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Abstract

Dosing errors represent an important source of medication-related risk in interventional clinical trials, potentially
affecting both participant safety and the validity of study outcomes. Despite their importance, systematic methods
for predicting dosing error risk from trial design information remain largely unexplored. To address this gap, we
organized the Clinical Trial Dosing Error Benchmark 2026 (CT-DEB’26) shared task, hosted at the CL4Health
workshop at LREC 2026. The task focuses on predicting the risk of dosing errors in interventional clinical trials using
heterogeneous information extracted from ClinicalTrials.gov, including structured protocol metadata and long-form
textual descriptions. The released benchmark dataset contains over 42,000 clinical trial records spanning multiple
study phases and therapeutic areas, annotated with binary labels indicating a significant high rate of dosing errors.
Participants were asked to develop ML models capable of estimating trial-level dosing error risk, evaluated primarily
using the ROC-AUC metric under strong class imbalance. The shared task was conducted in two phases and
attracted 15 submissions in the development stage and 4 submissions in the final evaluation phase. This paper
provides an overview of the shared task, describing the dataset construction, evaluation protocol, and participating
systems. In addition, we present a schema-aware CatBoost baseline that leverages structured trial metadata
and simple textual statistics, achieving ROC-AUC scores of 0.8606 and 0.8624 on the Phase 1 and Phase 2
leaderboards, respectively. We further summarize the approaches proposed by participating teams, which explore
both feature-engineering pipelines and transformer-based text representations. The results highlight the importance
of structured trial design variables and hybrid modeling strategies combining tabular and textual information. Finally,
we discuss limitations of the benchmark and outline future directions for applying natural language processing and
ML to improve medication safety in clinical trial design.
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1. Introduction timate that no more than 14% of candidate drugs
successfully progress from phase | to market autho-
rization (Wong et al., 2018; Sun et al., 2022), while
CT execution constitutes a major portion of the very

costly (approximately 1.3B$ on the average) drug

1.1. Clinical Trials

Interventional clinical trials (CTs) constitute the cor-

nerstone of pharmaceutical research and develop-
ment, providing the evidentiary basis for assessing
the safety and efficacy of medicinal products and
interventions. Once the drug discovery research
and pre-clinical animal-based studies are success-
ful, for a candidate medication to reach the market,
regulatory agencies require various phases of clini-
cal studies on human volunteers, each designed to
rigorously evaluate specific aspects of the drug’s
performance and safety profile.

Various regulations such as the (U.S. Food and
Drug Administration, 2024), the (European Parlia-
ment and Council of the European Union, 2014), as
well as the (International Council for Harmonisation
of Technical Requirements for Pharmaceuticals for
Human Use (ICH), 2016) require careful planning of
the CTs prior to their execution in what is known as
CT protocols (Cipriani and Barbui, 2010). Despite
these efforts and the oversight by regulatory agen-
cies, CTs remain costly, lengthy, and specifically
highly failure-prone processes. Various studies es-

R&D life cycle (Wouters et al., 2020; Mulcahy et al.,
2025). These failures are often attributed not only
to the lack of drug efficacy, but also to operational
and procedural deficiencies in trial execution (Mar-
tin et al., 2017). As a result, identifying and mitigat-
ing such inefficiencies early in the trial lifecycle is
of critical importance for cost reduction of clinical
studies and hence the drug prices and eventually
the sustainability of the healthcare systems, as well
as for the safety of participants of these studies.

Towards optimizing CT design, large public
repositories such as ClinicalTrials.gov (CTGov) (Na-
tional Library of Medicine (US), 2000) provide ac-
cess to the past trial protocols and outcomes, en-
abling data-driven methods to estimate trial-level
risks and to identify protocol design factors asso-
ciated with operational failure. This is furthermore
motivated by the advances and success stories
of methods based on Machine Learning (ML) and
Artificial Intelligence (Al) in healthcare. To get a
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better overview of the application of these methods
to trial optimization, the reader is referred to the
recent scoping review by (Teodoro et al., 2025),
where various categories of risk prediction models
are reviewed.

1.2. Dosing Errors

On the other hand, medication errors, and in par-
ticular dosing errors, are among the major sources
of adverse events imposing substantial burden on
healthcare systems (Elliott et al., 2021; Rouhani
et al., 2018; Hodkinson et al., 2020; Tariq et al.,
2018). Within the context of clinical studies, medica-
tion errors can compromise trial validity by biasing
efficacy estimates (Vrijens et al., 2024), jeopardize
participant safety (Tariq et al., 2025), and lead to
regulatory non-compliance or trial termination (Eu-
ropean Medicines Agency, 2023).

Medication errors are defined as failures in the
treatment process that lead to, or have the poten-
tial to lead to, harm to the patient (Aronson, 2009).
Examples of dosing-related medication errors in-
clude incorrect dose amount, frequency, timing, or
administration route.

While medication safety has been extensively
studied in post-marketing and routine clinical care
settings, comparatively little attention has been paid
to the systematic analysis and prediction of dosing
errors occurring during clinical research itself.

Prior work has investigated trial outcome predic-
tion and failure risk estimation using protocol-level
information (Ferdowsi et al., 2023, 2021), as well
as the prediction of adverse drug events from clin-
ical trial data (Yazdani et al., 2025), highlighting
the value of data-driven approaches for assess-
ing trial-level risk. However, as emphasized by the
recent scoping review of (Héche et al., 2026), ML-
based studies of medication errors have almost
exclusively focused on errors occurring in routine
clinical practice, leaving a notable gap with respect
to errors arising in the conduct of CTs. Addressing
this gap is particularly challenging due to the het-
erogeneity of trial designs, the rarity of documented
dosing errors, and the prevalence of unstructured
textual information in trial protocols and reports.

1.3. Shared Task

To foster community-driven progress on this prob-
lem, we organized the Clinical Trial Dosing Error
Benchmark 2026 (CT-DEB’26), an open shared
task aimed at predicting the risk of dosing errors in
interventional clinical trials using information avail-
able prior to trial initiation. The shared task lever-
ages a large, publicly released dataset derived
from the ClinicalTrials.gov registry, combining struc-
tured trial design variables with long-form textual

descriptions extracted from registry entries and pro-
tocol documents. Participants were invited to de-
velop machine learning models that, given only pre-
initiation protocol information, estimate the probabil-
ity that a trial will exhibit an elevated rate of dosing
errors during its execution. System performance
was evaluated primarily using the area under the
receiver operating characteristic curve (ROC-AUC),
among other complementary metrics.

CT-DEB’26 was hosted on the CodaBench plat-
form (Xu et al., 2022) and conducted in two phases,
supporting model development and subsequent
evaluation on a fully held-out test set. The chal-
lenge was organized as part of the CL4Health
workshop at LREC 2026 and aims to establish a
reusable benchmark for studying dosing error pre-
diction in clinical trials.

This paper provides an overview of the CT-
DEB’26 shared task. We first describe the dataset
construction process and the prediction task formu-
lation in Section 2. We then present the challenge
setup in Section 3, including the task definition and
evaluation protocol. Section 4 summarizes the sub-
mitted systems and presents a baseline model. Fi-
nally, Section 5 discusses the main findings and
directions for future research.

2. Dataset

2.1. Data Source and Trial Selection

The CT-DEB’26 shared task is based on the ct—
dosing-errors-benchmark dataset (Héche
etal., 2026) derived from completed and terminated
interventional clinical trials registered at the CTGov
registry (National Library of Medicine (US), 2000),
which was the main source of the raw data used
due to its scale, standardized reporting, as well as
its regulatory relevance. The dataset was curated
to support trial-level prediction of dosing error risk
using only information available prior to the trial
initiation, thereby reflecting realistic deployment
conditions for prospective risk assessment.

Trials were selected according to predefined in-
clusion criteria, including interventional study de-
sign, availability of reported results, and a docu-
mented completion date. Restricting the dataset
to completed or terminated trials ensures that dos-
ing error outcomes can be derived from finalized
adverse event reports, while enabling temporally
coherent dataset splitting. A total of 42,112 trials
satisfied these criteria and were included in the full
dataset.

The dataset is publicly released on the Hugging
Face Hub'. A detailed account of the dataset

"The shared-task dataset is available at
https://huggingface.co/datasets/
sssohrab/ct-dosing—errors—-benchmark. A
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Feature Avail. Mean Min Max
enrollmentCount 100% 263.81 1 864,493
numArms 100% 2.33 0 43
numinterventions 100% 2.48 1 44
numLocations 100% 22.88 0 1,611

Table 1: Summary statistics of numerical features.

construction pipeline, feature engineering, label-
ing methodology and splitting strategy is provided
in the companion paper (Héche et al., 2026). Below
we provide a summary as is relevant for the shared
task.

2.2. Features

For each trial, a heterogeneous set of features was
extracted, comprising numerical, categorical, and
textual variables. Structured features describe core
aspects of trial design and logistics, such as trial
phase, enrollment size, intervention configuration,
allocation and masking strategies, sponsor and
oversight information, and characteristics of treat-
ment arms and interventions.

In addition to structured variables, the dataset
includes multiple free-text fields drawn from registry
entries and protocol-related documents, such as
brief summaries, detailed descriptions, arm and
intervention descriptions, and, when available, text
extracted from protocol PDF files. Approximately
42% of trials contain long-form textual descriptions,
which often encode nuanced procedural details
relevant to medication administration and dosing.
As a result, effective utilization of unstructured text
constitutes a central challenge of the benchmark.

To ensure consistency and reproducibility, all
features were validated and parsed using struc-
tured data schemas with tools such as the Pydan-
tic library (Pydantic Al), or Python’s standard data
types, such as the enumerated data structures
(Enum) (Python Software Foundation). Notably,
this results in categorical variables constraint to
predefined value sets and would later facilitate ML-
related feature engineering. These schemas were
created according to the structures defined in CT-
Gov’s instructions.

Tables 1, 2, 3, and 4 provide summary statis-
tics for the numerical, textual, categorical, and list-
valued categorical features, respectively.

Notably, among the textual fields, proto-
colPdfText is both the sparsest and by far the
longest, reflecting the partial availability of full pro-
tocol documents and the substantial additional pro-

more detailed version with additional risk categories is
available at https://huggingface.co/datasets/
ds4dh/ct-dosing—errors. The source code used
to reproduce these datasets is available at https:
//github.com/ds4dh/CT-dosing—errors.

cedural detail they contain when present.

Overall, the dataset combines structured numer-
ical and categorical protocol descriptors with multi-
ple free-text fields of highly variable length, yielding
a multimodal benchmark for trial-level dosing error
prediction.

2.3. Outcome Labeling and Dataset
Splits

The prediction target is a binary variable indicating
whether a trial exhibited an unusually high rate of
dosing errors during its execution. Labels were de-
rived from adverse event (AE) reports available in
the ClinicalTrials.gov registry, which are coded us-
ing the Medical Dictionary for Regulatory Activities
(MedDRA, version 27.1) (MedDRA Maintenance
and Support Services Organization, 2025).

To identify dosing-related events, MedDRA cate-
gories associated with overdosing, underdosing,
and medication-use errors were used as entry
points in the MedDRA hierarchy. The descendant
terms under these categories were reviewed by clin-
ical pharmacology experts to retain only concepts
specifically related to dosing errors. The resulting
set of curated terms was then matched against the
reported adverse events of each clinical trial.

For each study, dosing-related events were ag-
gregated across all trial arms to estimate a trial-level
dosing error rate based on the number of affected
participants relative to the population at risk. A trial
was labeled as positive when the lower bound of
the 95% Wilson confidence interval of this rate ex-
ceeded a predefined threshold. Given the rarity of
dosing errors and the pharmacovigilance practice
of treating low-frequency events as potential safety
signals (Beninger, 2020), a conservative threshold
of 0.01% was adopted.

Using this procedure, approximately 4.6% of tri-
als in the dataset were labeled as positive, resulting
in a highly imbalanced classification problem that
reflects the low prevalence of dosing errors in clini-
cal research. A detailed description of the labeling
workflow is provided in the companion dataset pa-
per (Héche et al., 2026).

The dataset was partitioned into training, valida-
tion, and test splits using a chronological strategy
based on trial completion dates. This approach
mitigates duration-related selection bias and pro-
vides a realistic estimate of prospective model per-
formance. For the shared task, participants were
provided with labeled training data and a validation
set with masked labels during Phase 1, followed by
an unlabeled test set for final evaluation in Phase 2.
Table 5 summarizes key statistics of the dataset.
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Field Availability (%) Mean chars Median chars Median words
allocation 99.62% 8.46 10 1
armDescriptions 99.40% 388.24 223 37
briefSummary 100% 502.40 338 50
conditions 100% 39.21 23 3
conditionsKeywords 63.94% 81.17 59 7
detailedDescription 61.93% 1,610.83 1,151 175
interventionDescriptions 100% 286.18 177 27
interventionModel 99.67% 9.34 8 1
interventionNames 100% 82.72 63 8
locationDetails 94.38% 1,310.26 123 22
protocolPdfText 42.33% 223,247.14 186,043 26,122
Table 2: Summary statistics of textual fields.
Feature Avail. #Cat. Categories Statistic Value
healthyVolunteers 99.93% 2 FALSE, TRUE Total trials 42,112
masking 99.82% 5 NONE, SINGLE, DOUBLE, Training set 29,478
oversightHasDmc 87.82% 2 FALSE, TRUE Validation set 6,316
primaryPurpose 99.06% 10 TREATMENT, PREVEN- TeSt. .Set 6,318
) TION,  DIAGNOSTIC, Positive label prevalence 4.62%
ECT, SUPPORT-

IVE_CARE, SCREENING,

Trials with protocol PDF text

42%

HEALTH_SERVICES_RESEARCH,

BASIC_SCIENCE, _ DE-
VICE_FEASIBILITY,
OTHER

99.98% 3

sex ALL, FEMALE, MALE

Table 3: Features with categorical values.

Avail. #Cat.
99.40% 6

Feature
armGroupTypes

Categories

EXPERIMENTAL,
ACTIVE_COMPARATOR,
PLACEBO_COMPARATOR,
SHAM_COMPARATOR,
NO_INTERVENTION,
OTHER

interventionTypes 100% 11 DRUG, DEVICE, BIO-
LOGICAL, PROCEDURE,
RADIATION, BEHAV-
IORAL, GENETIC, DI-
ETARY_SUPPLEMENT,
COMBINA-
TION_PRODUCT,
DIAGNOSTIC_TEST,
OTHER

99.99% 6 NA, EARLY_PHASE1,
PHASE1,  PHASE2,
PHASES, PHASE4

phases

Table 4: Features with list of categorical values.

3. CT-DEB’26

The Clinical Trial Dosing Error Benchmark 2026
(CT-DEB’26) was organized as an open shared task
with the goal of benchmarking ML approaches for
predicting dosing error risk in interventional clinical
trials. The challenge was hosted on the CodaBench
platform? and is part of the CL4Health workshop at
LREC 2026. Emphasis was placed on reproducibil-
ity, transparency of methodology, and realistic eval-
uation of prospective trial-level risk prediction.

3.1.

Participants were tasked with predicting, for each
clinical trial protocol in the dataset, the probabil-

Task Definition

2https ://www.codabench.org/

Table 5: Overview of the CT-DEB dataset.

ity that the trial would exhibit an elevated rate of
dosing errors during its execution. Formally, given
a feature vector x; describing trial 7, models were
required to estimate a scalar probability §; € [0, 1]
corresponding to the likelihood of the positive class,
wheras the prediction target was a binary label as
described in Section 2.

Submissions consisted exclusively of trial-level
probability estimates, one per trial, identified by the
unique ClinicalTrials.gov identifier (nctid). Par-
ticipants were free to use any modeling approach,
including classical ML, deep learning, or hybrid
methods, provided that predictions were generated
locally and only inference outputs were submitted
for evaluation.

3.2. Challenge Phases

CT-DEB’26 was conducted in two sequential
phases. During Phase 1 (validation phase), par-
ticipants were provided with labeled training data
and a validation set in which the target labels were
masked. This phase was intended to support
model development, hyperparameter tuning, and
exploratory analysis, while preventing leaderboard
overfitting. Fifteen teams submitted valid predic-
tions during this phase.

Phase 2 (test phase) evaluated generalization
performance on a held-out test set with no re-
leased labels. Leaderboards remained hidden dur-
ing the active phase and were revealed only after
the submission deadline. Four teams submitted
final predictions during Phase 2, two of which (AL-
Smadi, 2026; Hamnett et al., 2026) subsequently
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contributed full technical papers to the CL4Health
workshop.

3.3. Evaluation Protocol

Submitted predictions were evaluated by compar-
ing the estimated probabilities against the ground
truth labels on the hidden validation or test sets.
The primary evaluation metric used for leaderboard
ranking was the area under the receiver operating
characteristic curve (ROC-AUC), which evaluates
the ability of a model to rank positive instances
above negative ones independently of a fixed deci-
sion threshold. Given the strong class imbalance of
the dataset, additional metrics such as sensitivity,
specificity, macro-F,, balanced accuracy, and Brier
score were also reported to provide complementary
perspectives on model performance.

In addition to ROC-AUC, several secondary met-
rics were reported for descriptive purposes, includ-
ing macro-averaged F; score, sensitivity, specificity,
and balanced accuracy. These metrics provide
complementary insights into model behavior under
different operating points, particularly with respect
to minority-class detection.

All submissions were executed locally by partic-
ipants, and only prediction files in a standardized
CSV format were uploaded to the platform. No train-
ing or inference was performed on the CodaBench
servers.

4. Results

4.1. Baseline

An official baseline was established to provide a
reference point for the CT-DEB’26 shared task and
to contextualize participant submissions. The base-
line model is based on a CatBoost classifier (Doro-
gush et al., 2018) trained on the structured compo-
nents of the dataset, with explicit handling of het-
erogeneous feature types derived from the dataset
schema.

Schema-aware feature grouping: The dataset
released for the shared task exposes a structured
schema through the Hugging Face dataset inter-
face, which specifies the semantic type of each
feature (e.g., numerical value, categorical label,
or sequence of labels). The baseline pipeline au-
tomatically parses this schema and partitions the
input variables into four groups: (i) numerical fea-
tures (e.g., enrollment counts, number of arms,
and number of interventions), (ii) scalar categorical
features corresponding to controlled vocabularies
(e.g., primary purpose, masking strategy, or partici-
pant sex), (iii) list-valued categorical features rep-
resenting multi-label protocol attributes (e.g., trial

phases, intervention types, or arm group types),
and (iv) free-text fields extracted from registry en-
tries and protocol documents. This automatic rout-
ing ensures that each feature type is processed
using a transformation compatible with its underly-
ing structure.

Feature preprocessing. Numerical variables are
used directly as scalar inputs. Scalar categorical
variables are encoded using one-hot representa-
tions derived from their predefined vocabularies.
List-valued categorical variables are transformed
using multi-hot encoding, where each possible cat-
egory is represented by a binary indicator reflect-
ing its presence within a given trial. Textual fields
are intentionally processed using a minimal repre-
sentation rather than deep linguistic models: each
string-valued field is converted into a single numeric
feature corresponding to its character length. This
applies both to long-form narrative fields (e.g., trial
summaries or protocol descriptions) and shorter
string-valued registry attributes. This design choice
keeps the baseline lightweight while emphasizing
the predictive signal contained in structured trial
metadata rather than relying on semantic modeling
of protocol text.

Model training: The resulting tabular feature ma-
trix is used to train a CatBoost classifier (Doro-
gush et al., 2018), a gradient-boosted decision tree
model designed for heterogeneous tabular data.
CatBoost was selected because of its strong em-
pirical performance on structured datasets and its
ability to handle categorical features efficiently. The
model is trained on the official training split, with pre-
dictions expressed as probabilities for the positive
class (elevated dosing error risk). These proba-
bilities are used directly for evaluation using the
ROC-AUC metric specified by the shared task.

The baseline therefore establishes a strong tab-
ular reference point against which more complex
multimodal approaches incorporating deep text rep-
resentations can be evaluated.

Baseline performance: Despite its relatively sim-
ple design, the CatBoost baseline achieved strong
performance and ranked first in both phases of the
challenge. Onthe Phase 1 (validation) leaderboard,
the baseline obtained an ROC-AUC of 0.8606, with
a macro-F; score of 0.6291 and a balanced accu-
racy of 0.7062. On the Phase 2 (test) leaderboard,
it achieved an ROC-AUC of 0.8624, with a macro-F,
score of 0.6276 and a balanced accuracy of 0.7291.
These results indicate that a schema-aware tabular
learning approach already captures a substantial
portion of the signal relevant for trial-level dosing
error risk prediction, highlighting the importance of
structured trial design variables.
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4.2. Submissions

Participation overview: The shared task at-
tracted 15 official submissions during Phase 1 and
4 submissions during Phase 2.

Leaderboard summary: InPhase 1, several sub-
missions achieved ROC-AUC scores close to that
of the baseline, with the best non-baseline entry
reaching 0.8599.

In Phase 2, the highest-ranking non-baseline
submission achieved an ROC-AUC of 0.8466, fol-
lowed by a submission with a ROC-AUC of 0.8231.

Tables 6 and 7 present the official leaderboards
for Phases 1 and 2, respectively, sorted by ROC-
AUC.

Submissions with accompanying papers: Two
submissions were accompanied by technical pa-
pers presented at the CL4Health workshop, offering
complementary methodological perspectives.

ALSmadi (AL-Smadi, 2026): This submission
adopts a feature-engineering—driven approach cen-
tered on gradient-boosted decision trees (Light-
GBM) trained on a high-dimensional representa-
tion of trial text. The authors construct a 3,451-
dimensional feature space combining: (i) sparse
lexical features (TF-IDF word unigrams and char-
acter n-grams), (i) dense sentence embeddings
(all-MiniLM-L6-v2) (Reimers and Gurevych, 2019;
Wang et al., 2020), (iii) domain-inspired pattern
features capturing dosing units, routes of admin-
istration, dosing frequency expressions, dose ad-
justments, and related cues, and (iv) scalar proba-
bility scores produced by fine-tuned transformer
classifiers (BiomedBERT (Gu et al., 2021) and
DeBERTa-v3 (He et al.,, 2021)). The model is
trained using a stratified 5-fold ensemble with class-
weighted loss to address the severe class imbal-
ance of the dataset. Through systematic ablation
experiments, the authors show that sentence em-
beddings contribute the largest individual perfor-
mance gain, while sparse lexical features remain
strongly complementary despite the presence of
modern embedding methods. Their analysis further
reveals that feature selection can improve predic-
tive performance: restricting the model to the top
500—-1000 most informative features yields slightly
higher cross-validation ROC-AUC than using the
full feature space, suggesting that aggressive fea-
ture selection acts as a regularization mechanism
in the high-dimensional setting. Excluding the base-
line, the corresponding participant ranked first in
both phases (ROC-AUC: 0.8599 in Phase 1; 0.8466
in Phase 2).

Hamnett et al. (Hamnett et al., 2026): This
submission investigates domain-specific trans-
former encoders as the primary mechanism for

representing protocol text and compares several
biomedical language models, including Clinical-
BERT (Alsentzer et al., 2019), PubMedBERT (Gu
et al.,, 2021), BioBERT (Lee et al., 2020), and
MedCPT (Jin et al., 2023). The authors embed
multiple CT textual fields (e.g., brief summary, de-
tailed description, arm and intervention descrip-
tions) using mean-pooled transformer representa-
tions, then combine these embeddings with one-
hot encoded categorical trial design variables (in-
cluding intervention model, allocation, oversight,
and phase). The resulting representations are
evaluated using a range of downstream classi-
fiers and neural architectures—including logistic
regression and support vector classifiers, gradient-
boosting models (XGBoost/LightGBM), and feed-
forward networks with residual connections. The
authors also explore the role of class weighting in
mitigating the strong class imbalance present in
the dataset. Across their experiments, BioBERT
yielded the strongest text representations among
the evaluated encoders, whereas concatenating
embeddings from multiple transformer models did
not provide additive gains in their experimental set-
ting. Excluding the baseline, the corresponding
submission ranked second in Phase 2 (ROC-AUC:
0.8231).

Methodological observations: Although the two
submissions adopt different modeling paradigms,
they share several common design choices. First,
both approaches combine textual representations
with structured trial metadata derived from Clinical-
Trials.gov registry records.

Second, both studies confirm that classical ML
models such as gradient boosting remain highly
competitive for this task, achieving performance
comparable to more complex neural architectures
when trained on sufficiently informative representa-
tions. Finally, both systems emphasize the comple-
mentary roles of lexical and semantic text features:
sparse textual cues (e.g., domain-specific vocabu-
lary or dosing expressions) and dense contextual
embeddings capture different aspects of protocol
descriptions and together contribute to improved
predictive performance. These findings illustrate
the diversity of viable modeling strategies for the CT-
DEB’26 task and suggest that hybrid approaches
combining structured trial metadata with semanti-
cally rich text representations constitute a promising
direction for future research.

Observed performance characteristics:
Across both phases, submissions exhibited diverse
operating behaviors, with some models favoring
conservative predictions with very high specificity
and others prioritizing sensitivity to detect a larger
fraction of trials with elevated dosing error risk.
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Submission ROC- F1

Sensitivity Specificity Bal. Acc. Brier score Rank

AUC (macro)
Baseline 0.8606 0.6291 0.4950 0.9174 0.7062 0.0747 -
(AL-Smadi, 2026)_475872 0.8599 0.5166 0.0301 0.9990 0.5146 0.0434 1
IDEAMCVG_459849 0.8561 0.5101 0.8930 0.6791 0.7860 0.1848 2
ahajighasem_449348 0.8561 0.5101 0.8930 0.6791 0.7860 0.1848 2
kzan25_460627 0.8561 0.5101 0.8930 0.6791 0.7860 0.1848 2
uccaeid_480109 0.8561 0.5101 0.8930 0.6791 0.7860 0.1848 2
mshamani_459802 0.8555 0.5204 0.8528 0.7037 0.7783 0.1885 6
5Gmodels_459893 0.8495 0.5076 0.8729 0.6789 0.7759 0.2001 7
MLtests_465716 0.8490 0.5425 0.7960 0.7497 0.7728 0.1629 8
msha25_465724 0.8489 0.5206 0.8294 0.7088 0.7691 0.1791 9
TCVG_465640 0.8460 0.5362 0.8227 0.7346 0.7787 0.1875 10
alha35_465681 0.8460 0.5362 0.8227 0.7346 0.7787 0.1875 10
mehla40_465693 0.8460 0.5362 0.8227 0.7346 0.7787 0.1875 10
IAU CV team_465636 0.8460 0.5362 0.8227 0.7346 0.7787 0.1875 10
farhankhan_462617 0.8426 0.5157 0.7960 0.7078 0.7519 0.1796 14
yanhh_zry 474851 0.5000 0.4879 0.0000 1.0000 0.5000 0.0473 15

Table 6: Official Phase 1 (validation) leaderboard for CT-DEB’26, sorted by ROC-AUC.

Submission IZ%% (m::ro) Sensitivity Specificity Bal. Acc. Brier score Rank
Baseline 0.8624 0.6276 0.5676 0.8906 0.7291 0.0865 -
(AL-Smadi, 2026)_530456 0.8466 0.5072 0.0235 0.9963 0.5099 0.0466 1
(Hamnett et al., 2026)_510369 0.8231 0.5010 0.8588 0.6529 0.7559 0.1838 2
MLtests_511064 0.5000 0.4862 0.0000 1.0000 0.5000 0.0538 3
5Gmodels_511131 0.5000 0.4862 0.0000 1.0000 0.5000 0.0538 3

Table 7: Official Phase 2 (test) leaderboard for CT-DEB’26, sorted by ROC-AUC.

This diversity is visible in the leaderboard. For ex-
ample, the (AL-Smadi, 2026) submission achieves
extremely high specificity but very low sensitivity
in both phases (Phase 1 sensitivity: 0.0301;
Phase 2 sensitivity: 0.0235), indicating a highly
conservative strategy that flags very few trials as
high risk. In contrast, the (Hamnett et al., 2026)
submission favors sensitivity (Phase 2 sensitivity:
0.8588) at the expense of specificity (0.6529),
reflecting a more aggressive detection strategy that
identifies most positive trials while producing more
false positives. While ROC-AUC served as the
primary ranking metric, the additional evaluation
measures provide complementary perspectives on
model behavior under different operating points.
Overall, the results illustrate that CT-DEB’26
supports meaningful comparison of modeling
strategies ranging from schema-aware tabular
baselines to text-centric and hybrid approaches.

4.3. Discussion and Lessons Learned

The results of the CT-DEB’26 shared task highlight
several important observations regarding the pre-
diction of dosing errors from clinical trial protocols.

First, the strong performance of the CatBoost
baseline demonstrates that a substantial portion of
the predictive signal is already captured by struc-
tured trial metadata and high-level protocol descrip-

tors. Despite relying only on simple statistics de-
rived from textual fields and schema-aware pro-
cessing of tabular variables, the baseline achieved
the highest ROC-AUC in both phases. This sug-
gests that features related to trial design (e.g., in-
tervention types, masking strategy, study phase,
and enrollment characteristics) contain meaningful
information about the operational complexity of a
trial and therefore about the potential risk of dosing
errors.

Second, the submissions illustrate complemen-
tary modeling paradigms for leveraging the rich
textual information contained in trial documenta-
tion. The feature-engineering approach of ALS-
madi (AL-Smadi, 2026) demonstrates that care-
fully constructed lexical and semantic representa-
tions combined with gradient-boosted models can
effectively capture dosing-related patterns in pro-
tocol descriptions. In contrast, the work of Ham-
nett et al. (Hamnett et al., 2026) emphasizes the
role of biomedical transformer models for produc-
ing contextualized text embeddings. Despite these
methodological differences, both approaches con-
firm that hybrid models combining structured trial
variables with textual representations provide the
most promising direction for this task.

Third, the leaderboard results highlight the im-
portance of considering multiple evaluation met-
rics when analyzing system behavior under strong
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class imbalance. While ROC-AUC served as the
primary ranking metric because it evaluates the
ability of models to discriminate between positive
and negative trials independently of a fixed decision
threshold, the additional metrics provide important
complementary perspectives. For example, some
submissions achieved high ROC-AUC values while
exhibiting extremely low sensitivity, indicating highly
conservative prediction strategies that identify only
a small fraction of trials with elevated dosing error
risk. Conversely, other systems achieved higher
sensitivity but substantially lower specificity, leading
to larger numbers of false positive predictions. The
Brier score further provides insight into the calibra-
tion quality of probabilistic predictions by measuring
how closely predicted probabilities align with ob-
served outcomes. Such calibration properties may
be particularly relevant for potential downstream
use of these models in risk assessment or decision-
support settings.

Despite these encouraging results, several lim-
itations of the current benchmark should be ac-
knowledged. The dataset is derived from publicly
available ClinicalTrials.gov registry entries and as-
sociated protocol documents, which provide only
a partial view of the full operational complexity of
clinical trials. In practice, dosing errors may arise
from detailed procedural instructions, investigator
decisions, or site-level deviations that are not fully
captured in registry metadata. Moreover, the binary
formulation of the task collapses potentially hetero-
geneous types of dosing errors into a single label,
whereas real-world scenarios may require distin-
guishing between different categories of protocol
deviations (e.g., incorrect dose amount, timing de-
viations, or administration route errors). As a result,
the benchmark should be viewed primarily as a
proxy task for studying trial-level risk signals rather
than as a complete operational detection system.

Another challenge concerns the difficulty of inter-
preting model predictions in a regulatory or clinical
quality assurance context. While gradient-boosting
models allow feature importance analysis, the influ-
ence of textual features remains difficult to interpret
at a semantic level. Developing explainable ap-
proaches that identify specific protocol elements
or linguistic patterns associated with dosing error
risk would be an important step toward practical
deployment.

These observations suggest several directions
for future research. One promising avenue is the
application of more advanced natural language
processing techniques to extract structured dosing
instructions directly from full protocol documents.
For example, information extraction systems could
identify dosage amounts, schedules, administration
routes, and protocol modification rules from long-
form protocol PDFs with non-uniform structures,
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enabling more fine-grained modeling of dosing com-
plexity. Another direction involves the systematic
study of feature importance and model explain-
ability, including techniques such as SHAP analy-
sis (Lundberg and Lee, 2017) or attention-based
attribution methods, to better understand which as-
pects of trial design contribute most strongly to pre-
dicted risk. Finally, future datasets could incorpo-
rate richer supervision signals, including multi-class
taxonomies of medication errors or annotations of
specific protocol deviations, enabling models that
move beyond binary risk prediction toward more
actionable clinical insights.

Overall, the CT-DEB’26 shared task provides a
first benchmark for studying dosing error prediction
from clinical trial protocols and highlights both the
promise and the challenges of applying ML to this
safety-critical problem.

5. Conclusions

This paper presented an overview of the CT-
DEB’26 shared task on predicting dosing errors
in interventional clinical trials. The task introduced
a new benchmark dataset derived from ClinicalTri-
als.gov that combines structured trial design vari-
ables with long-form textual protocol descriptions.
By framing dosing error prediction as a ML problem,
the challenge aimed to stimulate research at the in-
tersection of clinical trial methodology, medication
safety, and natural language processing.

The shared task attracted a diverse set of mod-
eling approaches. While the official baseline relied
on a schema-aware tabular learning pipeline us-
ing structured trial metadata, participating teams
explored complementary strategies incorporating
richer textual representations, including large-scale
feature engineering pipelines and transformer-
based biomedical language models. The results
demonstrate that structured trial design features al-
ready provide substantial predictive signal for iden-
tifying trials at risk of dosing errors, while textual
representations can provide complementary infor-
mation about protocol details and dosing instruc-
tions.

Another important direction concerns model in-
terpretability and explainability. In order for predic-
tive models to be used in clinical trial planning or
quality assurance settings, it is essential to under-
stand which aspects of trial design contribute most
strongly to predicted dosing error risk. Techniques
for feature attribution and explainable ML may there-
fore play a key role in translating predictive models
into actionable insights for trial designers and regu-
latory stakeholders.

Finally, advances in natural language process-
ing offer opportunities to extend this benchmark
by extracting more detailed dosing-related infor-



mation from full protocol documents. Methods for
structured information extraction from long proto-
col PDFs could enable richer representations of
dosing schedules, administration rules, and proto-
col modifications. Such developments would move
beyond trial-level risk prediction toward automated
identification of potential dosing issues during the
early design stages of clinical studies.

Overall, CT-DEB’26 represents a step toward the
development of data-driven methods for improving
medication safety in clinical research. We hope
that the dataset, baseline models, and shared task
results will provide a useful foundation for future
work on ML methods supporting safer and more
efficient clinical trial design.
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