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Abstract

Background and Objective: Protocols are invaluable documents for any research study, especially for prediction model studies. How-

ever, the mere existence of a protocol is insufficient if key details are omitted. We reviewed the reporting content and details of the proposed

design and methods reported in published protocols for prediction model research.

Methods: We searched MEDLINE, Embase, and the Web of Science Core Collection for protocols for studies developing or validating

a diagnostic or prognostic model using any modeling approach in any clinical area. We screened protocols published between Jan 1, 2022

and June 30, 2022. We used the abstract, introduction, methods, and discussion sections of The Transparent Reporting of a multivariable

prediction model of Individual Prognosis Or Diagnosis (TRIPOD) statement to inform data extraction.

Results: We identified 30 protocols, of which 28 were describing plans for model development and six for model validation. All pro-

tocols were open access, including a preprint. 15 protocols reported prospectively collecting data. 21 protocols planned to use clustered

data, of which one-third planned methods to account for it. A planned sample size was reported for 93% development and 67% validation

analyses. 16 protocols reported details of study registration, but all protocols reported a statement on ethics approval. Plans for data sharing

were reported in 13 protocols.

Conclusion: Protocols for prediction model studies are uncommon, and few are made publicly available. Those that are available were

reasonably well-reported and often described their methods following current prediction model research recommendations, likely leading to

better reporting and methods in the actual study. � 2024 The Authors. 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

A study protocol is a ‘roadmap’ that provides a detailed

plan for a research study before it is conducted. Protocols

provide key details on the study rationale, objectives,

design, data collection, methodology, statistical consider-

ations, dissemination plans, and organization of a research

study; they are a crucial component in mapping out any

research project [1]. Developing a study protocol prompts

Funding statement: Gary Collins, Shona Kirtley, Jie Ma, and Rebecca

Whittle are supported by Cancer Research UK (programme grant:

C49297/A27294). Rebecca Whittle is also supported by the NIHR Blood

and Transplant Research Unit in Data Driven Transfusion Practice

(NIHR203334). Paula Dhiman is supported by Cancer Research UK (project

grant: PRCPJT-Nov21\100021). This publication presents independent

research funded by Cancer Research UK, and the National Institute for

Health Research (NIHR). The views expressed are those of the author(s)

and not necessarily those of the Cancer Research UK, the NHS, the NIHR

or the Department of Health and Social Care.

Registration: osf.io/a8mcj/.
1 Elizabeth Mouka and Caitlin Waldron were visiting students at the

Center for Statistics in Medicine, Nuffield Department of Orthopedics,

Rheumatology and Musculoskeletal Sciences, University of Oxford.

* Corresponding author. Nuffield Department of Orthopaedics, Rheuma-

tology and Musculoskeletal Sciences, Centre for Statistics in Medicine, Uni-

versity of Oxford, Oxford, OX3 7LD, UK.

E-mail address: paula.dhiman@csm.ox.ac.uk (P. Dhiman).

https://doi.org/10.1016/j.jclinepi.2024.111287

0895-4356/� 2024 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/

4.0/).

Journal of Clinical Epidemiology 169 (2024) 111287

http://creativecommons.org/licenses/by/4.0/
https://osf.io/a8mcj/
mailto:paula.dhiman@csm.ox.ac.uk
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jclinepi.2024.111287&domain=pdf
https://doi.org/10.1016/j.jclinepi.2024.111287
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.jclinepi.2024.111287


What is new?

Key findings

� Protocols of prediction model studies showed good

reporting and conduct, often reporting and

describing their methods that follow current pre-

diction model research recommendations.

What this adds to what was known?

� Compared to the systematic reviews of final results

publications of prediction model studies that have

highlighted poor reporting and methodological

weaknesses in studies, we observed generally good

reporting and the conduct of protocols describing

plans for prediction model development or

validation.

What is the implication and what should change

now?

� We recommend that research teams develop and

make available a protocol before embarking on

their prediction model study to enhance research

integrity and transparency and to improve method-

ological conduct and reporting quality in the final

study reports.

the research team to think about and plan all steps in the

study, minimizing the risk of encountering problems once

the study has started. Along with study registration, devel-

oping a protocol enhances transparency, replication,

research integrity, and promotes good research practice.

Protocols are mandatory for some study types, such as

randomized controlled trials [2] (eg, for funding, ethical

approval, and increasingly for manuscript submission),

but they are an important document and should be manda-

tory for other types of research. Several studies have high-

lighted poor reporting and methodological weaknesses or

flaws in publications describing the development and vali-

dation of a prediction model [3e7]. While having an avail-

able protocol is no guarantee of a well-designed and

conducted study, it is worth noting that prediction model

studies rarely cite the existence or availability of a protocol,

suggesting these studies are rarely protocol driven.

However, the mere existence of a protocol is insufficient

if key details are omitted. Only a complete and transpar-

ently reported protocol that provides a full, detailed plan

addressing all aspects of the study design, conduct

(including data collection), and proposed analysis has

intrinsic value. A well-reported research protocol for a pre-

diction model study will describe all key and study-specific

design features, such as strategies to ensure the data are

representative of the target population and approaches for

dealing with missing data.

To achieve maximum impact, the protocol should ideally

be freely available and accessible by others to view and re-

view, either as a published peer-reviewed article (if study

funds permit), on a registration platform, or on a preprint

server. However, there is limited evidence about the avail-

ability of study protocols and their reporting completeness.

The aim of this study is to review the content and reported

details of the planned methodological conduct of published

protocols or protocols available on preprint websites (for

studies planning the development or validation of a clinical

prediction model, regardless of whether regression or ma-

chine learning methods have been used).

2. Methods

2.1. Protocol registration and reporting standards

This study was registered on the Open Science Frame-

work (osf.io/a8mcj) on 21 July 2022. We reported our study

following the Preferred Reporting Items for Systematic Re-

views and Meta-Analyses (PRISMA) guideline and its

extension for Reporting Literature Searches in Systematic

Reviews (PRISMA-S) [8,9].

2.2. Information sources

We searched the MEDLINE (via OVID), Embase (via

OVID), and Web of Science Core Collection (via Clarivate

Analytics) medical literature databases for protocols for

studies developing or validating a diagnostic or prognostic

model using any modeling approach in any clinical area on

June 30, 2022. The search strategy was limited to protocols

that were published between January 1, 2020 and June 30,

2022 (the date that the search was conducted). The results

set was then further restricted to protocols published be-

tween January 1, 2022 and June 30, 2022 (which were then

entered into the study for screening).

The full search strategies for the three databases are pro-

vided in Supplementary Boxes 1e3. The search terms

included relevant Mesh and EMTREE headings and free-

text terms. Protocol-related search terms were based on a

search string developed by Madden et al., which was modi-

fied to account for differing database-controlled vocabulary

headings and to search in the title and/or keyword fields

[10]. An experienced and qualified information specialist

(SK) was involved in the development of the search strat-

egy for all three databases.

2.3. Eligibility criteria

We included protocols for studies developing or vali-

dating a prediction model for individualized health out-

comes (including response to treatment) using any

regression or machine learning approach within any clinical

field in 2022. We included protocols that involved
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developing or validating a prediction model containing two

or more predictors.

We excluded protocols for imaging studies, or studies

using imaging parameters as candidate predictors in the

model; speech recognition/voice pattern studies, or studies

using speech parameters as candidate predictors; genetic

studies, or studies using genetic risk factors as candidate

predictors; and molecular studies, or studies using molecu-

lar markers as candidate predictors. We also excluded pro-

tocols investigating risk or prognostic factors, secondary

research (eg, reviews of prediction models), and conference

abstracts. Protocols to be included were limited to English

language studies only.

2.4. Study selection, data extraction, and data

management

Publications identified from the search strategies were

imported into Endnote reference software where they were

deduplicated and then imported into Rayyan web applica-

tion where they were screened [11,12].

Two independent researchers (PD and JM) screened the

titles and abstracts of the identified records and then the full

text of protocols potentially meeting the eligibility criteria.

Two independent researchers, from a combination of four

reviewers (PD, JM, EM, and CW), performed a duplicate

data extraction of eligible publications after initially pilot-

ing the form on five protocols and subsequent amendments.

Disagreements were discussed and adjudicated by a third

reviewer (GSC), where necessary.

Details from the included articles were extracted using

data extraction forms, comprising article publication in-

formation and reporting items from the abstract, intro-

duction, methods, and discussion sections (not results)

of The Transparent Reporting of a multivariable predic-

tion model of Individual Prognosis Or Diagnosis

(TRIPOD) statement [13], the recommended reporting

guideline for prediction model studies. We supplemented

TRIPOD reporting items with additional items relating to

data structure (whether data was clustered and if and how

this was handled) and reporting of study registration,

ethics, patient and public involvement, data sharing,

and funding statements.

We extracted details on the proposed methodology to

address key study design features of prediction model

studies, including the study type (eg, development and/or

validation), clinical specialty, outcome to be predicted, time

span of prediction, intended moment of using the prediction

models, data source, number of models developed or vali-

dated, modeling approach (eg, logistic, survival, random

forests, artificial neural networks), method of internal vali-

dation, methods to handle continuous predictors (where

relevant), and methods to handle missing data.

The data extraction form was implemented using MS

Excel.

2.5. Data items, summary measures, and synthesis of

results

Findings were summarized using descriptive statistics

and a narrative synthesis. We described levels of reporting

using numbers and percentages of studies that fully report,

partially report (used when an item included multiple de-

tails and some but not all details were reported), or do

not report the specified items. Items were extracted sepa-

rately for the development and, if planned, for the valida-

tion of the models. All analyses were carried out in Stata

v17 [14].

3. Results

3.1. Study flow

The search in Embase, Medline, and Web of Science

retrieved 17,577 protocols published between January 1,

2020 and June 30, 2022, and 2380 protocols published be-

tween January 1, 2022 and June 30, 2022 were screened

for inclusion (after deduplication). Thirty protocols met

the eligibility criteria and were included in our review af-

ter title and abstract and then full text screening. Twenty-

four protocols were describing plans for developing a pre-

diction model; four were describing plans for developing

and also validating a prediction model; and two protocols

were only planning to validate an existing prediction

model. Figure 1 provides the study flow for our review. Ci-

tations for all included protocols are provided in

Supplementary Table 1.

3.2. Study characteristics

Table 1 describes the publication and study characteris-

tics of the included protocols. Prediction models were

commonly being developed and validated for oncology

(n 5 6/30, 20%) [15e20] and cardiovascular (n 5 5/30;

17%) [21e25] clinical specialties and were often predicting

health outcomes (n 5 24/30; 80%) [15e22,25e40] for pa-

tient target populations (n 5 18/30; 60%)

[16,19,21e25,27,29,31,34,35,37e42]. Development and

validation of a prediction model were often the primary

aims reported in the protocol (n 5 22/30; 73%)

[15e20,22,24,26,28e32,34e37,41e44]. The majority of

models were prognostic (n 5 18/30; 60%)

[20e27,29,33e37,39,41,42,44], and a majority of models

were predicting a binary outcome (n 5 20/30; 63%)

[16,19,21,23e26,28e34,36e38,40e42]. The approach to

be used to develop the prediction models (eg, logistic

regression, XGBoost) was reported in 27 out of the 28 pro-

tocols (96%) [15e18,21,23e40,42e44]. A total of 49

models were planned to being developed in 28 protocols,

with a median of 1 model developed per study (n 5 28;

IQR: 1e2; range 1e6).
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Over a third of the included protocols were published in

BMJ Open (n 5 11/30; 37%) [15,21,24,26,27,28,29,

32,33,38,42], and 1 protocol was a preprint in medRxiv

[17] (Supplementary Table 1).

3.3. Reporting quality

3.3.1. Title, abstract, and introduction

Half of the protocols clearly reported that they were

developing or validating a prediction model in the title

(n 5 15/30; 50%) [15,17e19,24,26,28e30,32,34,37,

39,42,43], while over two-thirds (n 5 21/30, 70%)

[17e19,21,24e26,28e30,32,33,35e39,41e44] and over

three-quarters (n 5 23/30; 77%) [15,17e19,22,24e29,

31,33e41,43,44] clearly reported the target population they

wanted to predict for and the outcome to be predicted,

respectively. Only one-third fully reported all three pieces

of information (n 5 10/30; 33%) [17e19,24,26,28,29,37,

39,43].

Seven protocols (n 5 7/30; 23%) did not explicitly

specify in the title that they were developing a prediction

model or the outcome to be predictedebroadly reporting

predicting a health outcome and not sufficiently describing

the target populationeand only reporting the clinical area

for prediction [20,21,23,27,30,31,33].

Seven protocols (n 5 7/30; 23%) fully or partly reported

the study aims, study design, clinical setting, summary of

participants (ie, target population), sample size, predictors,

outcome, and summary of analysis methods for the devel-

opment or validation of their model in the abstract

[21,26,30,33,36,37,43]. Half of the protocols did not report

any sample size information (n 5 15/30; 50%)

[15,17,18,19,20,23,24,27,29,31,32,34,38,40,41], and over

50% did not provide a summary of predictors (n 5 16/

30) [15,18e20,22,24,25,27e29,32,35,38e41]. Two-thirds

of the protocols either did not report or only partly reported

the analysis methods for model development or validation

(n5 20/30; 67%) [15,19,21,23,25,26,27,28,31,33,34,35,35,

Figure 1. Flow diagram of included studies. (For interpretation of the references to color in this figure legend, the reader is referred to the Web

version of this article.)
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38,39,40,41,42,43,44], with details about model building

procedures, internal and external validation methods, or

model performance measures often missing (n 5 9/20,

45%) [17,21,26,28,35,39,40,43,44].

All protocols fully reported the objectives in the intro-

duction, including whether the study described the develop-

ment or validation of the model or both. Most protocols

also fully reported the medical context of model develop-

ment or validation (n 5 27/30, 90%)

[15e19,21e26,28e30,32e44]. All studies provided a

rationale for model development and validation, of which

50% (n 5 15/30) [17,18,20e22,24,26e28,34,36e39,42]

included details of the target population and two-thirds

(n 5 20/30) [15,17,18,20e22,24,27,29,30,32e34,

36e41,43] included details of the clinical decision the

model was planned to support.

3.3.2. Methodology

In the 30 included protocols, 28 development

[15e18,20,21,23e44] and six validation analyses

[15,19,22,28,34,36] were described. Figure 2 describes

the reporting completeness of the 28 development analyses.

The completeness of reporting for each of these analyses is

described in Supplementary Table 2.

Table 1. Characteristics for all included protocols (n 5 30)

Study characteristic n %

Clinical specialty

Oncology 6 20

Cardiovascular 5 17

Maternal health/Obstetrics and

gynecology

3 10

Musculoskeletal/Orthopedics 3 10

Endocrinology 2 7

Neurology/Neuropsychology 2 7

Psychiatry 2 7

Surgical 2 7

Infectious diseases 1 3

Health service 1 3

Respiratory 1 3

Stroke 1 3

Urology 1 3

Target population to be predicted for

Patients 18 60

General population 4 13

Neonates/children 2 7

Pregnant women and young mothers 2 7

Healthy women 1 3

GP referrals 1 3

Stroke survivors 1 3

Cancer survivors 1 3

Primary outcome to be predicted

Health outcome 24 80

Measurement/Score/Number 4 13

Treatment response 2 7

Was development or validation of the

prediction model the primary or

secondary aim in the protocol?

Primary aim 22 73

Secondary aim 8 27

Type of prediction

Prognostic 18 60

Diagnostic 8 27

Risk prediction (outcome in future in

healthy people)

4 13

Type of outcome to be predicted

Binary 20 67

Time to event 6 20

Continuous 2 7

Count 1 3

Unclear 1 3

Model to be developeda

Logistic regression 12 24

Cox proportional hazard model 6 12

Deep learning model 5 10

Support vector machine 4 8

XGBoost 4 8

Convolutional neural network 4 8

(Continued )

Table 1. Continued

Study characteristic n %

Random forestb 3 6

Linear regression 3 6

Nearest neighbor algorithms 2 4

Decision tree 2 4

Competing risk model 1 2

Elastic net (underlying model not

specified)

1 2

Negative binomial regression 1 2

Unclearc 1 2

Model to be validatedd

Logistic regression 2 18

XGBoost 2 18

Time to event with competing risks 2 18

Elastic net regression (underlying

model not specified)

1 9

Cox proportional hazard model 1 9

Random survival forest 1 9

Deep learning’ neural networks 1 9

Artificial neural network 1 9

a Denominator is the total 49 models that are reported to be devel-

oped in the 28 development or development with validation protocols.
b Includes one random survival forest.
c Protocol specifies ’such as SVM [support vector machine] or

linear discriminant analysis’.
d Denominator is the total 11 models that are reported to be vali-

dated in the six development with validation or validation only study

protocols.
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3.3.2.1. Study design and data source. Forty-seven percent

of protocols (n 5 14/30) described using a cohort study

design [16,20e23,25,29,31,33,36,37,39,42,44], including

two protocols [20,23] that also proposed to use data from

randomized controlled trials. A 10th of protocols (n 5 3/

30, 10%) proposed to use a cross-sectional study design

[28,35,43], and for one protocol, the study design was un-

clear [41].

One-third of protocols proposed to use electronic health

records (n 5 10/30; 33%) [15,17e19,24,30,32,34,38,40],

one proposed to use data from an individual patient data

meta-analysis [27], and one proposed to use a registry

[26]. Half of the protocols reported prospectively collecting

data (n 5 15/30; 50%) [20e22,25,26,31,33,35e37,

39,41e44], and half described using an existing dataset

(n 5 15/30; 50%) [15e19,23,24,27e30,32,34,38,40]

(including one development and validation study that

would use an existing dataset for model development and

a prospectively collected dataset for model validation [28]).

The study design or data source was justified in seven

protocols (n 5 7/30, 23%) [15,18,28e30,35,40]. One pro-

tocol cited the size of their data (including outcome num-

ber) and the availability of predictors in the data when

justifying their development data [29]. Six protocols

(n 5 6/30; 20%) cited representativeness when justifying

their development data [15,18,28,30,35,40], including two

protocols that also cited the size of the dataset [15,18]

and one protocol that cited size and data availability when

justifying their validation dataset [15].

3.3.2.2. Handling clustered data. Over two-thirds of the

protocols described using data with a clustered structure

(n 5 21/30, 70%) (20 multicentre datasets [15e20,22e26,

29,31,34,36,38e41,43] and one multistudy individual pa-

tient dataset [27]) to develop or validate their models, six

protocols will use single center data (n 5 6/30, 20%)

[21,30,32,35,37,44], and for three protocols, data structure

was unclear (n 5 3/30; 10%) [28,33,42].

Of the 21 study protocols using a clustered dataset for

development or validation, 14 mentioned clustering in their

methodology (n 5 14/21, 67%) [15,17,18,22e25,27,29,

34,36,39,41,43], but only seven reported methods to account

for it (n 5 7/21, 33%) [15,17,18,23,27,29,34]. Three proto-

cols planned to use internal-external cross validation methods

(n5 3/30; 10%) [15,18,27]. One protocol reported ‘clustering

techniques to identify patient subgroups’ [23], one protocol

Figure 2. Methodology reporting completeness of the development analyses described in 28 protocols. *These items account for protocols that were

not applicable: blinding of the outcome was not applicable for five analyses; blinding of predictors was not applicable for seven analyses; handling

of continuous predictors was not applicable for one analysis; details on risk groups was not applicable for 21 analyses. (For interpretation of the

references to color in this figure legend, the reader is referred to the Web version of this article.)
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reported that ‘internal validation will be undertaken using

bootstrapping of the entire development data set (accounting

for the clustering of participants within studies) [29], one pro-

tocol reported that they would use a random effects model

[34], and one protocol reported that they would use Wald’s

methods’ agglomerative hierarchical clustering, [17].

3.3.2.3. Sample size calculation or justification. Sample

size was reported for 26 (n 5 26/28; 93%) development

[15e18,20,23e39,41e44] and four (n 5 4/6; 67%) valida-

tion analyses [15,19,23,34]. Nine (n 5 9/28; 32%) of the

model development analyses based their development sam-

ple size calculations on formulae by Riley et al.

[15,17,18,24,25,29,30,35,44], six (n 5 6/28; 21%) used

events per predictor [16,27,32,34,39,42], three (n 5 3/28;

11%) used power calculations [21,33,41], three (n 5 3/

28; 11%) based it on outcome prevalence [36,38,43], one

used a learning curve [31], one used Kendall m criterion

[37], and one protocol used ‘piecewise regression’ [23].

The final two protocols reported that a formal or statistical

sample size calculation was not possible because of the

complexity of methods [machine learning] [26] and study

design [proof of concept study] [20] of which one protocol

then used previous literature to inform their sample size

[26]. For the validation analyses, one protocol reported us-

ing events per variable [34], one study used precision [22],

one study used reaching an area under the curve of at least

0.7 [19], and one protocol used outcome prevalence [28]. A

summary of the sample size used to develop and validate

the models is provided in Table 2.

3.3.2.4. Handling missing data and continuous predictors.

Twenty-one protocols described how the researchers

planned to handle missing data (n 5 21/30; 70%)

[15,17e20,24,25,27,29e32,34e38,40e42,44], of which

10 protocols describe multiple imputation methods

[15,17,18,24,29,32,35,37,42] and an additional four proto-

cols describe multiple imputation with methods to exclude

missing data or conduct a complete case analysis depending

on the missingness mechanism and amount of missing data

[27,30,36,38]. One protocol reported they will use a single

imputation analysis [44], one protocol mentioned the

missing indicator method [40], one protocol reported they

will carry out a complete case analysis approach [34],

one protocol reported manual searching to resolve missing

data [25], one protocol reported an artificial neural network

[19], and for two protocols, the approach to handling

missing data was unclear [20,31].

Twenty-two protocols planned to develop at least one

model using regression-based methods (n 5 22/28; 79%)

[15e18,21,24e29,32e35,37e39,41e44]. Of these proto-

cols, 64% reported planned methods to handle continuous

predictors (n 5 14/22; 64%) [15,17,18,21,23,27e29,

32,34,35,38,39,42]. Four protocols reported restricted cubic

splines [15,27,34,38], three protocols reported fractional

polynomials [17,18,35] and 1 protocol reported plans to

use both of these methods to handle continuous predictors

[29]. One protocol planned transformations [28], two re-

ported plans to categorise their continuous predictors or

to treat them as linear [32,39] and one protocol reported

they would use autoencoder neural networks but did not

specify any method for their planned logistic regression

model [23]. For two protocols, detailed methods planned

to handle continuous predictors was unclear [21,42].

3.3.2.5. Internal and external validation methods and

model performance measures. Of the 28 protocols that

included a model development, plans and details to carry

out an internal validation were reported in 21 (n 5 21/28;

75%) [15e18,20,24e30,34e37,39,40,42e44]. Seven of

these protocols planned to use random split sample

methods [17,25,26,28,39,43,44], including 1 protocol that

also planned bootstrapping methods [39], and two protocols

will use a temporal split sample approach [34,40].

Six protocols will use cross-validation

[16,20,24,30,37,42] (including one protocol that will also

use bootstrapping [16]), three protocols will use an

internal-external cross-validation [15,18,27], and three pro-

tocols will use bootstrapping [29,35,36]. Four protocols

explicitly reported their plan to produce optimism-

adjusted performance measures [16,27,29,35].

A summary of the intended performance measures is

provided in Table 3.

3.3.3. Discussion and supporting information

Study limitations (such as sample size limitations, a

nonrepresentative study sample) were fully reported in

77% (n 5 23/30; 77%) [15,17,18,21,23,24,26e35,

37e39,41e44] of protocols and potential clinical use and

implications from model development and validation was

discussed in 83% of protocols (n 5 25/30; 83%)

[16e23,26,28e35,37e44].

Table 2. Summary of the minimum required sample size for model development or validation

Model development (n [ 28) Protocols reported (%) Median p25-p75 Range

Minimum total required sample size 26 (93%) 838 429e4000 114e450,000

Number of events 4 (14%) 608 227e1057 154e1199

Model validation (n 5 6)

Minimum total required sample size 3 (50%) 1014 300e1350 300e1350

Number of events 0 - - -
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Only half of the protocols reported details and a link to

study registration (n 5 16/30; 53%) [16,19,20,22,24,

25,27,28,30,31,35,37,38,41,43,44]. All protocols reported

a statement on ethics approval, although six protocols

(n 5 6/30; 20%) did not provide a supporting ethics

approval number [16,27,29,32,36,41]. The sources of fund-

ing and the role of the funders were reported in all proto-

cols: 27 protocols (n 5 27/30; 90%) reported funding

from government or academic institutions

[15e34,36e41,44], two reported funding from industry

[35,43] and 1 protocol reported receiving no funding

[42]. A data sharing statement was reported in 13 protocols

[16,19,22,24,27,28,30,36,38e41,44], of which five proto-

cols specified that their data will be available on request

[19,24,28,36,38], 1 protocol reported making metadata

and code available [30], four reported making anonymized

data (freely or publicly) available [16,22,27,41], and three

protocols specified data sharing was not applicable

[39,40,44].

Information about the availability of supplementary re-

sources (such as statistical analysis plans, web calculator,

and datasets) was reported in 14 protocols (n 5 14/30;

47%) [19,20,22,24e28,30,35,36,38,43,44]. In these 14 pro-

tocols, supplementary material included patient information

sheets [20,22,26,35], patient consent forms [20,22,26,28,35],

data monitoring information [19], study questionnaires

[38,43], ethics approval form and letters [20,22,30], predic-

tor and outcome information and definitions [24,35,44],

sample size calculations [35], completed reporting checklists

[22,36,44], data management and linkage plans [30], and

statistical analysis plans [20,22,27].

Plans to disseminate the models were fully or partly re-

ported in two-thirds of protocols (n 5 19/30; 63%)

[15e18,21,26e30,32e34,36,38,40e43], of which 16 spec-

ified disseminating via peer-reviewed publications [15e17,

21,26e30,32,33,36,38,40e42], 11 via national and interna-

tional conferences [16e18,21,26,29,30,32,33,36,42], two

via an international meeting [27,38], one via health clinics

and services [33], three via social media engagement

[30,40,42], and four via study websites [17,18,29,43], app

development, or electronic health systems [18,34].

4. Discussion

4.1. Summary of findings

We reviewed 30 study protocols describing plans to

develop or validate a prediction model. Overall, we found

a reasonable level of detail in the minimum reporting items

listed in the TRIPOD reporting guideline.

The included protocols also used methods that were gener-

ally consistent with research recommendations for prediction

model research [13,45e48]. Multiple imputations were most

commonly planned to handle missing data; sample size

formulae described by Riley et al. were most often used; frac-

tional polynomials, restricted cubic splines, and transforma-

tions were often planned to handle continuous predictors;

and calibration was commonly planned as a measure of

model performance in addition to discrimination. Though

some of the planned studies may still be at high or unclear

risk of bias, it is encouraging that appropriate methodology

is being considered before the study is conducted.

4.2. Current literature

There is a lack of research on the prevalence, availabil-

ity, and reporting completeness of protocols for prediction

model studies. Compared to the numerous systematic re-

views of the final publications of prediction model studies

[3e7], we observed better reporting of the minimum re-

porting criteria than would be expected when publishing

the development and validation of the prediction model.

In a review of prediction models developed using super-

vised machine learning, sample size and calibration model

performance measures were reported in only 18% and 13%

of the included studies, respectively [6]. In our review,

however, we found that a sample size calculation or justifi-

cation was reported in over 90% of the protocols, and cali-

bration was planned to be assessed in almost two-thirds of

the protocols. In both of these cases, we might expect the

Table 3. Summary of intended model performance measures

Performance measures n (%)

Discrimination 26 (87%)

Area under the receiver operating

characteristic curve/C-statistic

26 (87%)

Royston’s D-statistic 3 (10%)

Area under the precision-recall curve 2 (7%)

Calibration 19 (63%)

Plot 14 (47%)

Hosmer-Lemeshow test 6 (20%)

Calibration (slope or intercept) 4 (13%)

Brier score 2 (7%)

No metric specified 2 (7%)

Decision curve analysis 5 (17%)

Classification measures 13(43%)

Sensitivity/specificity 11 (37%)

PPV/NPV 7 (23%)

Accuracy 4 (13%)

Classification table/confusion matrix 2 (7%)

F1 score 2 (7%)

Likelihood ratios 1 (3%)

Other 4 (13%)

R-squared 2 (7%)

Akaike’s information criterion 1 (3%)

Matthew correlation coefficient 1 (3%)

Net reclassification index 1 (3%)

Youden index 1 (3%)

Values are all out of n 5 30 protocols.

NPV, negative predicted value, PPV, positive predicted value.
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quality of reporting and conduct to carry over to the even-

tual final study publications.

It is likely the case that researchers developing and mak-

ing a protocol available are atypical and that those who

write protocols are more likely to be more cognizant and

up-to-date in prediction model research methods. Though

it is difficult to assess methodological conduct and the risk

of bias without a formal assessment of the completed

studies, based on our findings, we can extrapolate and

imply that studies with an available protocol at the outset

of the study may lead to more methodologically robust

and better-reported final study publications. As key study

design and analysis considerations are being made before

the study commences, there is less (known) risk of devia-

tion from the protocol (without documentation), leading

to a potentially better-reported and conducted study. There-

fore, increased awareness and the mandatory practice of

making protocols available are recommended.

4.3. Strength and limitations

Most protocols were published open-access in peer-

reviewed journals, with one made available on a preprint

server. Though the protocol preprint was not peer reviewed

at the time of this review and may be subject to change after

peer review, this would not change our findings [49]. It is

important to include protocols made available on preprint

servers, as this is often an option to quickly make protocols

freely available to the scientific community.

We did not search the Open Science Framework or other

similar registers for protocols that may have been submitted

when registering a study. We appreciate that these protocols

are better than not having any, and by focusing our review

of published protocols, we risk skewing our results based

on the quality of reporting and methodology of the avail-

able protocols for prediction model research. However,

given research that has found little improvement in report-

ing from preprint to peer-reviewed publication [49], we do

not anticipate the inclusion of these protocols to change our

findings.

One protocol identified by our search was coauthored by

a coauthor of this review (GSC). This coauthor was not

involved in the data extraction of the protocols in this study,

and we declare this in the conflict of interest statement.

4.4. Future research and recommendations

We recommend that all research teams develop a proto-

col for their study at the outset to enhance research integrity

and transparency and to improve methodological conduct

and reporting quality in the final study reports.

Reporting guidelines are useful of final study publica-

tions to ensure the key details for the study are well re-

ported. In our review, we amended the TRIPOD reporting

guideline to describe the reporting quality of protocols.

There is currently no guidance to support the reporting of

protocols at the design stage, though this guidance is

currently being developed [50]. This reporting guideline

will be aimed at studies using any type of modeling method

(eg, statistics or machine learning) to have the maximum

impact on the prediction modeling field.

We also recommend that journals, preprint servers, and

online platforms mandate both study and protocol registra-

tion to encourage research teams to not only consider and

develop protocols for their research but to make them freely

available and accessible. We recommend that protocols

(particularly those not published in a journal) be included,

or at least referenced, in the submission of the final results

paper.

5. Conclusion

Protocols are invaluable documents for any research

study, especially for prediction model studies. Though

protocols for prediction model studies are rarely devel-

oped and made publicly available, we found that protocols

for prediction model studies showed good reporting qual-

ity and often detailed their methods in line with current

prediction model research recommendations, which is

likely to lead to better reporting in the final study report

and methods in the actual study.
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