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Abstract

Objectives: To describe the characteristics and publication outcomes of clinical prediction model studies registered on clinicaltrials.gov
since 2000.

Study Design and Setting: Observational studies registered on clinicaltrials.gov between January 1, 2000, and March 2, 2022,
describing the development of a new clinical prediction model or the validation of an existing model for predicting individual-level prog-
nostic or diagnostic risk were analyzed. Eligible clinicaltrials.gov records were classified by modeling study type (development, validation)
and the model outcome being predicted (prognostic, diagnostic). Recorded characteristics included study status, sample size information,
Medical Subject Headings, and plans to share individual participant data. Publication outcomes were analyzed by linking National Clinical
Trial numbers for eligible records with PubMed abstracts.

Results: Nine hundred twenty-eight records were analyzed from a possible 89,896 observational study records. Publications searches
found 170 matching peer-reviewed publications for 137 clinicaltrials.gov records. The estimated proportion of records with 1 or more
matching publications after accounting for time since study start was 2.8% at 2 years (95% CI: 1.7%, 3.9%), 12.3% at 5 years (9.8%
to 14.9%) and 27% at 10 years (23% to 33%). Stratifying records by study start year indicated that publication proportions improved over
time. Records tended to prioritize the development of new prediction models over the validation of existing models (76%; 704/928 vs. 24%;
182/928). At the time of download, 27% of records were marked as complete, 35% were still recruiting, and 14.7% had unknown status.
Only 7.4% of records stated plans to share individual participant data.

Conclusion: Published clinical prediction model studies are only a fraction of overall research efforts, with many studies planned but
not completed or published. Improving the uptake of study preregistration and follow-up will increase the visibility of planned research.
Introducing additional registry features and guidance may improve the identification of clinical prediction model studies posted to clinical
registries. © 2024 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).
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1. Introduction making. Current interest in applying machine learning
methods for clinical prediction [1,2] would suggest that
clinical prediction model studies are a relatively new field.
Yet prediction models have been developed for many years
using regression methods, and there are several well-known
examples being used in practice, for example, the Framing-
ham risk score for coronary heart disease [3], and the Not-

tingham Prognostic Index for breast cancer [4]. These

Diagnostic and prognostic risk information contributes
to decisions that affect patients’ health. Clinical prediction
models estimate patient risk by applying regression or ma-
chine learning models to data available during decision-
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successes, combined with the promises made by big data
and personalized medicine, have spurred an explosion of
clinical prediction model publications [5], describing newly
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What is new?

Key findings
e Clinicaltrials.gov is being used more to register
clinical prediction model studies.

e Planned studies prioritize developing new models
over evaluating existing models.

e 27% of study registrations published their planned
prediction model study within 10 years of
registration.

What this adds to what was known?
e Nonpublication of clinical prediction model
studies is a source of research waste.

What is the implication and what should change

now?

e Better visibility of planned models is needed to
reduce waste from duplication.

e Methods to follow-up study outcomes and model
uptake can proactively reduce waste.

developed models or findings from evaluating existing
models in new patient cohorts.

The premise that clinical prediction models will advance
personalized medicine has regrettably been met with signif-
icant research waste. Systematic reviews have identified
waste across several clinical areas [6—10], driven by poor
study design, inappropriate statistical methods, and poor re-
porting. These sources of bias are partly driven by spin
practices, where researchers have likely exaggerated pre-
diction model performance to increase their chances of
publication [11,12]. Expert-led initiatives to address these
issues have sought to improve the quality of clinical predic-
tion model studies and their critical appraisal during peer
review and postpublication [13,14]. While these initiatives
have led to modest improvements in conduct and reporting
among published studies [15], it is also possible that their
introduction has made it more difficult for both poorly de-
signed and ‘“‘negative” studies to get published.

Poorly designed and incompletely reported studies are 2
important sources of avoidable research waste [16]. Nonpu-
blication is a third source of waste, where planned studies
are never published, possibly because analysis was not
feasible based on available data or analysis results were
disappointing. Study registration and protocols aim to
reduce publication bias by making study details available
before research starts, which can then be linked to publica-
tions [17]. If publication bias exists in the clinical predic-
tion model literature, then more models will have been
planned but never completed or completed but never

published. We tested this hypothesis by analyzing data on
studies registered with clinicaltrials.gov that proposed
developing or evaluating a clinical prediction model.
Clinicaltrials.gov is an online study registry that was
launched in 2000 to improve access to information on
planned, ongoing and completed clinical studies [18]. Our
analysis summarized the characteristics of planned predic-
tion models and publication outcomes, as an indicator of
research waste.

2. Materials and Methods

We analyzed clinical prediction model studies registered
with clinicaltrials.gov from January 1, 2000, when clinical
trials.gov was established, to March 3,2022. Record-level data
were downloaded from clinicaltrials.gov in XML format. Indi-
vidual records were indexed by National Clinical Trial (NCT)
number. All data processing and analysis were performedin R.
Code developed for this research is available from https://
github.com/nicolemwhite/prediction_clinicaltrials.

2.1. Record screening

Eligible records were found through keyword searches,
followed by manual record screening. A record was re-
turned if it contained one or more of the terms: ‘“machine
learning,” “‘artificial intelligence,” ‘“‘deep learning,” “‘pre-
diction model,” “‘predictive model,” ‘‘prediction score,”
“predictive score,” “warning score,” “risk score,” ‘‘risk
prediction,” “prognostic model,” and “‘diagnostic model.”
Terms were combined with “prognos*” or ‘“‘diagnos*” to
identify diagnosis and prognosis applications. Search terms
were applied to record titles, descriptions, outcome mea-
sures, and keywords. Searches were filtered to observa-
tional (noninterventional) study types only, therefore
removing models being trialled in a prospective research
study [19]. Identified records were manually reviewed by
at least 2 authors to determine final eligibility. Review de-
cisions were based on details stated in the clinicaltrials.gov
record only. A formal sample size calculation was not used,
as we aimed to include all eligible studies based on infor-
mation available at the time of screening.

LEINT3 9

2.2. Inclusion and exclusion criteria

Studies that planned the development and validation of a
new prediction model or the validation of an existing pre-
diction model were included. No restrictions were placed
on modeling methods (eg, regression and machine learning
methods). Studies that planned to extend (eg, add new pre-
dictors) or update (eg, recalibrate) an existing model were
included; these instances were classified as model develop-
ment or model development and validation within the same
study based on text descriptions [14]. Records could
describe clinical prediction modeling as the primary
research objective or an objective within a larger study.
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Records that described identifying or validating prognostic
factors or “‘biomarkers’” [20] without reference to the sub-
sequent multivariable modeling for individualized predic-
tion were excluded.

Model outcomes were classified broadly as diagnostic or
prognostic, using the stated outcome of interest and time
horizon for prediction [21]. Records were marked as un-
known if there were insufficient details to determine either
the study type or the model’s predicted outcome.

Eligible records described models for predicting
individual-level risk. Model predictors could include
patient-level characteristics (eg, demographics) or pro-
cessed features (eg, extracted from medical images), with
or without group-level variables (eg, socioeconomic status).
Models that contained only group-level variables were
excluded.

2.3. Data extraction

Extracted data on eligible records included study start
and end dates, overall study status, Medical Subject Head-
ings (MeSH), sample size details, sponsorship/funding, and
plans to share individual participant data. Additional data
from record histories captured updates to sample sizes
and study status after registration.

Manual review coded the planned outcomes to be pre-
dicted by the model (prognostic, diagnostic, or both), and
study type (model development, validation, or both).
Final codings were validated by 4 authors (NW, RP,
DB, AB) by manually re-reviewing a 20% random sam-
ple. Finally, we checked for duplicate study registrations
to account for the possibility of the same study being
registered under multiple NCT numbers. Potential dupli-
cates were identified by applying the Jaccard similarity
index to record titles [22]. Record pairs with a Jaccard
index greater than 0.5 were manually reviewed and
excluded as appropriate.

2.4. Publication matching

Identifying publications involved reviewing titles and
abstracts for all NCT-linked papers and papers submitted
by study investigators to clinicaltrials.gov records with a
known PubMed identifier (PMID). NCT-linked papers were
found in 2 ways. First, we reviewed all papers that were
automatically populated by clinicaltrials.gov. Second, we
used the R package rentrez to search for instances of each
NCT number cited in PubMed abstracts as metadata or in
the abstract text.

Additional publications were identified by using a web-
based tool that was developed for finding clinical trial re-
sults [23]. To improve the chances of finding a match and
keep the number of candidate publications reviewed
manageable, PMIDs found by the machine learning classi-
fier were filtered to hits from a verified MEDLINE search
strategy for finding clinical prediction model studies [24].

The PMID with the highest similarity score after filtering
was reviewed as a potential matching publication.

We excluded PMIDs where the publication date was
before the clinicaltrials.gov record registration date, and
duplicates (eg, online version ahead of print).

For NCT numbers with one or more matching publica-
tions, time to publication was defined as the time between
the study start date reported in clinicaltrials.gov and the first
publication date on PubMed.

2.5. Statistical analysis

Time to publication was estimated using cumulative
incidence functions. Our primary analysis estimated the
proportion of all records with one or more matching pub-
lications up to 10 years since study start (as recorded in
the clinicaltrials.gov record). Right censoring was applied
to records at 10 years since study start or the last search
date (November 17, 2023), whichever occurred first.
Sensitivity analyses were conducted by fitting stratified
cumulative incidence functions to examine publication
outcomes based on the study start year. We further
compared functions for NCT-linked abstracts with and
without matching publications identified by the machine
learning classifier.

Results were summarized by MeSH descriptors, to
examine studies across different health conditions. Descrip-
tors were used as listed, and aggregated to major disease
concepts, based on the 2022 MeSH tree structure [25]. Re-
cord status histories were summarized as stacked probabil-
ity plots, up to 10 years following record registration.
Records are marked as unknown by clinicaltrials.gov if
they had passed their study end date, for studies yet to be
completed, or had not been updated in the last 2 years
[26]. Records with missing data were excluded from the de-
nominator of corresponding descriptive statistics.

3. Results
3.1. Search results

Targeted keyword searches returned 1465 records, from
a possible 89,869 observational studies (Fig 1). Keywords
were most found in record description fields, and matches
to planned modeling approaches (eg, deep learning) were
more frequent than generic model descriptors (eg, warning
score) (Supplementary Figure 1). Manual review confirmed
940 records for inclusion. The final sample size was 928 re-
cords after removing duplicates.

3.2. Publication outcomes

We identified and extracted 697 NCT-linked or
investigator-submitted publications, from 254 clinicaltrials.
gov records. Review outcomes confirmed 170 matching pub-
lications attributed to 137 clinicaltrials.gov records. Of these
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89,869 observational study records posted on clinicaltrials.gov
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Figure 1. clinicaltrials.gov search strategy, record classification, and publication outcomes.

matching publications, 152 publications were NCT-linked or (n=43)and multivariable analyses (n = 32). Arandom subset
investigator-submitted, and 18 were identified by the machine of matching publication titles is in Supplementary File 1.

learning classifier. Unmatched abstracts included study proto-

cols (n = 46), biomarker/adjusted prognostic factor studies of

These results led to an observed publication proportion
14.8%. Publication proportions

among MeSH
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Table 1. Clinical prediction model study publication rates for common
MeSH descriptors included in clinicaltrials.gov records

clinicaltrials.gov Matching Publication
MeSH descriptor records found publications rate (%)
Chest pain 11 5 46
Carcinoma, 8 3 38
hepatocellular
Syndrome 19 7 37
Prostatic 9 3 33
neoplasm
Heart failure 24 7 30
Coronary artery 29 6 21
disease
Emergencies 21 4 19
Critical illness 11 2 18
Atrial fibrillation 20 3 15
Colorectal 14 2 14
neoplasms
Sepsis 14 2 14
Breast 30 4 13
neoplasms
Diabetic 8 1 13
retinopathy
Parkinson 9 1 11
disease
Stomach 9 1 11
neoplasms
CovID-19 46 5 11
Stroke 22 2 9
Atherosclerosis 11 1 9
Lung neoplasms 19 0 0
Acute kidney 13 0 0
injury

MeSH, Medical Subject Headings.

descriptors were highest for Chest Pain (n = 5/11; 46%)
and Hepatocellular Carcinoma (n = 3/8; 38%) (Table 1).
No matching publications were found for Lung Neoplasms
and Acute Kidney Injury.

The median time to publication for matched records was
3.5 years (IQR: 2.2 to 6.1 years). Cumulative incidence
functions for time to publication accounting for censoring
showed steady publication increases over 10 years (Fig
2A). Estimated publication rates were 2.8% at 2 years
95% CI: 1.7%, 3.9%), 12.3% at 5 years (95% CI: 9.8%,
14.9%) and 27.8% at 10 years (95% CI: 22.6%, 33.0%)
(Fig 2A). Publication rates at 2 years varied between 0%
and 4.2% when stratified by study start year, and cumula-
tive publications improved in later years (Fig 2B). Results
stratified by publication matching strategy are presented
in Supplementary Figure 2. Sensitivity analyses showed
slightly higher publication rates for combined development
and validation studies compared with development-only

studies (Supplementary Figure 3). No discernible differ-
ences in publication outcomes were found between studies
that predicted diagnostic vs prognostic outcomes
(Supplementary Figure 4).

3.3. Record status over time

At the time of download, 326 records (35%) were
marked as recruiting participants, and 252 (27%) records
were marked as complete (Table 2). Seventy-four records
(7.9%) were stated as complete at the time of registration
(Fig 3). Approximately half of the records were registered
between 2020 and 2022 (Fig 4A).

3.4. Modeling study type

Study registration emphasized developing new
models over validating existing models (Fig 4B). One
in 3 model development studies mentioned validation
as part of the same study (252/704 records); however,
less than half stated specific validation methods to be
used. Nonstandard terminology to describe model vali-
dation was the primary source of reviewer disagree-
ment, based on our random sample (11/180 records
reassessed; 6.1%). The remaining disagreements were
due to poor reporting; all were originally marked as
unclear study types (n = 4). Validation studies were
the least common study design across major disease
groups (Supplementary Figure 5).

Targeted keyword searches largely found records based
on a single keyword, or as a combination of “Artificial In-
telligence”, “Machine Learning” and/or “Deep Learning”
(Fig 5). Other common matches to a single keyword were
“Prediction model” (n = 86), “Risk score” (n = 70)
and ‘“‘Predictive model” (n = 66).

3.5. Model outcomes

Fifty-eight percent of records (n = 543) described pre-
diction modeling for prognostic outcomes. Prognostic
modeling studies were consistently more common than
diagnostic outcomes over major disease concepts and over
time (Supplementary Figures 5 and 6). MeSH descriptor
summaries for prognostic outcomes found 33 records on
COVID-19, 21 on coronary artery disease, and 19 records
each on heart failure and stroke. MeSH descriptors for
diagnostic outcomes included 18 for COVID-19, 17 for
breast neoplasms, 14 for diabetes, and 13 records each
for retinal diseases, polyps, and atrial fibrillation
(Supplementary File 2).

3.6. Other record information

Most records included sample size information, albeit
only an anticipated sample size (n = 557, 60%; Table 2).
The Bland-Altman plot of planned and actual sample sizes
showed average sample sizes were concentrated between
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115 (10th percentile) and 6200 (90th percentile)
(Supplementary Figure 8). The mean actual to planned
sample size ratio was 0.92, indicating that final sample
sizes were slightly lower than planned. There was little
intention to share individual participant data (n = 66;
7.1%; Supplementary File 3).

Approximately 1in20 records were industry-sponsored, and
1in 100 were sponsored by US federal agencies (Table 2). Com-
mon sponsor types for remaining records (n = 874) were univer-
sities (239; 27%) and hospitals (450; 52%). Grant funding was
reported as metadata in 43 records (4.5%).

4. Discussion

Clinical prediction model studies should be scrutinized due
to their potential to influence patient-level decision-making.
Systematic and scoping reviews have evaluated factors that

affect published model quality and revealed flaws in study
design, analysis, and reporting. Our analysis expands this ev-
idence base to evaluate study registration and the follow-up of
planned clinical prediction model studies. The finding that re-
sults for only around 1 in 3 registered studies were published is
disappointing but not unexpected compared to publication
rates for other registered study designs [27—33].

The large nonpublication uncovered here challenges the
hype surrounding clinical prediction research. Successfully
predicting a patient’s diagnosis or prognosis can help
inform decision-making, but obtaining accurate predictions
are difficult to do well. The QRISK3 tool for 10-year car-
diovascular risk [34] and the National Early Warning Score
[35] for sepsis risk stratification are rare examples of
high-quality and widely validated prediction models that
are recommended in clinical guidelines. These models are
implemented in practice as simple scoring systems that
use demographic and clinical variables available at the time
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Table 2. Record characteristics extracted from clinicaltrials.gov

Characteristic Total records, n (%)

Overall status

Recruiting 326 (35%)
Completed 252 (27%)
Unknown status 136 (15%)
Not yet recruiting 109 (12%)
Active, not recruiting 72 (7.8%)
Enrolling by invitation 24 (2.5%)
Suspended/terminated/withdrawn 9 (1.0%)
Sample size information available
Anticipated only 557 (60%)
Actual only 97 (10%)
Anticipated and actual 267 (29%)
Not mentioned 7 (0.8%)
Plan to share individual participant data®
Yes 58 (7.4%)
No 338 (43%)
Undecided 181 (23%)
Not mentioned 209 (27%)
Grant funding reported 42 (4.5%)
Lead sponsor type
Industry 45 (4.8%)
United States government” 96 (1.0%)
Other 874 (94%)
Other sponsor types®
University 239 (27%)
Hospital 450 (52%)
Academic centers/Research institutes 53 (6.1%)
Societies/foundations 11 (1.3%)
Other 121 (14%)

@ Only for studies posted since January 1, 2016 (n = 786).

b Combines registry categories National Institutes of Health
(n = 6) and U.S. Federal government (n = 3).

¢ n = 874; Categories determined from word and bigram analysis
of lead sponsor information reported in clinicaltrials.gov record. Hos-
pital includes university teaching hospitals and academic medical
centers.

of decision-making. Systematic reviews comparing
regression-based predictions to predictions made by more
complex models have shown that the latter often provide
similar or worse performance [36,37].

Study registration and protocols are uncommon for clin-
ical prediction model studies [38] despite being recommen-
ded as a strategy to improve research transparency [39,40].
Awareness of planned studies can reduce the chances of
duplication and, therefore, potentially wasted research ef-
forts [41,42]. That at least some models were registered
is a promising sign that researchers are making a concerted
effort to improve the visibility of planned clinical predic-
tion model studies. However, our finding that developing

new models was far more popular than evaluating existing
models indicates that researchers may not be doing their
due diligence by searching for similar models already
developed [43].

There are likely several reasons why a clinical prediction
model study is planned but not published. Developing or
validating a clinical prediction model depends on collecting
sufficient data to produce accurate predictions [44]. Sample
sizes reported in this analysis varied, and few provided a
sample size justification. Several studies in this analysis
proposed the establishment of a patient data registry as an
objective before planned prediction modeling. Prospective
data collection by patient registries can support targeted
research in well-defined patient populations, however, sub-
sequent data collection burden and resources needed to
maintain data quality can impact recruitment targets [45].
Another reason for nonpublication is that funding for pre-
diction models is relatively uncommon. A recent study that
included all interventional studies registered on
clinicaltrials.gov reported that 27% had industry as a lead
sponsor, which is much higher than the 4.8% in our sample
[46]. Trials and other interventional studies may generally
have more funding than prediction models, and this could
partly explain the higher nonpublication rate shown here
compared with registered trials [47].

Nonpublication may itself be due to journal-initiated
publication bias, where studies may be less likely to be
accepted for publication if a model’s predictive perfor-
mance falls short of arbitrary thresholds or perceived good
performance [48,49]. Our previous work has provided evi-
dence of “AUC-hacking”, where excessive numbers of
studies report an area under the receiver operating charac-
teristic curve statistic just above such arbitrary thresholds
of 0.7, 0.8 and 0.9 [12]. Nonpublication based on final
model performance likely affects studies irrespective of
quality and may bias perceptions about clinical prediction
modeling more broadly. When a study produces disap-
pointing results compared with already published models,
researchers may experience barriers to publishing or may
not submit their results for publication at all. Performance
reported by published models may therefore inflate expec-
tations for how well models perform. These interrelated be-
haviors negatively impact the current evidence base;
however, their extent is unknown.

The scope of our analysis was clinical prediction model
studies registered onclinicaltrials.gov, where final eligibility
was determined by a systematic search strategy. Decisions
were based on information reported in study records at the
time of screening, which might differ from details reported
in subsequent publications. While clinicaltrials.gov is a
widely recognized registry, the sample size analyzed does
not represent the full breadth of planned clinical prediction
model research. Prospective registration of observational
study designs is currently not required and is therefore less
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common than clinical trials. Nonetheless, making the de-
tails of planned research available can help address publica-
tion bias [50]. Our study represents the first attempt to
quantify nonpublication bias affecting clinical prediction
model studies, based on publicly available information on
planned studies. Given that most studies in our sample were
prospectively registered, it is possible that publication out-
comes from our analysis are biased upwards and that non-
publication may be higher among registered and
unregistered studies combined. Without access to planned
studies that have never been registered, the true extent of
nonpublication remains speculative. Study protocols are
another way to make the key details of planned research
publicly available. Study protocol guidelines for prediction
model studies to complement the Transparent Reporting of
a multivariable prediction model for Individual Prognosis
Or Diagnosis statement are currently being developed
[51]. Future work should consider to what extent our find-
ings generalize to studies that have not been preregistered.

Publications would have been missed if an NCT number
was incorrectly reported or there were systematic differ-
ences in study registration descriptions and final abstracts.
Publication searches were limited to articles indexed by
PubMed, which covers more than 80% of the peer-
reviewed biomedical literature [52]. Preprint servers allow
researchers to share study results before peer review,

however do not guarantee publication in a peer-reviewed
journal [53,54]. While peer-reviewed publications should
not be interpreted in isolation as a marker for study quality,
preprints were excluded from this study as they are gener-
ally not peer reviewed.

Study registries are uniquely placed to improve research
visibility and should not be limited to clinical trials [42,50].
Introducing new fields and filters into registry search func-
tions may help researchers find clinical prediction model
studies more easily and eliminate the need for a customized
search strategy. Our search strategy involved a range of
common terms related to clinical prediction model studies,
yet manual review was still required to determine final re-
cord eligibility. Introducing new fields would require re-
searchers to self-identify their work as a clinical
prediction model, as is currently required for interventional
and noninterventional study designs. Providing guidance on
definitions relevant to prediction model studies may help to
improve reporting completeness and transparency, as has
been recommended for diagnostic accuracy studies [55].
Greater oversight of current and ongoing research may also
improve awareness among clinicians and their patients as
intended end-users.

Automatedindexingby clinicaltrials.govallowed ustolink
to publications based on a unique identifier. Available func-
tionality can track publication outcomes for planned research,
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but not the subsequent appraisal and uptake of promising
models by others. Despite exponential increases in newly
developed models, independent validations of promising
models are rare, and even less is known about which models
are successfully implemented into clinical practice [56].
Automation tools may increase the impact of high-quality
clinical prediction models by synthesizing evidence about
their reproducibility and clinical utility. Expert appraisal
through open science platforms can provide additional valida-
tion for evidence found by automated tools. Expert crowd-
sourcing has successfully been used to synthesize published
evidence on genetic variants to support decisions about
personalized cancer therapy [57,58].

Research funding agencies are instrumental in maintain-
ing standards for research conduct and dissemination. A
survey of Australian health and medical research funders
discovered varied incentives to encourage responsible
research practices [59]. Greater scrutiny of funding applica-
tions that propose clinical prediction model studies is
another actionable step toward improving the research
quality and visibility. We further recommend that funding
agencies strongly encourage researchers to demonstrate
meaningful collaboration with statisticians at all project
stages, given the technical expertise required to conduct
high-quality clinical prediction model studies.

5. Conclusion

Clinicaltrials.gov is being used to register clinical pre-
diction model studies. Our follow-up analysis of registered
studies implies that few planned prediction models are pub-
lished, likely creating a biased evidence base. Greater pro-
motion of study registries for sharing details of planned
research, additional registry features to identify clinical
prediction studies, and tools to reliably follow-up studies
from registration to publication and uptake by others will
improve oversight of planned studies to proactively reduce
research waste.
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