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Abstract

Objectives: To develop a framework to identify and evaluate spin practices and its facilitators in studies on clinical prediction model

regardless of the modeling technique.

Study Design and Setting: We followed a three-phase consensus process: (1) premeeting literature review to generate items to be

included; (2) a series of structured meetings to provide comments discussed and exchanged viewpoints on items to be included with a panel

of experienced researchers; and (3) postmeeting review on final list of items and examples to be included. Through this iterative consensus

process, a framework was derived after all panel’s researchers agreed.

Results: This consensus process involved a panel of eight researchers and resulted in SPIN-Prediction Models which consists of two

categories of spin (misleading interpretation and misleading transportability), and within these categories, two forms of spin (spin practices

and facilitators of spin). We provide criteria and examples.

Conclusion: We proposed this guidance aiming to facilitate not only the accurate reporting but also an accurate interpretation and

extrapolation of clinical prediction models which will likely improve the reporting quality of subsequent research, as well as reduce

research waste. � 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/).

Keywords: Diagnosis; Prognosis; Development; Validation; Misinterpretation; Misrepresentation; Overinterpretation; Overextrapolation

Plain language summary

Spin refers to presenting research findings in a way that might mislead readers or make findings seem more signif-

icant that they really are. This can be done by showing partial results or by using vague language. Spin can distort the

true picture of a study’s findings and may influence medical decisions and public understanding. We present SPIN-

Prediction Models, a tool for readers to critically evaluate the presence of spin, and for authors to understand their im-

plications and reduce spin practices in studies on prediction models, whether using artificial intelligence or not, making

sure findings are described accurately.
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What is new?

Key findings

� Overoptimistic reporting and misinterpretation of

studies on clinical prediction models has received

relatively limited attention in biomedical literature.

These practices are known as ‘spin’ and are a wide

phenomenon in other study designs.

What this add to what is known?

� SPIN-Prediction Models (SPIN-PM) is a

consensus-based framework designed to identify

seven common spin practices and 14 facilitators

of spin to be avoided when communicating find-

ings in studies on prediction models. We provide

an overview of spin in prediction modeling

research with further explanation, guidance, and

accompanying examples.

What is the implication and what should change

now?

� SPIN-PM aims to provide guidance to researchers

on better reporting practices and to assist readers,

including peer reviewers, journal editors, guideline

developers, and policy makers in identifying and

evaluating spin practices in studies on prediction

models. SPIN-PM was not designed as a scoring

tool, or to assess the overall quality of prediction

model studies.

� We hope this guidance will further enhance the

overall reporting quality and support the critical

appraisal of studies on prediction models.

1. Background

Prediction models are often used to complement clinical

reasoning and (shared) decision-making typically by esti-

mating the probability of an individual to have a particular

outcome (diagnostic model) or to develop an outcome in

the future (prognostic model) [1e4]. In recent years, the

number of studies on prediction models has increased

strongly. This growth is expected to continue given the

growing popularity of artificial intelligence (AI) and ma-

chine learning (ML), and the increasing availability of

larger datasets (eg, routine care). Consequently, there are

often multiple prediction models available for the same

health outcome or target population, but few are integrated

into routine clinical practice [5e7].

Many studies on prediction models, whether AI or non-

AI, suffer from shortcomings in the design and statistical

analyses, making their findings vulnerable to overinterpre-

tation and exaggerated claims on transportability and clin-

ical usefulness [8e10]. Moreover, particular expectation

has grown around AI-based prediction models [11e14].

With a common rhetoric of virtually endless potential and

excellent performance in the clinical domain, inadvertent

pitfalls in study design and analyses may facilitate an inac-

curate interpretation and communication of model perfor-

mance which consequently might lead to the

implementation of suboptimal prediction models in clinical

practice [15].

To ultimately improve health outcomes, identification

and evaluation of misleading practices when communi-

cating findings is necessary, as the realization of the bene-

fits and harms of prediction models could remain limited,

while the investment of resources increases.

1.1. What is spin?

Spin is defined as any (reporting) practice, consciously

or unconsciously, that leads to misinterpretation or overin-

terpretation of study findings, usually emphasizing more fa-

vourable findings than the study design, analyses, and

actual findings warrant [16,17]. While misinterpretation re-

fers to an inconsistent interpretation of the study findings

(ie, incorrect interpretation), overinterpretation refers to

when authors take a strong position stemming from their

opinion rather than on the study findings. Both practices

are closely linked and contribute to the misrepresentation

(ie, distorted presentation) of scientific findings. Examples

are using exaggerated language, highlighting (only) the

findings based on selected subgroups or choosing a partic-

ular statistical analysis to shape the impression of their find-

ings to readers [18].

In biomedical research, the concept of spin was intro-

duced by the BMJ in 1995 [19]. Since then, several arti-

cles have addressed the implications of spin across

different study designs and settings, showing its high

prevalence and detrimental effect [18,20e24]. Spin can

have serious and undesirable consequences in medical

practice (including potential harm to patients), develop-

ment of clinical guidelines, health policies, funding of

subsequent research, and engagement with general

audiences.

1.2. Why do we need a spin framework for studies on

prediction models?

Spin has been extensively studied for trials, and to a

small extent in studies on diagnostic test accuracy and

prognostic factors [18,20e22,25e30]. Two recent system-

atic reviews of spin on prediction model studies, including

models using AI/ML, highlight the importance of establish-

ing clearer definitions and guidance to better understand the

extent, sources, prevalence, and implications of spin in this

research domain [15,31].

Furthermore, evidence suggests that the nature of spin

differs depending on the study design [23]. Unlike random-

ized trials, wherein the most common type on spin can be
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found on the estimate of the intervention effect, in predic-

tion model studies it is the interpretation of a model’s esti-

mated predictive performance (eg, discrimination and

calibration) where the action and consequences of spin

must be placed. For example, the predictive performance

might be overinterpreted in studies on model development,

while in studies on a model’s external validation, the esti-

mated performance can be overinterpreted or underinter-

preted (eg, to justify the development of a new prediction

model). Spin therefore also needs to be considered in the

context of the study type (Box 1). Additionally, studies

on prediction models are also not typically designed to

answer questions on etiology, association, or causality,

and are rarely (pre)registered or have publicly available

protocols.

Given the differences between study designs and statis-

tical analyses, frameworks on spin previously developed

are not directly suitable to identify spin in studies on pre-

diction models. In this article, we present SPIN-

Prediction Models (SPIN-PM): a consensus-based frame-

work to provide guidance to researchers on better reporting

and communicating prediction model studies and to assist

readers, including peer reviewers, journal editors, guideline

developers, and policy makers in identifying and evaluating

spin practices.

2. Methods

For the reporting of this study, we followed the ACcu-

rate COnsensus Reporting Document reporting guideline

for consensus methods in biomedicine [35]. This study

was not registered.

2.1. Expert participants

A panel of eight researchers with demonstrable expertise

in spin (M.G., J.B.R., G.S.C., K.G.M.M., and L.H.) and

prediction model studies (C.L.A.N., J.A.A.D., P.D.,

G.S.C., J.B.R., Mv.S., K.G.M.M., and L.H.) were invited

via e-mail in February 2021 to provide comments and

contextualize spin practices during several consensus

meetings.

2.2. Procedure

The lead researcher (C.L.A.N.) reviewed key publica-

tions on established practices of spin in other study designs

and built a preliminary list to be included in SPIN-PM

[20,22,23,36]. We defined as ‘key publication’ an article

describing methodological frameworks, critical practices,

or relevant context that could be translated to studies on

prediction models, serving as background literature for

the development of SPIN-PM. The preliminary practices

were first discussed with one researcher with expertise in

spin in other study design (M.G.).

We held five online meetings with the panel of re-

searchers, while the sixth was open to all researchers work-

ing in one of the affiliated institutions. In addition, the

concept of the framework was presented and fine-tuned at

the annual epidemiological conference in the Netherlands

carried out in 2021. At each meeting and presentation, we

Box 1 Studies on clinical prediction models

Model development studies

A multivariable model is developed to estimate an

outcome probability [32]. This type of study aims to

produce a model equation or algorithm (eg, including

the identification of the most important predictors and

assigning relative weights to each of them) and

estimating the model’s predictive performance

through calibration, discrimination, and potentially

clinical utility. Discrimination refers to the measure

of how well a prediction model can distinguish

individuals with the outcome from those without

the outcome (eg, using Area Under the Receiver

Operator Curve, c-statistic) [33]. Calibration refers

to the measure of agreement between predicted and

observed probabilities (eg, calibration plot,

calibration curves, observed:expected ratio) [33].

When evaluated in the same data in which it was

developed, the performance of a model (called

apparent performance) will often be optimistic due

to overfitting, notably when development datasets

are relatively small (typically with a small number

of outcome events). Development studies will there-

fore include an internal validation to quantify and

correct for any ‘optimism’ in model performance

[33]. Examples of internal validation techniques are

cross-validation and bootstrapping.

External validation studies

External validation studies consist of assessing the

performance of a prediction model in new individuals

whose data were not used during model development

[34]. There are several types of external validation,

most commonly (1) temporal validation: individuals

from the same institution as in the development

sample, but in a different (usually later) time; (2)

geographical validation: individuals from different

institutions or countries to the development sample;

and (3) domain or setting validation: for example,

individuals from secondary care are used to validate

a model developed in primary care. Depending on

the findings of the external validation, the

prediction model may be recalibrated or updated to

better fit the population and setting of interest.
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openly discussed clarifications, wording, applicability, and

useful examples for each of the items in the preliminary

list, with the moderation of the lead researcher

(C.L.A.N.). After each meeting, the list was adapted

accordingly (C.L.A.N.) and discussed again in the next

meeting until all panel’s researchers agreed.

In parallel, two systematic reviews on spin lead by mem-

bers of the panel evaluating discrepancies between sections,

use of leading words, irrelevant clinical applicability, and

unjustified comparisons between models fed-back the feasi-

bility to assess some of the spin practices based on the

agreement achieved during data extraction [15,31].

Through this iterative process, SPIN-PM was derived.

3. Results

SPIN-PM proposes two categories of spin through which

authors, can consciously or unconsciously, generate spin in

studies on prediction models:

a. Misleading interpretation: Claims with overestima-

tion or underestimation of the performance of the

developed or validated prediction model. This can

be the consequence of either the application of inap-

propriate methods or statistical analyses, or the use of

overly optimistic language to describe the methods or

study findings [37,38]. Accordingly, the readers’

perception about the quality and quantity of evidence

is unsupported by study design, methods, and ana-

lyses reported.

b. Misleading transportability: Unjustified claims

regarding the applicability, generalizability, or usabil-

ity of the reported prediction models in routine

healthcare practice, or even to other populations, set-

tings, or domains. Without a meaningful external

validation (Box 1), inferences on the actual perfor-

mance or transportability of a prediction model may

be overestimated and may cause prediction models

to be implemented in settings and populations where

there is no robust evidence yet to support this.

Additionally, we proposed two forms of spin: spin prac-

tices and facilitators of spin define as follows:

a. Spin practice: a mismatch between reported informa-

tion, namely between the actual design and findings,

and how these have been interpreted or described by

the authors within the manuscript, and that might

misdirect the interpretation of readers. A mismatch

can occur, for example, when ‘positive’ words (ie,

useful, effective) are overused or misused to describe

study findings, while the study design, analysis, and

findings do not support such optimistic interpretation.

Evaluation of spin, therefore, requires two steps: (1)

identify potential spin practices and (2) confirm such

mismatch. In case such mismatch cannot directly be

verified, the practice may still constitute a facilitator

of spin.

b. Facilitator of spin: any reporting practices that inter-

feres with the critical appraisal and requires readers

to make assumptions. For example, authors reporting

performance measures without stating whether these

correspond to apparent or internally validated/

optimism-corrected measures in studies on model

development (Box 1).

Previous classification systems have incorporated se-

lective and incomplete reporting as spin practices

[22,36,37]. To objectively identify selective reporting, it

is necessary to be able to compare the reported informa-

tion against a protocol or registration. However, studies

on prediction models usually lack publicly available pro-

tocols [39]. In this situation, there is no guarantee that

because, for example, datasets, subgroups, or thresholds

were mentioned in the methods section, these were indeed

prespecified in any form of registration or protocol. Simi-

larly, incomplete reporting refers to when authors leave

out essential information which hinders the critical

appraisal of a study, its findings, interpretation, and

conclusions.

The challenge when reporting studies on prediction

models in manuscripts with limited word count is that ana-

lyses are usually conducted as a funneldthat is, several

models may be, for example, developed with different

modeling strategies and even different designs or different

predicted outcomes, until one sole model is achieved and

reported (usually based on the ‘best’ performing model in

the dataset at hand). One cannot assess whether, for

example, missed information on other developed or vali-

dated models is crucial for the critical appraisal of the re-

ported ‘best’ performing model. Moreover, current

adherence of studies on prediction models to reporting

guidelines is deficient in two ways. Authors may be un-

aware of reporting guidelines (eg, Transparent Reporting

of a multivariable prediction model for Individual Prog-

nosis or Diagnosis [TRIPOD]), while those who are, may

still report insufficient information [3,33,40,41]. Hence,

for studies on prediction models, we categorized practices

related to selective and incomplete reporting as facilitators

of spin.

In Tables 1e3, we present each proposed form of spin

with their specific criteria for assessment and example.

Additionally, we provide extensive explanation for each

of these forms of spin in supplemental material 1. In total,

the framework consists of two categories of spin, seven spin

practices, and 14 facilitators of spin.

4. Discussion

Readers of scientific literature go through an interpreta-

tive process which is often influenced by how authors have
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Table 1. Proposed framework: spin practices in studies on prediction models

Category of spin Form of spin Criteria Examples

Misleading

interpretation

Unreliable

statistical

analysis

Ignoring the risk of

optimism in model

performance

Conclusion or concluding

paragraph in main text omits

statements addressing

methodological concern during

model development and/or

validation that might lead to an

overfitted model performance. This

can occur if:

a. Limited study size

b. Limited number of events rela-

tive to number of candidate

predictors

c. Inappropriate dichotomization

of continuous predictors

d. Traditional stepwise predictor

selection strategies

‘‘Our results suggest that machine

learning can predict myopia onset

in children. We used the available

dataset in our hospital, and we

obtained high accuracies’’a d The

study has used a very restrictive

sample of participants enrolled

(and with a few events relative to

the number of candidate

predictors) in only one location.

Limited sample size is not

addressed as an important

limitation that could have led

estimates to be too optimistic.

Linguistic spin Unjustified use of strong

affirmative statements to

support selected study

design and methods

Main text or abstract contains

statements about design and

selected methods that could be

considered unjustifiable. An

example is ‘Given the lack of

imputation methods, we carried

out complete case-analysis’

‘‘Classic methods of dealing with

missing data such as complete

case analysis, .and multiple

imputation can potentially bias the

estimates of effect of each

variable. (ref) .To avoid losing

predictive power, the missing data

were imputed using the missForest

package’’ [42] d The cited

references to support the

statement recommend the use of

multiple imputations and provide

no evidence on missForest

imputation.

Unjustified use of strong

affirmative statements to

describe the model or the

model’s performance

Conclusion or concluding

paragraph in main text or abstract

contains statements using a tone

inferring a strong result. Examples:

‘clearly shows,’ ‘strongly

recommend,’ ‘definitely suggest,’

‘very important,’ ‘remarkably

greater,’ etc.

‘‘Although sensitivity was 100%

with and without the new

biomarker, within the first case,

specificity and accuracy were

remarkably greater’’a d The study

reports changes on specificity and

accuracy but the increase is low.

Unjustified use of

optimistic or positive words

to describe the model or

model’s performance

Statements in title and conclusion

in main text and/or in abstract

contain terms that positively frame

model’s predictive performance.

Examples: outperformed,

improved, superior, better, novel,

unique, etc.

‘‘The predictive models performed

excellent in predicting EOC

recurrence’’ [43] d Although

reported AUC is high, the study

has several methodological

limitations, so it is likely that the

reported AUC is optimistic.

Misleading

transportability

Stating a prediction model

can be used in routine

medical practices without

the need for (further)

external validation

Conclusion or concluding

paragraph in main text or abstract

contains statements that claim

clinical applicability without

stating the need to perform proper

validation and/or clinical impact

studies.

‘‘Our finding suggests that random

forest model would be best option

to implement a system for

predicting fatty liver disease

patients appropriately and

effectively’’ [44] d Development-

only study.

Stating any lack of clinical

applicability/effectiveness

based solely on the poor

performance in the specific

validation sample

Conclusion or concluding

paragraph in main text or abstract

contains statements that limit the

applicability of the validated

model and thus, supporting the

‘‘Previous developed models

showed low accuracies on our

external validation. We therefore

developed a better performing

model’’a d The validation sample

(Continued )
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framed the findings of a study. To reduce the chance of

overvaluing or undervaluing evidence based on a particular

framing alone, we developed SPIN-PM, a consensus-based

framework to provide guidance to researchers and to assist

readers in identifying and evaluating spin practices in

studies on prediction models.

Our proposed spin practices and facilitators are consis-

tent with those previously identified in other study designs

[22,58]. The difference between some of the proposed spin

practices is subtle but they serve slightly different functions

in the narrative, for instance between the use of qualifiers

and positive words (Table 1, linguistic spin). Qualifiers pri-

marily adjust the precision or certainty of a statement (eg,

clearly shows), while leading words shape the audience’s

perception or emotional response to the information

conveyed (eg, groundbreaking). Some of the facilitators

of spin can also be found in TRIPOD and in the PRediction

model Risk Of Bias ASsessment Tool (PROBAST), as they

were defined as any reporting practices that hinder the crit-

ical appraisal of a study due to incomplete or inaccurate re-

porting practices. We consider facilitators not to be spin

practices per se, as they cannot be confirmed within the

study at hand.

Our framework focuses on a manuscript’s concluding

paragraphs because these are especially susceptible to

contain misinterpreted or overinterpreted statements as well

as unsubstantiated claims of transportability, and readers

tend to focus on them to judge the relevance, applicability,

and generalizability of the study findings. The interpreta-

tion of study findings needs to be framed with the inherent

limitations, contextualizing the reported prediction model

and its performance. Furthermore, we incorporated a prac-

tice in an opposite direction, that is, the use of words to

downgrade findings on external validation studies to sup-

port the development of a new prediction model (Table 1,

misleading transportability). We found this practice equally

detrimental, particularly in studies performed by groups of

independent researchers. Although extrapolation allows to

set the research into ‘real-world’ context by highlighting

the potential final application of the prediction model, we

suggest authors to avoid such statements in concluding par-

agraphs, especially if the study has an explorative rather

than applied aim and furthermore, when it is not even sup-

ported by their analyses and findings.

SPIN is not per se deliberate malpractice. Authors may

overinterpret their findings because of the current academic

reward system, methodological illiteracy, and the prioritiza-

tion of positive and novel studies by journals and funders

[59e61]. On the other hand, readers may find overinter-

preted articles as consequence of poor peer-review, publica-

tion and citation bias, or lack of related expertise [61].

Several more factors and even unconscious ones are likely

to play a role in the complex system of interpreting and

communicating scientific findings. Previous studies have

addressed factors such as conflicts of interest, industry-

based research, authorship, affiliation, and journal’s impact

factor as potential determinants of spin [22,23,62]. SPIN-

PM is the first step toward increasing awareness about spin

practices in development and validation studies on predic-

tion model.

Spin evaluation requires background knowledge about

studies on prediction models and to be weighted in the light

of the context at hand. Authors and readers are still required

to judge how detrimental the spin practice is within the

context of their particular research question, study type

(model development only, development with external vali-

dation, external validation only) or publication type (pre-

print, peer-reviewed, proceedings). Similarly, they need to

determine whether the use of qualifiers (ie, very, clearly)

or ‘hedging’ (ie, may, could) relativizes the certainty of a

statement based on the findings that have been reported.

Readers might still disagree regarding the likely effect of

certain criteria; thus, comprehensive evaluation of spin

practices will remain partially subjective. Efforts to mea-

sure and improve the inter-rater reliability should be

considered when using SPIN-PM for systematic evaluation.

Table 1. Continued

Category of spin Form of spin Criteria Examples

development of a new prediction

model.

contains participants with a

different case-mix. Instead of

recalibrating or adding new

predictors, authors have

redeveloped the model.

Stating the use of

prediction model for a

different outcome, setting,

or population without any

evaluation

Conclusion in main text or abstract

contains statements that

generalize models’ performance to

different outcome, setting, or

population without stating the

need to perform proper evaluation.

‘‘This can be extended to predict

other type of ailments which arise

from metabolic syndrome’’ [45] e

Development-only study.

AUC, area under the curve; EOC, epithelial ovarian cancer.
a Fictitious example.
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Table 2. Examples of facilitators of spin in studies on prediction models

Category of spin Facilitators Criteria Example

Misleading

interpretation

Study aim is unclear

or not reported.

Study aim is partially described or

unspecified within abstract or main text.

‘‘This paper proposes an importance-

driven approach to identify key markers/

features for the detection of early

Parkinson’s disease.’’ [46] d The study

later reports findings of a classification

model based on key predictors.

Key details of

dataset are partially

reported or

unreported.

Information about origin and/or collection

of data, OR enrollment of participants is

not provided within the manuscript,

supplementary material, and/or

referenced. This can occur when using,

for example:

a. Online open data repositories

b. Biobank data

c. Population cohorts

d. Well-known randomized controlled

trials

‘‘Patients diagnosed with COVID-19 from

March 4th to April 5th from eight large

University Hospitals were eligible if they

had positive reverse transcription

polymerase chain reaction (PCR-RT) and

signs of COVID-19 pneumonia on

unenhanced chest CT.’’ [47]

d Insufficient description of data

sources. Further references are not

provided.

Citation of the

original article that

describes the

development of the

prediction model

being validated is

missed.

Information about the development of the

model being validated is not properly

provided within the manuscript or

referenced. It applies to validation studies

only.

‘‘The CHADS2 score ranging from 0 to 6

was calculated for each patient as

congestive heart failure or left ventricular

ejection fraction _75 years (1 point); and

history of stroke, transient ischemic

attack (TIA), or systemic embolism (2

points).’’ [48]d Reference of the original

study is not provided.

Inappropriate

exclusion of

participants from the

analysis.

Discussion and/or Conclusion in main text

lack addressing potential risk of using an

unrepresentative sample of participants

during analysis. Examples where this can

occur include:

a. Inappropriate handling of missing

values

b. Excluding participants with incom-

plete follow-up.

‘‘The results were robust to inclusion of

participants with known risk factors for

cardiovascular disease.’’ [49]

dParticipants with fatal myocardial

infarction were excluded in this study.

Participants are thus a lower-risk sample

of the original population at risk.

Limitations regarding the

unrepresentativeness of the sample are

not further discussed.

Additional

complexities in the

analysis are ignored

(if applicable).

Discussion and/or Conclusion in main text

lack addressing potential limitation due

to unaddressed complexities in the data,

such as long-term outcomes, competing

risks, or clustering. An example is death

in elderly patients before a second event

of interest (competing risk).

‘‘The main finding of our study is the high

specificity for accidental fall prediction

reported in older inpatients.’’ [50] d The

aim is to predict fall risk in older patients;

however, the outcome is treated

dichotomously (ie, fallers have one or

more falls), while data were collected

accounting for all fall events per patient.

Potential limitations are not further

discussed.

Inappropriate

method for internal

validation is used.

Discussion and/or Conclusion in main text

lack addressing potential limitations due

to splitting the original data to obtain a

dataset for internal validation (ie,

testing).

‘‘We randomly split the original dataset

into 70% of patients for a training subset

and 30% for a testing or validation

subset.’’ [51] d The total sample size

was relatively small. No further concerns

are mentioned in discussion.

Reported results are

not in accordance

with study aim and

methods.

Statements in Results describe findings

based solely on analysis that go beyond

the aim and methods reported in main

text. This can occur when reporting on, for

example:

a. Prognostic factors

b. Unplanned subgroups

c. Results based on an analysis that was

not preplanned.

‘‘To develop and validate a prognostic

model applicable to high, middle, low

income countries’’. [52]

d Validation was done using data from

high-income countries alone. However,

this is highlighted later as limitation.
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4.1. Strengths and limitations

We conducted an iterative process to develop SPIN-PM

by engaging in multiple consensus meetings with method-

ologists and statisticians with related expertise. Future

research may expand the panel by including other type of

stakeholders (eg, policy makers), by increasing the number

of participants for further consensus and by choosing a

more robust consensus methodology (eg, Delphi method,

nominal group technique).

Table 3. Examples of facilitators of spin in studies on prediction models

Category of spin Facilitators Criteria Example

Misleading

interpretation

Inaccurate reporting of

performance measures in

development studies

Results in main text are described

in tables or text without stated if

reported performance is apparent

or optimism corrected.

‘‘Additional prediction metrics (eg, recall

and precision) are shown in Table 2.’’

[53] d Unclear in main text whether

reported measures are apparent, or

optimism corrected. No further details are

provided in Table 2 either.

Measures of performance

are partially reported.

Results in main text are partially

reported. Reporting only

discrimination might mislead

reader into appraising a model as

‘‘good’’ without knowing if the

model provides accurate individual

probabilities (calibration). Both

calibration and discrimination

should be reported when

developing risk prediction models.

‘‘In general, NN-based models show

better performance when predicting

readmission, except for CHF (where GBM

outperforms NN).’’ [54] d The aim was

to identify patients at high risk of

readmission; however, calibration

measures are not reported. Judgment of

‘‘better’’ performance is based solely in

discrimination ability.

Performance measures

without confidence

intervals are reported.

Results in main text are reported

without confidence intervals to

indicate the level of precision of

reported performance measures.

‘‘GLMN outperforms the other MLTs

among those implemented with CC

analysis, with higher values of all the

measures used to compare the

algorithms.’’ [55] d Table 2 does not

report confidence intervals for any of the

performance measures presented.

Inappropriate presentation

of plots

Receiver operating characteristics

curves and calibration plots are

presented with their axes squashed

or truncated.

‘‘Fig.5: ROC Curve for classification of

Gaussian K-Base NB Classifier’’ [56]

d Left plot presents the y-axis squashed.

Also, there is no clear definition of what

plot A or B represent in the main text.

Unsubstantiated claims of

superiority of one modeling

approach over another are

stated

Statements in main text and/or in

abstract claim superiority of one

modeling approach over another.

‘‘The performance of most of the ML-

based models was significantly better

than that of conventional methods using a

single clinical feature, Knosp grade,

which is commonly used to predict TTS

response.’’ [57]

Unfair comparison between

models

Statements in main text and/or in

abstract compare models based

solely on their predictive

performance ignoring

methodological differences,

changes on patient’s

characteristics, or clinical context.

‘‘In previous research, accuracies of up to

94% were reported. Our model achieved

95% and is therefore better.’’a

d Comparison is made based on 1%

increase on model performance. Remains

unknown whether this difference was due

to design, methods, or conduct applied to

during models’ development.

Misleading

transportability

Unsubstantiated claims of

clinical usefulness are

reported.

Model performance measures to

determine relevant threshold to

support clinical decisions based

on prediction models are not

reported in main text. Examples

are net benefit (NB), decision

curve analysis (DCA), and net

reclassification improvement

(NRI).

‘‘The results demonstrate that the

proposed technique is suitable with

optimal discrimination . producing

accurate, specific, and decision-oriented

rules to facilitate physician and make

informed choices about their

management and improve health

condition.’’ [45] d Measures to assess

clinical usefulness are not reported

throughout the manuscript.

a Fictitious example.
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Our aim was two-fold: to establish clear definitions and

to enhance the understanding of spin within studies on pre-

diction models by providing examples and contextualizing

their consequences. We broadened our criteria to enhance

the applicability of the framework. By doing so, we have

ensured that SPIN-PM is suitable for a wide range of con-

texts, including not only development and external valida-

tion studies but also both non-AIebased and AI-based

prediction models.

Despite this stepwise process, some practices and facil-

itators are likely to have been overlooked. Furthermore, our

SPIN-PM framework does not provide means to discern

whether spin practices are the result of inexperience, unde-

liberate or deliberate misconduct, or both. Additionally, the

proposed practices do not determine the optimal degree of

proper framing for the communication of prediction

models. Instead, we provide guidance on how to identify

and be cautious about practices that could potentially

adversely impact readers’ interpretations.

4.2. Implication for researchers, reviewers, and readers

Spin practices are embedded in the process of writing, re-

viewing, and publishing scientific literature, in which

different players share a collective responsibility. All authors

and editors commonly use language to emphasize or ‘spin’

the certainty of the results. Behavior that is often encouraged

by today’s volume of research publication in which results

will hardly speak by themselves [17]. The consequence is

a biased representation of science that will almost always

suggest robust solutions to healthcare problems. On the other

hand, authors of well-conducted studies with scientific nov-

elty and importance may appropriately use spin to frame

their research finding and to one extent, it might be neces-

sary to stand out and allow further research.

Inexperience regarding studies on prediction models,

lack of guidance, and language barriers may explain the

presence of spin. Guidance on ‘what to write’ is available

through reporting guidelines, instead guidance on ‘how to

write’ is scarce [3,33,63]. Both TRIPOD and SPIN-PM

serve as tools to improve reporting quality. While adhering

to TRIPOD and the upcoming TRIPOD þ AI checklist

(www.tripod-statement.org) can reduce the chances of

omitting essential information to evaluate a prediction

model, SPIN-PM provides guidance on how such omissions

may lead to misinterpretation of results in other sections of

the manuscript [3,33,64,65].

4.3. Future research

This work should be seen as starting point to identify

and discuss spin practices in prediction research. Further

research could improve the consensus methodology, iden-

tify further facilitators of spin, or develop a severity score

based on the likelihood to distort reader’s interpretation

of each practice (low, moderate, high, unclear) [36].

Similarly, an overall ‘spin-measure’ per study could

contribute to the critical appraisal when conducting system-

atic reviews of prediction models. Moreover, there is an ur-

gent need to implement effective long-term interventions to

reduce spin practices across all study designs [66,67].

4.4. When and how should SPIN-PM be used?

SPIN-PM is primarily intended for researchers reporting

predictionmodels and to assist readers in identifying and eval-

uating spin practices. We anticipate SPIN-PM can be used by

decision-makers when assessing potential utility of prediction

models for routine clinical care.However, the use of SPIN-PM

should be limited to flag and appraise the quality of reporting

of a study rather than the overall methodological quality or

conduct. For this, we recommend using PROBAST and

PROBAST þ AI (www.probast.org) [4]. We stress that

SPIN-PM is not a scoring tool or an instrument for assessing

overall quality or overall presence of spin. Rather, it serves

as a set of definitions designed to assist any reader in identi-

fying misleading practices, facilitating critical appraisal, and

potentially advancing research on spin in studies on prediction

models. We encourage authors, peer reviewers, and editors to

provide further feedback on howwe can improve SPIN-PMor

suggest opportunities to expand the framework’s items in

collaboration with the authors of this article.

5. Conclusion

Spin is a widely recognized phenomenon in the biomed-

ical literature. We call researchers who develop and vali-

date prediction models, either non-AIebased or AI-based,

into publishing results that are both robust and consistent,

as this can improve the quality of future research. With

SPIN-PM, we aim to reduce vague and biased reporting

of findings. We believe by doing so, the uptake of predic-

tion models in clinical practice will be facilitated.
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