional thresholds (p < 0.05, p<0.01, p <
0.001).
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Code Availability

The code used to generate the locally-installed LLM-based clinical trial annotations and the prompts and
Python scripts used to generate the Claude-based annotations are available at
https://github.com/BirolLab/LLM-Clinical-Trial-Annotator and released under the GPL-3 license.

Data Availability

The annotated clinical trials (by human annotators, the Claude Opus 4.8 v2.1.177 model, and by the
panel of locally installed LLMs, Llama 3.1:8b, Gemma 3:12b, Qwen3:8b, and Qwen 3:14b) have been
deposited in Zenodo at https://doi.org/10.5281/zenodo.20753318.
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Figure 1

Clinical development timelines for peptide therapeutics across development stages. Violin plots show
the distribution of trial duration (years) for peptide therapeutic clinical trials across four development
phases (Phase 1-4; n = 5,631). For ongoing trials, the anticipated completion date is used to determine
trial duration. Median and interquartile range are indicated by the internal box plot. Trials with missing
start or completion dates were removed before data visualization.
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Figure 2

Historical median peptide clinical trial enrolment (number of participants) across development stages.
Solid lines indicate the median enrolment, and shaded bands represent the interquartile range (IQR;
25th—75th percentile). The results are stratified by trial outcome with positive outcomes corresponding
to trials that met their designated clinical endpoints and safety targets and negative outcomes
corresponding to trials that were terminated, withdrawn, or completed but unable to meet their clinical
endpoints or demonstrate patient safety. The enrolment is attributed to the start date of the trial. Trials
with zero participant enrolment were removed before plotting.
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Characterization of peptide sequence complexity, length, net charge, and chemical modifications. A.
Comparative classification of single-sequence versus multi-sequence peptide cocktail drugs across
different trial outcomes. B.Profiling of mean sequence length (log-transformed), C. net peptide charge,
and D.distribution of natural versus unnatural (chemically modified) peptide sequences stratified by trial

outcome.
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Figure 4

Phase-by-phase clinical trial outcomes and benchmarking of peptide therapeutic success rates. A.
Percentage distribution of clinical trial outcomes stratified across Phases 1—-4 for the curated peptide
cohort (n = 1,956). Trials without a known outcome or phase designation were removed before
visualization. B. Temporal trends in overall clinical success probability of peptide therapeutics (primary y-
axis) compared to an unselected, multi-drug background established by Wong et al. (2019). The number
of trials for peptide drugs is represented as a bar chart (secondary y-axis).
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