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Abstract

Early forecasting of clinical trials duration supports planning, optimized resource
allocation, and cost control. Developing effective Al predictors remains chal-
lenging, requiring collaboration between medical and computational expertise.
Although a publicly available dataset exists for this task, it is not well-suited
for development of an Al-driven predictor capable of accurately predicting clin-
ical trials duration. This limitation arises from its lack of critical features that
significantly influence trials length, as well as the presence of incompletely and
inappropriately selected trials. To empower development of Al predictors, we
introduce the Clinical Trial Duration Prediction (CTDP) dataset, derived from
81,943 completed drug trials across 1,520 ICD-10 categories. The CTDP dataset
contains 51 features on clinical trial characteristics including phase, purpose, con-
dition, eligibility, enrollment, arm information, design, endpoint, site, sponsor,
and summary that together influence trial duration. CTDP dataset development
through collaboration between clinical trial experts and Al researchers will enable
the creation of robust and accurate Al-driven applications for predicting clinical
trial durations.

Keywords: Clinical Trial, Clinical Trial Duration Prediction, Machine Learning,
Artificial Intelligence, Clinical Trial Dataset, Al-supported Clinical Trial



Entering clinical trials

Phase | Phase Il Phase Il
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new drugs

reach market

Fig. 1 Overview of typical clinical trial phases.

1 Background & Summary

Clinical trials are prospective intervention studies with human subjects to investi-
gate experimental drugs, new treatments, medical devices, or clinical procedures,
under rigorously specified conditions[1]. In drug development, they are typically con-
ducted in sequential phases: Phase I (1-2 years) primarily evaluates safety, Phase
IT (2-3 years) tests proof of concept, and Phase III (3-4 years) confirms efficacy[2—-
4]. Finally, only about 10% of investigational drugs that entered Phase I trials
are approved for marketing[4], after which Phase IV studies provide post-marketing
surveillance[2](summarized in Fig. 1). Taken together, the entire process often requires
7-10 years, and more than 80% of trials exceed their planned timelines[5, 6]. Trial
delays adversely affect both patients waiting for new therapies and pharmaceutical
companies themselves[7-9]. A recent study estimates that each day of delay leads to
approximately $500,000 lost prescription drug or biologic sales, and the direct daily
cost of conducting a clinical trial is approximately $40,000 per day for Phase IT and III
clinical trials[10]. In this context, early forecasting of clinical trial duration facilitates
enhanced strategic planning, optimized resource allocation, and a significant reduction
in overall costs and risks[11-15].

The development of Al-driven applications for predicting the duration of clinical
trials is currently an active and rapidly evolving area of research.[11-14]. Long et al.
develop an AT capable of predicting duration of Phase I lymphoma clinical trials using
machine learning methods in a limited domain[11]. Yue et al. are the first to formu-
late this challenge as a machine learning problem applicable to general clinical trials
and propose a novel hierarchical attention mechanism to capture key features infor-
mation within clinical trials[12]. Patrone et al. compare the predictive performance of
their neural network model-estimated trial durations with that of sponsor-estimated
durations for oncology trials[14]. Cho et al. apply both survival analysis and machine
learning models to this task[13]. The establishment of a publicly available benchmark
dataset is essential to ensure reproducibility and fair comparison among Al predic-
tors. However, most prior studies[11-14] rely on in-house datasets, making systematic
comparison across models difficult.



At present, TrialBench[15] is the only publicly available dataset specifically con-
structed for clinical trial duration prediction. While this dataset represents an
important step toward benchmarking AI models in this domain, its design reflects a
broader scope that does not fully align with the requirements of prospective duration
prediction for drug development trials.

Specifically, TrialBench includes ongoing studies for which actual trial duration
is not yet defined, as well as interventional studies that do not involve drug inter-
ventions, such as device- or behavior-based trials. In addition, several trial-level
attributes that are known to influence trial timelines—such as primary endpoint char-
acteristics, planned enrollment size, and explicit arm—intervention structures—are not
consistently available in a structured form.

From a modeling perspective, TrialBench adopts random data splits across trials,
which may result in temporal information leakage when models are evaluated on stud-
ies conducted earlier than those included in the training set. Such a setting differs
from the practical use case in which trial duration is predicted prospectively based
solely on information available at the time of trial initiation.

These characteristics limit the direct applicability of TrialBench for developing and
evaluating AI models intended to support real-world trial planning and operational
decision-making in drug development contexts.

Following the need of public dataset, the paper in hand introduces the Clinical
Trial Duration Prediction (CTDP) dataset, a resource designed to support systematic
development and evaluation of AI predictors. Importantly, the dataset is designed
through a collaboration between clinical trial experts and Al researchers, mobilizing
expertise from both domains to resolve these limitations and create a resource suitable
for both reproducible AT model development and clinically meaningful trial planning.
Main characteristics of the CTDP dataset are as follows:

® Scale: 81,943 completed or terminated drug trials across 1,520 ICD-10 categories.

® Scope of features: 51 features covering trial phase and purpose, condition, eligibility
criteria, planned enrollment, arm and intervention, design, endpoint, site, sponsor,
and summary.

® Arm-intervention structure: hierarchical relationships between trial arms and
interventions are retained.

® LLM-derived information: outcome- and intervention-related data extracted and
structured from free-text using large language models (LLMs).

® Temporal data split: partitioning of data based on calendar time to enable
prospective evaluation and to prevent information leakage.

By making this dataset publicly available, we aim to provide a foundation for repro-
ducible research and to enable systematic comparison among methods for predicting
clinical trial duration.



2 Methods

The following sub-sections illustrate the data source and eligible studies, target label,
input features and data split. In addition, we include domain-specific notes titled Clin-
ical trial perspective to explain, where appropriate, the rationale for methodological
choices from the viewpoint of practical trial operations.

2.1 Data source and eligible studies

On March 5, 2025, we downloaded XML files of all registered clinical studies
from ClinicalTrials.gov (CTG) [16](https://classic.clinicaltrials.gov/AllPublicXML.
zip). We extracted all clinical studies categorized as “Interventional study”, defined
as clinical trials in any phase, and whose duration could be calculated. Additionally,
unlike TrialBench[15], we applied stricter eligibility criteria: trials had to be marked as
“Completed” or “Terminated” and include at least one intervention labeled as “Drug”
or “Biological” in the Intervention Type field of CTG. In this study, such trials were
collectively referred to as drug trials. This definition was adopted to ensure a repro-
ducible, label-based selection rule using the original registry metadata. Because the
distinction between drugs and biologics is not always consistently represented in the
source data, these two categories were grouped together and treated as a single class
of pharmacological interventions.

Clinical trial perspective. Studies registered in CTG are classified as either Inter-
ventional or Observational. Interventional studies involve prospective assignment of
participants to interventions, whereas observational studies collect data without inter-
vention assignment. By definition, clinical trials are categorized as “Interventional
study”. It is also critical to distinguish between ongoing and completed studies. For
trials that are still in progress, the study periods recorded in CTG are usually only
the planned duration defined by the sponsor (the individual, company, or organization
responsible for initiating and managing the trial). It should also be noted that CTG
includes interventional trials not limited to drug development; device, behavioral, or
procedural interventions are also registered. Because our primary interest lies in drug
development, we added the condition that at least one arm (a predefined participant
group assigned to receive specific interventions) involve a drug intervention. However,
CTG does not disclose whether a given trial was specifically conducted for drug devel-
opment purposes, which represents an inherent limitation when using CTG as a data
source. As a minimal safeguard, we additionally conditioned on phase information to
better approximate the set of drug development trials.

2.2 Ethics statement

This study used only publicly available registry data from ClinicalTrials.gov. The
dataset contains trial-level information on study design and characteristics and does
not include any individual-level or participant-derived data, nor any identifiable pri-
vate information. The study did not involve human subjects and does not constitute
human subjects research. Ethics approval and informed consent were not required.
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Table 1 Trial Duration by Phase

Phase Dataset n Min Q1 Median Q3 Max

Train 15,821 1 3 8 26 248

Phase 1
Test 6,130 1 3 7 16 69
Phase 1/2 Train 3,276 1 16 30 50 265
Test 993 1 11 20 32 69
Train 18,946 1 13 25 43 411

Phase 2
Test 4,503 1 10 17 28 72
Phase 2/3 Train 1,660 1 14 26 44 247
Test 550 1 7 14 23 64
Train 13,522 1 13 23 39 306

Phase 3
Test 2,689 1 10 17 28 70
Phase 4 Train 11,199 1 12 21 36 287
Test 2,654 1 7 15 25 72
Train 64,424 1 9 21 38 441

Total

Test 17,519 1 6 13 24 72

All duration values are reported in months.

Durations were calculated as the interval between the enrollment start date
and the primary completion date as reported in ClinicalTrials.gov.

The dataset includes the full range of observed values without exclusion or
truncation.

2.3 Target label

The prediction target in CTDP is the actual trial duration, defined as the time from
the enrollment of the first participant to the collection of the final primary endpoint
measurement for the last participant. This value was calculated using the enrollment
start date and the primary completion date as reported in CTG. Table 1 shows the
distribution of trial durations by phase in the CTDP dataset.

Clinical trial perspective. While previous studies[11-15] have often used the inter-
val between the trial start date and the overall completion date, we focus on the
primary completion date. In clinical development practice, regulatory decisions are
typically based on primary endpoint results, making the primary completion date
more directly linked to marketing authorization. In contrast, the overall completion
date may be influenced by secondary outcomes or extended follow-up, which are less
relevant for regulatory approval. Therefore, the primary completion date provides a
more consistent and meaningful target for duration prediction.

2.4 Features

The CTDP dataset has totally 51 features: 12 categorical, 20 numeric, 16 free-text,
and 3 other type features. Table 2 provides a detailed correspondence between the
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Fig. 2 Overview of the ten semantic feature groups included in the CTDP dataset. These groups
correspond to the structured and free-text trial characteristics described in Table 2 and are used as
inputs for clinical trial duration prediction.

data type grouping and the semantic grouping (Fig. 2) adopted in CTDP. While the
data type classification offers a computational perspective, it does not fully capture
the operational meaning of each feature in clinical trials. Therefore, in the follow-
ing subsections we reorganize the features according to their semantic groups—phase
and purpose, condition, eligibility criteria, planned enrollment, arm and intervention,
design, endpoint, site, sponsor, and summary—and describe them in greater detail.
Clinical trial perspective. In practice, the overall duration of a clinical trial can
be broadly separated into two components: the recruitment period and the follow-up
period. This relationship can be conceptually expressed as:

Trial duration ~ Recruitment period + Follow-up period.

The recruitment period may be further expressed as

Planned enrollment

Recruitment period =
P Recruitment speed ’

where planned enrollment specifies the number of participants required, and recruit-
ment speed represents the aggregate effect of all other factors. The specific contribu-
tions of individual feature groups to recruitment speed are described in subsequent
sections.

The follow-up period depends on the type of primary endpoint. For fixed-duration
endpoints (e.g., biomarker measurement at 12 months), all participants are observed
for a constant interval defined in the protocol. For time-to-event outcomes (e.g., overall



Table 2 Clinical trial features categorized by data type and semantic group

Data type
Semantic group | Categorical Numeric Free-text Other # feat
Phase and h, 61
phase (67) 2 (15)
Purpose | purpose (97)
Condition cond._count cond. icd10 3(3)
| gender (3)) .
Eligibility maximum_age X .
. gender based (1) . criteria 6 (8)
Criteria minimum_age
healthy vol. (1%)
Planned
enrollment 1(1)
Enrollment
int._count
n_arm:
— Experimental
A d — Acti
rm %n int._type (10%) chve int. _name axms " 11 (20)
Intervention — Placebo smiles
— Sham
— No Int.
— Other
allocation (4%)
Design | assign type (5) masking_count 4 (14)
masking (4%)
Endpoint time,fra.me,y* time_frame 4 (4)
measure_count measure
Site main_country (387)  country_count country 6 (43)
us_included (1%) address_count address
n_collaborator:
— Industry
Sponsor | sponsor_class (47) — NIH 5 (8)
-US
— Other
brief_summary
brief_title
official _title
keyword
d iption:
Summary escr:LAp on 9 (9)
— detailed
— intervention
— outcome
— assign_type
— masking
# feat. | 12 (86) 20 16 3 51 (125)

Numbers in parentheses indicate the number of classes.

Abbreviation: cond., condition; int., intervention; feat., features.

t One-hot (exactly one class must take value 1);
¥ Multi-hot (any number of classes, including zero or multiple, can take value 1).
* Features generated from free-text descriptions using a large language model.
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survival), the follow-up continues until the occurrence of events, with the analysis
cut-off applied if the planned time frame is not exceeded:

. Ttrames if the endpoint is fixed-duration
Follow-up period = ) . o
min(Tlast_event, Lframe ), if the endpoint is time-to-event,

where Tiame denotes the predefined observation interval specified in the protocol, and
Tast_event 1S the time to event for the last participant.

It should also be recognized that not all trials proceed to completion as originally
planned. Some are discontinued early for various reasons, including futility (lack of
efficacy), efficacy stopping (overwhelming benefit observed at interim analysis), safety
concerns, or operational issues such as insufficient enrollment. These scenarios result
in truncated durations and represent an additional source of variability that must be
considered when modeling trial length.

No prior studies[11-15] have correctly considered the full range of these fea-
tures(Table 3). For example, some earlier works excluded key features such as
endpoints[12, 14, 15], design[12-14], or planned enrollment[12, 15], or relied on post hoc
values (e.g., actual enrollment[11, 14]), which are not usable for prospective prediction.

2.4.1 Phase and purpose

The dataset includes a phase field, covering trial phases (I, II, III, IV) as well as
combined phases (I/1I, II/III), and a purpose field, covering nine categories such as
treatment, prevention, diagnostic, supportive care, screening, health services research,
device feasibility, basic science, and other. Each category was one-hot encoded.
Clinical trial perspective. The phase of a trial is directly related to its typical dura-
tion: Phase I studies often involve fewer participants and shorter follow-up, whereas
Phase IIT studies require large-scale enrollment and longer observation to demonstrate
efficacy. The purpose of the study also affects trial length; for example, prevention
and screening trials generally require longer follow-up to observe incidence rates, while
treatment trials may conclude more quickly if early endpoints such as biomarker
response are used.

2.4.2 Condition

The condition field in CTG describes the disease area or medical problem under
investigation, which can include healthy population. We extracted the raw free-text
condition terms and processed them into their corresponding the 10th revision of the
International Classification of Diseases (ICD-10) codes via an API from US National
Library of Medicine[17] as done by Yue et al.[12]. The total number of distinct
conditions was recorded as condition_count.

Clinical trial perspective. The therapeutic area has a substantial influence on trial
duration. For instance, oncology trials typically require long-term follow-up to cap-
ture survival outcomes, whereas dermatology or infectious disease trials may conclude
more quickly due to short-term endpoints. Moreover, trials involving rare diseases



Table 3 Comparison of features

Study Phase and Condition Ehg}bll}ty Planned Arm an.d Design  Endpoint Site Sponsor Summary
Purpose Criteria Enrollment Intervention
Long et al. (2024)[11] N/A? X X x2 ~ ~ ~ ~ v X
Yue et al. (2024)[12] ~ v v X ~ X X X X X
Cho et al. (2025)[13] v ~ ~ v ~ X ~ v X X
Patrone et al. (2025)[14] v v X x2 ~ X X v v X
Chen et al. (2024)[15] v v v X ~ ~ X v v v
CTDP dataset v v v v v v v v v v

v': explicitly used as a structured or clearly extractable feature; ~: partially used, used in limited form, or indirectly considered; x: not used.
1Not applicable due to the study scope.

2 Actual values are used. They are not available at prediction time.



often face recruitment challenges because of limited patient availability, prolonging
the recruitment period.

2.4.3 Eligibility criteria

Our dataset includes free-text criteria as they are recorded in CTG. In addition, we
extracted structured features including gender, acceptance of healthy_volunteers,
and minimum/maximum_age limits.

Clinical trial perspective. FEligibility criteria define who can participate in a clin-
ical trial and thereby regulate the pool of potential participants. Narrower criteria,
such as restricted age ranges or exclusion of comorbidities, reduce the number of eli-
gible participants and can slow recruitment. Broader criteria allow faster enrollment
but may increase heterogeneity within the study population. The inclusion of healthy
volunteers is particularly relevant for early-phase studies, especially those involving
safety, pharmacokinetic, or pharmacodynamic assessments, where participants without
underlying medical conditions are typically required. Moreover, eligibility criteria also
shape the underlying risk profile of enrolled participants. A higher risk or lower risk
population affects the required length of follow-up for time-to-event outcomes. Con-
sequently, eligibility criteria influence both the pace of recruitment and the duration
of follow-up.

2.4.4 Planned enrollment number

This feature represents the number of participants that were originally planned to be
enrolled in the trial. Unlike some previous studies[11, 14] that used actual enrollment
numbers, which are not available at the time of trial initiation, we focused on the
planned enrollment. Because the XML files from CTG do not directly provide this
information, we extracted it from the HTML pages of each individual trial under the
structured label “Original Enrollment” on the “Researcher View” tab (e.g., https://
clinicaltrials.gov/study /{NCTID}?tab=table). The extracted values were parsed and
stored as a numeric feature.

Clinical trial perspective. Planned enrollment directly determines the scale of par-
ticipant recruitment and is a principal component of the recruitment period. Larger
enrollment targets generally require longer recruitment period unless offset by broader
eligibility criteria, higher disease prevalence, or greater site capacity.

2.4.5 Arm and intervention

This feature group captures both the hierarchical structure and summary statistics of
study arms and interventions.

Unlike previous studies [11-15] that typically treat arms and interventions as flat,
unlinked attributes, our dataset preserves the original hierarchical relationship: each
study arm is explicitly linked to its corresponding intervention(s). This structure is
stored as a list of dictionaries in JSON format, where each dictionary includes the arm
label and its assigned interventions (e.g., [{ “arm”: “Experimental”, “interventions”:
[“Drug A”] }, { “arm”: “Placebo Comparator”, “interventions”: [“Placebo”] }]).
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In addition to the structured representation, we also included flat features

derived from the arm and intervention data. These comprise the number of arms,
the distribution of arm types, the total number of interventions, and intervention
categories.
Clinical trial perspective. In clinical trials, participants are assigned to a predefined
group—sometimes a single group—receiving a specific treatment regimen, referred to
as an arm. Preserving the structure of arms and their linked interventions provides a
faithful representation of trial design, as it reflects how treatments are organized and
compared. The complexity of this structure and the choice of comparators can delay
recruitment through participants’ preferences and increased operational complexity.

2.4.6 Design

Our dataset includes the method of allocation (e.g.,, randomized or non-
randomized), the intervention model (e.g., parallel assignment, crossover assign-
ment), and the use of masking (participant, care provider, investigator, outcomes
assessor). In addition, we compute the number of masked roles, representing how many
parties were blinded in the trial.

Clinical trial perspective. The design of a clinical trial refers to the overall frame-
work that determines how participants are allocated to arms, how interventions are
administered, and how outcomes are assessed. Randomization and blinding gener-
ally increase complexity, as blinded trials with multiple masked roles demand more
logistical coordination than open-label studies. Likewise, crossover designs extend the
observation window because of repeated treatment periods and washout intervals.
These aspects of design can therefore contribute to longer trial durations through both
increased operational demands and prolonged follow-up requirements.

2.4.7 Endpoint

Because our task defines trial duration based on the primary completion date, we
include only primary endpoints as input features. Each primary endpoint description
in CTG typically specifies both the clinical outcome being measured and the associated
time frame (e.g., “Change in blood pressure at week 127). In CTDP, we retain these
descriptions as structured free-text features, preserving the full detail of both outcome
and time frame.

To further enhance usability, we applied a large language model, Gemini 2.0 Flash

[18] to parse these free-text descriptions into time frame (observation window specified
in the protocol).
Clinical trial perspective. The follow-up period in a clinical trial is generally deter-
mined by the specified time frame. Its interpretation, however, varies according to
the nature of the endpoint. For time-to-event endpoints, the time frame typically rep-
resents the maximum observation period during which the occurrence of predefined
events is monitored. In contrast, for fixed-time endpoints, the follow-up duration is
conceptually constant because the outcome is measured at predefined time points,
although minor operational variability may occur in practice.
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Table 4 Country or Region Group

Area Country/Region Group
North America United States, Canada
Central America and Caribbean = Mexico, Others

South America Argentina, Brazil, Others
Oceania Australia, Others

China, Hong Kong and Macau, Taiwan

East Asia
Japan, Korea
Southeast Asia Singapore, Thailand, Others
Central and South Asia India, Pakistan, Others
West Asia Israel, Turkey, Others
Austria, Belgium, Denmark, France, Germany
Europe Italy, Netherlands, Norway, Spain, Sweden
Switzerland, United Kingdom, Others
Africa Egypt, Others

2.4.8 Site information

The dataset includes multiple features derived from the site information recorded in
ClinicalTrials.gov, which are relevant to the operational and clinical aspects of trial
conduct. Specifically, we extracted the site_count (the total number of participating
institutions), the country_count (the number of distinct countries in which sites are
located), a binary feature us_included (indicating whether the United States is among
the participating countries), and a categorical variable main country (representing
the country with the largest number of participating sites). To enhance generalizabil-
ity, countries with few registered trials were grouped into broader regional categories
as summarized in Table 4. These features collectively characterize the geographical
distribution and scale of the study network.

Clinical trial perspective. The geographical and institutional distribution of study
sites affects multiple dimensions of trial duration. First, operational complexity
increases in multicenter or multinational studies due to additional layers of regula-
tory review, ethics approval, and coordination across institutions. Second, recruitment
speed is strongly influenced by site location and capacity: trials conducted in regions
with higher disease prevalence or larger eligible populations generally achieve faster
enrollment, whereas those relying on rare-disease centers or countries with limited
infrastructure may experience slower recruitment. Third, event rates—the frequency
with which clinical endpoints occur—can vary geographically due to differences in
background risk, healthcare systems, or standard of care. Trials in regions with lower
event incidence require longer follow-up to reach the prespecified number of events.
Thus, site-related characteristics shape not only the logistical complexity but also
the pace of recruitment and the duration of follow-up, jointly determining the overall
timeline of a clinical trial.
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2.4.9 Sponsor information

The dataset includes sponsor-related features, reflecting the organizational charac-
teristics that may influence clinical trial timelines. Specifically, we extracted the
sponsor_type, a categorical feature representing the organization type of the lead
sponsor (Industry, NIH, U.S. Federal Agency, or Other), and four numeric variables
indicating the collaborator_count for each sponsor category (Industry, NIH, U.S.
Federal Agency, and Other). These structured features capture the diversity of trial
leadership and support, allowing analysis of how different sponsor types contribute to
the efficiency and scale of trial execution.

Clinical trial perspective. The sponsor plays a central role in determining the
pace and quality of clinical trial conduct. Industry-sponsored trials often benefit
from greater financial resources, established site networks, and professional project
management, which can shorten recruitment and follow-up periods. In contrast,
investigator-initiated or academic trials may have more limited infrastructure and
rely on grant-based funding cycles, often resulting in slower initiation and extended
timelines.

2.4.10 Summary description

We extracted a set of narrative fields that provide free-text descriptions of various
aspects of the trial. These fields, although unstructured, may contain useful contextual
information for predicting trial duration. Specifically, we included the following text
fields from the XML files: brief summary, brief title, official title, detailed description,
intervention description, primary outcome description, intervention model description,
masking description, keyword.

These features were retained in their original form for potential use in natural lan-
guage processing—based models. While not all prior studies incorporated such narrative
components, we preserved them to enable future work that may leverage semantic
content for potential use in downstream prediction tasks.

2.5 Additional LLM-derived features

Because most of the fields in CTG are recorded in a free-text form, some natural
language processing was required before these data could be used in AI predictors. In
this work, we utilized the Gemini 2.0 Flash[18] via API to convert raw free-text fields
into structured features. These outputs were provided as examples of pre-processing.
Their plausibility was assessed through a manual review of randomly sampled trials,
as described in the Technical Validation section.

2.5.1 Endpoint time frame

CTG allows trial sponsors to describe the timing of endpoint assessments in natural
language, often in the “Time Frame” field associated with each primary outcome. To
use this information systematically, we asked the LLM to extract the duration from
enrollment to the time when the primary endpoint is measured for each arm. This value
was returned in days and stored as a numeric feature. If multiple primary endpoints
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existed, we selected the one with the longest time frame, reflecting the assumption
that trial completion is determined by the last primary assessment. The prompt used
for this extraction is shown in the supplemental material 1A.

2.5.2 Arm and intervention

Each arm is assigned one or more interventions; however, in CTG, the correspondence
between arms and interventions is sometimes recorded incorrectly, and in some cases,
information corresponding to multiple arms is described within a single arm. In addi-
tion, interventions are occasionally registered under regimen names, or multiple drugs
are grouped together and recorded as a single intervention, making direct matching
of intervention names to drug databases infeasible. In this dataset, to address these
recording inconsistencies related to arms and interventions, we restructured the arm
information using an LLM.

Even after restructuring, interventions may include the names of active ingre-
dients, their dosages, as well as non-pharmacological interventions, such as medical
devices or procedures. We mapped these interventions to their corresponding SMILES
strings using the PubChem API when available in the PubChem[19] database. For
intervention names that could not be mapped, we examined whether they represented
non-effective comparators, such as placebo, vehicle, or sham. When an intervention
name indicated an active treatment, we extracted the names of the active ingredi-
ents from the intervention text and attempted to map the extracted names to their
SMILES strings again. All steps other than SMILES mapping were performed by using
an LLM. The prompt used for this extraction is shown in the supplemental material
1B-E.

2.6 Data split

To evaluate the generalizability of the models developed in CTDP, we followed the
temporal split strategy used by Yue et al.[12]. Specifically, we used trials that were
completed before 2019 as the training set (n = 64,424) and trials that started in or
after 2019 as the test set (n = 17,519). By separating the data according to calendar
time rather than randomly, we simulate real-world deployment conditions and assess
the robustness of the model to the temporal distribution shift. This setting better
reflects the practical use case of predicting durations for future or ongoing trials based
on historical data.

Importantly, temporal splitting avoids the risk of information leakage inherent in
random splits. For instance, when evaluating a model on a trial conducted in 2023
using a training set that includes data from 2024 (e.g., other studies involving the
same newly developed drug), the model may benefit from future knowledge that would
not have been available in a real-world setting. By using a time-based split, we pre-
vent such unrealistic advantage and ensure a more faithful estimation of prospective
performance.
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3 Data Record

We provide the training and test datasets on a GitHub repository (https://github.
com/Nonokyu/CTDP) as separate parquet files (four files for training and two files
for testing). For model development and evaluation, the parquet files for training and
testing should be loaded and concatenated separately.

Sample Python 3 code for viewing the data records is also available in the same
GitHub repository.

4 Technical Validation

As this dataset was derived from a publicly available registry (ClinicalTrials.gov), its
quality depends on the correctness of the data submitted by trial sponsors. Accord-
ingly, we acknowledge that some values may contain inaccuracies that cannot be fully
corrected by us. In light of this limitation, we present several materials to facilitate
the assessment of the technical soundness and practical usability of our dataset.

4.1 Summary statistics

First, we provide proportions of missing values for each feature group and unique
counts of selected features to assess data completeness and the practical usability of
individual features (see Table 4). Features originally included in CTG were more likely
to be missing in trials registered at earlier time points. Even after filtering clinical trials
to include only those flagged in CTG as involving at least one drug intervention, some
trials still lacked any drug or biologic interventions. From the perspective of SMILES
strings, we were unable to map intervention names to corresponding SMILES strings
registered in PubChem in 16.09% and 30.66% of trials in the training and test datasets,
respectively. This is mainly because interventions registered at later time points may
still be confidential, and their actual chemical names are therefore not disclosed. In
addition, recent trials increasingly evaluate biologics—which are not small molecules
and cannot be represented as SMILES strings.

4.2 Quality of LLM-derived features

Second, for features derived from unstructured text using an LLM, conducting an
exhaustive validation is infeasible. Therefore, we focused on assessing the plausibility
of the extracted values and characterizing common failure modes through a manual
review of 100 randomly sampled trials from each dataset. This review was indepen-
dently conducted by Y.N. and Y.T., both of whom have formal training in medicine
and clinical trial design. In cases where the assessments differed between the two
reviewers, discrepancies were resolved through discussion.

4.2.1 Endpoint time frame

For this feature, we assessed whether the LLM correctly extracted the primary
endpoint time frame as numeric values with appropriate time units.
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Table 5 Missing ratio of and unique counts

Feature Train (n=64,424) Test (n=17,519) Unique counts
Phase and Purpose
phase 0.00% (0) 0.00% (0)
purpose 2.58% (1,660) 0.00% (0)
Condition 0.00% (0) 0.00% (0)
condition 0.00% (0) 0.00% (0) 24055 /18846,/9084
icd10 8.13% (5235) 13.35% (2339) 1252111345 /8655
Eligibility Criteria
criteria 0.01% (6) 0.00% (0)
gender 0.00% (0) 0.00% (0)
healthy volunteers 0.00% (0) 0.00% (0)
maximum age 0.00% (0) 0.00% (0)
minimum age 0.00% (0) 0.00% (0)
Planned Enrollment 5.99% (3,860) 0.03% (6)
Arm and Intervention
arms 0.00% (0) 0.00% (0)
intervention 0.00% (0) 0.00% (0) 77303/59656/21111
drug or biologics 0.18% (118) 0.23% (40) 47533/36296 /15458
SMILES  16.09% (10365) 30.66% (5371) 7387/6289/3552
Design
masked role 1.53% (985) 0.00% (0)
masking count 0.32% (205) 0.00% (0)
allocation 0.00% (0) 0.00% (0)
intervention model 0.41% (261) 0.00% (0)
Endpoint 0.47% (305) 0.00% (0)
Site information
country 8.85% (5703) 0.01% (1) 178/166/147
address 8.88% (5722) 0.01% (1)
Sponsor information
sponsor 0.00% (0) 0.00% (0)
collaborator 0.00% (0) 0.00% (0)
Descriptions
brief summary 0.00% (0) 0.00% (0)
brief title 0.00% (0) 0.00% (0)
official title 1.88% (1212) 0.00% (0)
detail  42.61% (27,452) 41.36% (7,246)
intervention 12.07% (7,779) 0.01% (1)
primary outcome 34.97% (22,530) 12.15% (2,128)
intervention model 97.72% (62,957) 72.69% (12,734)
masking 98.55% (63,492) 84.35% (14,777)
keyword  33.98% (21,893) 51.14% (8,959)

Missing values are summarized as percentages (counts). Unique counts are reported for the total,
training, and test datasets, in the order of total/training/test.
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Table 6 Result of plausibility check for endpoint time frame

Error category Description Train  Test

Multiple time points  Multiple primary endpoint time frames were 1 3
described, and the longest relevant time frame
was not correctly identified

Relative expressions  Time frames described using relative formu- 0 1
lations, for which the LLM extracted only
relative expressions without performing the
required calculations to obtain absolute dura-
tions

Correct extraction Primary endpoint time frame was correctly 99 96
extracted and converted into a numeric value

Accurate extraction of the primary endpoint observation time failed in 1 of the
100 trials in the training dataset and in 4 of the 100 trials in the test dataset. In
all cases, these failures occurred in trials in which multiple time points for primary
endpoint assessment were described (Table 6). In addition, the LLM occasionally failed
in cases that required temporal calculations, such as computing time points defined
as “6 months after the final visit.”

4.2.2 Arm and intervention

For this feature, we assessed two aspects: whether the LLM successfully restructured
the arm—intervention relationships, and whether it accurately extracted compound
names from intervention names to enable mapping to the corresponding SMILES
strings via the PubChem API. Arm restructuring was considered successful if the effec-
tive number of arms was correctly identified and each arm was consistently assigned
the appropriate intervention(s).

In the training dataset, 12 of the 100 trials failed either in arm restructuring or
in mapping drug interventions to SMILES strings. Among these, six failures were
attributable to issues in the original source data. Of the remaining trials, one failed due
to unsuccessful arm restructuring, while the remaining five failed because of unsuccess-
ful extraction of active ingredient names from intervention names. In the test dataset,
8 of the 100 trials failed either in arm restructuring or in mapping drug interventions to
SMILES strings. Among these, two failures were attributable to issues in the original
source data. Of the remaining trials, two failed due to unsuccessful arm restructuring,
while the remaining four failed because of unsuccessful extraction of active ingredient
names from intervention names (Table 7).

In addition, during the manual review, we identified a certain number of trials in
which the arm information recorded in CTG contained inconsistencies, such as placebo
arms being assigned active drug interventions, interventions described elsewhere in the
trial records but not assigned to any arm, or multiple arms being conflated within a
single arm entry. Even in these cases, we confirmed that the LLM-based processing suc-
cessfully restructured the arm—intervention relationships according to the predefined
criteria.
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Table 7 Result of plausibility check for arm-intervention structure

Error category Description Train  Test
Source data inconsis- Inconsistencies or ambiguities in the origi- 6 2
tency nal ClinicalTrials.gov records regarding arm or

intervention information

Arm misidentification Incorrect identification of the number of arms 1 2
or incorrect separation of arm boundaries

Active ingredient  Failure to correctly extract active ingredient 5 4
extraction failure names from intervention descriptions

Correct restructuring  Arm—intervention relationships were correctly 88 92
and mapping restructured and SMILES strings were suc-

cessfully assigned where applicable
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Fig. 3 Distribution of included clinical trials by start year and phase. The dashed vertical line
indicates the temporal split between the training dataset (trials completed before 2019) and the test
dataset (trials starting in or after 2019).

4.3 Trials included in CTDP

Third, CTDP differs from several existing public datasets in its inclusion criteria and
target use case. In particular, it focuses on completed interventional drug trials to
support the prediction of actual trial duration.

Specifically, we retained only interventional drug trials that were marked as either
“Completed” or “Terminated”. Trials that were ongoing or that did not involve drug
interventions were excluded. These inclusion criteria ensure that the target duration is
well defined and aligned with the intended use case of prospective duration prediction.

Figure 3 shows the distribution of included trials by start year and phase, as well
as the temporal split used to construct the training and test datasets. Trials completed
before 2019 were assigned to the training set, whereas trials starting in or after 2019
were assigned to the test set. This time-based split reflects the practical scenario of
predicting durations for future trials using historical data.
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Finally, even if future studies identify additional predictive features not included
in our current dataset, researchers can retrieve the corresponding original trial records
using the NCT identifiers provided. This ensures that new features can be recon-
structed or appended consistently and that model performance can be compared on
an identical set of clinical trials. This design choice supports reproducibility, facilitates
incremental improvements, and enables fair benchmarking across studies.

5 Data Availability

The training and test datasets are publicly available at https://github.com/Nonokyu/
CTDP.

6 Code Availability

Sample Python 3 code for viewing the data records is available at https://github.com/
Nonokyu/CTDP.
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