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Abstract
Background:

When developing a clinical prediction model, assuming a linear relationship between the continuous
predictors and outcome is not recommended. Incorrect specification of the functional form of
continuous predictors could reduce predictive accuracy. We examine how continuous predictors are

handled in studies developing a clinical prediction model.

Methods:

We searched PubMed for clinical prediction model studies developing a logistic regression model for

a binary outcome, published between 01/07/2020 and 30/07/2020.

Results:

118 studies were included in the review (18 studies (15%) assessed the linearity assumption or used
methods to handle nonlinearity and 100 studies (85%) did not). Transformation and splines were
commonly used to handle nonlinearity, used in 7 (n=7/18,39%) and 6 (n=6/18, 33%) studies
respectively. Categorisation was most often used method to handle continuous predictors
(n=67/118, 56.8%) where most studies used dichotomisation (n=40/67,60%). Only ten models

included nonlinear terms in the final model (n=10/18,56%).

Conclusion:

Though widely recommended not to categorise continuous predictors or assume a linear
relationship between outcome and continuous predictors, most studies categorise continuous
predictors, few studies assess the linearity assumption, and even fewer use methodology to account
for nonlinearity. Methodological guidance is provided to guide researchers on how to handle

continuous predictors when developing a clinical prediction model.



What’s new?

Key findings
o Very few studies assess the linearity assumption or report methods to assess
the functional form of continuous predictors.
e Studies continue to categorise and dichotomise continuous predictors
leading to potential loss of predictive accuracy.

What this adds to what is known?
e We add to the building body of literature showing that continuous predictors
are poorly handled in prediction model research.
e Methodological guidance is provided to guide researchers on how to handle
continuous predictors when developing a clinical prediction model.

What is the implication and what should change now?
e We encourage researchers to consider methods to handle continuous
predictors during study design and protocol development, prior to any

analysis, which should then be reported clearly and transparently in the final
report.




Introduction

Prediction models are used to calculate an individual’s predicted value or estimated risk of a health
outcome [2-5]. They guide clinical decision making by informing diagnosis (probability of having a

disease), prognosis (probability of future health outcomes).

When developing a clinical prediction model, multiple predictors are considered ranging from
patient characteristics, blood test results, data from images and patient reported measures. These
predictors are typically combined into an equation using a regression model, though machine
learning approaches (e.g., random forests, deep learning) are increasingly being used. Predictors
considered for inclusion in the prediction model using regression will often include a continuous
predictor (e.g., age, systolic blood pressure, body mass index). How continuous predictors are
handled during model development will influence model predictions for an individual, and thus can
have an impact on subsequent clinical decisions and patient care. It is therefore important that
researchers carefully consider how continuous predictors are examined and included during the

analysis to ensure a robust model is developed and provides the most accurate predictions.

Potential approaches for handling continuous predictors are to (1) include as a linear term,
indicating that the functional relationship between outcome and the continuous predictor is
assumed to be linear (2) categorise into two or more groups, (3) use transformations, splines, or
fractional polynomials to select their functional (potentially nonlinear relationship between the
outcome and continuous predictors) form of continuous predictors. Including a continuous predictor
as a linear term assumes that one unit increase in the predictor across all values of the predictor has
the same effect on the outcome. Failure to model the functional form appropriately (i.e., the shape
of the relationship between a continuous predictor and the outcome) can lead to a substantial loss
of statistical power to detect and model the true underlying relationship. In turn, this may produce a
prediction model with worse predictive performance and inaccurate predictions to base clinical
decisions on, which can adversely influence patient care [8-13]. Categorising continuous predictors
into two or more groups, a practice that is widely discredited, may lead to a prediction model with
weaker performance compared to a model where the functional form has been modelled
appropriately [10]. Furthermore, as noted in Collins et al “categorising continuous predictors leads
to poor models, as it forces an unrealistic, biologically implausible and ultimately incorrect (step)

relationship onto the predictor and discards information”[10, 14].

How continuous predictors will be handled and analysed (including assessment of modelling

assumptions) should ideally be considered at the design stage when developing the study protocol



(or statistical analysis plan). Furthermore, how continuous predictors are to be handled during
model development should be accounted in the sample size calculation [15-17]. Once sufficient data
is obtained, the functional form of continuous predictors should ideally be analysed using
recommended techniques such as predictor transformation, restricted cubic splines and fractional

polynomials [7, 10, 18-21].

Though research recommendations have long been established for handling continuous predictors
[7,11-13, 18], it is unclear how frequently continuous predictors are actually examined, included and
reported when developing a clinical prediction model. Existing reviews of evaluating the
methodological conduct of prediction model studies have observed that continuous predictors are
frequently handled poorly (e.g., categorised [22-24]), but do not go into more detail. The aim of this
article is to delve deeper, and review how continuous predictors were included in studies developing
a clinical prediction model in low dimensional settings. To do this we sought to examine study
quality and whether authors considered the functional form of continuous predictors in common
prediction modelling scenarios (e.g., predicting binary outcome using logistic regression), including

the reporting of checking linearity, or if nonlinearity was considered and how.



Methods

We conducted a systematic review of studies developing a diagnostic, prognostic or risk prediction
model for a binary outcome that examined at least one continuous candidate predictor and used
logistic regression. The study protocol is available on the Open Science Framework (DOI:

osf.io/TMHU9) [25]. We reported our study following the PRISMA guidelines [26].

Information sources
A systematic search was carried out using an electronic medical literature database (PubMed) on 3
August 2020 for published studies developing a clinical prediction model in any clinical specialty. We

searched for studies published between 1 July 2020 and 30 July 2020.

The search strategy was formed by combining prediction, modelling, and model performance search
terms. Prediction search terms included “prediction”, “prognostic” and “diagnostic”. Modelling
search terms included “model”, “logistic” and “regression”. Model performance search terms
included “discrimination”, “calibration” and “area under the curve”. Publications satisfying the
prediction, modelling and model performance search strings were then restricted to studies

published within the search dates. The complete search strategy is provided in Supplementary Box 1.

Eligibility criteria

Articles were included if they met the following inclusion criteria:
e Studies developing a clinical prediction model (diagnosis or prognosis):
= for any clinical specialty
= for binary outcomes
= using logistic regression (including penalisation approaches e.g., LASSO regression)
® including at least one continuous candidate predictor (e.g., a continuous
measurement, such as, age, height haemoglobin value)
= using any study design:
o experimental studies (e.g., randomised trials)
o observational studies (e.g., cohort studies, case-control studies, registry-based
studies)
* English language studies

*  Primary research studies



Articles were excluded using the following criteria:
e Studies developing a prediction model
= using artificial intelligence or machine learning
= using images or information extracted from images (imaging studies)
= using genetic or omics data (genetic studies)
= using molecular data (molecular studies)
= using lab-based or animal data (lab-based studies)
e Risk or prognostic factor studies, primarily interested in the association of individual risk or
prognostic factors with a particular outcome
e Reviews of clinical prediction models
e Studies only evaluating the performance of a clinical prediction model (i.e., validation
studies)
e Conference abstracts

e Studies with unavailable full text

Studies that developed machine learning models (e.g., random forests, support vector machines)
and compared them to statistical regression-based models were also included, however, only
information on the logistic regression model was extracted. When an article reported more than one

regression model, we extracted information on only the first model that was mentioned.

Study selection, data extraction and management

Studies published in July 2020 were selected to provide a snapshot sample of studies. Publications
retrieved from PubMed were imported into Endnote reference software [27] where duplications
were removed. Publications were then imported into Rayyan [28] web application where they were
again checked for duplicates (and duplicates removed) and screened for title and abstract of articles

against the eligibility criteria, and after which screened for full text inclusion.

Two researchers (JM, PD) independently screened the titles and abstracts of the identified
publications and reviewed the full text of eligible publications. Two researchers, from a combination
of four reviewers (JM, PD, GB, CQ) independently extracted data from eligible publications.

Disagreements were discussed and adjudicated by a fifth reviewer (GSC), where necessary.

The data extraction form was developed based on the Transparent Reporting of a multivariable
prediction model for Individual Prognosis Or Diagnosis (TRIPOD) guideline [29] and the CHecklist for

critical Appraisal and data extraction for systematic Reviews of prediction Modelling Studies



(CHARMS) [30]. These checklists were used to guide data extraction of methods for handling
continuous predictors in the analysis, methods to assess and explore the functional form and
reporting of continuous predictors included in the final model. The data extraction form was piloted
on five studies, inconsistency or difficulties were discussed and the extraction form was amended

accordingly. The data extraction form was implemented in Microsoft Excel.

Data items

Descriptive information was extracted on the overall publication, including items on study design,
source of data, target population, outcome of prediction and the type of model used. Extraction of
methodological items included the number of candidate predictors, number of continuous
predictors, indication (and details) of whether the linearity assumption was examined, details of any
categorisation (including how cut-points were determined), methods to handle nonlinear predictors
(e.g., restricted cubic splines, fractional polynomial), details of the methods used to handle nonlinear
predictors (e.g., knot location for restricted cubic splines, polynomial order for fractional
polynomials), and frequency and details of nonlinear terms included in the final model. The number
of candidate predictors and the number of candidate predictor parameters were considered
‘reported’ if a total number was provided in the article or if the number could be counted. Other
information extracted, included the sample size and number of events, model discrimination and
calibration. For discrimination, we extracted the c-statistic, and for calibration, we extracted
information on the presence of a calibration plot, and any estimates of the calibration slope and

intercept.

Data analysis

Data were summarised using descriptive statistics and a narrative synthesis. Results are presented
overall for studies that explored the functional form of continuous predictors (i.e., checked the
linearity assumption or used methods such as transformation or restricted cubic splines) and studies
that did not explicitly consider the functional form (i.e., no mention of checking linearity and did not
mention using any transformations). The number of candidate predictors and sample size used in
studies were described using median, interquartile ranges (IQR) and ranges. We also calculated the
proportion of candidate predictors that were continuous and that were included in the final
developed model. We calculated the number of events per predictor parameter by dividing the
number of events used to develop the model by the number candidate predictor parameters
(number of degrees of freedom associated with the candidate predictions, calculated by the study

team). Results for discrimination and calibration were summarised for each model. Data were



exported to and analysed in R [31]. We will derive 95% of Confidence Interval (Cl) to quantify the
uncertainty from our sample to make inference to a wider standard population of binary logistic
regression model studies based on the findings from our sample by using “exactci”[32] package with

Clopper-Pearson’s method in R.



Box 1. Description of common approaches to explore the functional form between a
continuous predictor and the outcome! to be predicted
Linear is when a one unit increase in the continuous predictor leads to a constant increase in the

outcome, across the whole range of the predictor values.

Transformations are simple mathematical operations, such as log, square root and inverse, that
are applied to a continuous predictor (all values) so that the (linear) association of the

transformed predictor and the outcome is then modelled.

Fractional polynomials are a set of flexible power transformations to model the relationship
between a continuous predictor and the outcome [1]. The class of fractional polynomials is
defined by a set of eight power transformations (which includes fractional and negative
transformations) including x2, x, x%3, log(x), x*°, x, X2, and x3. The transformations are combined
into simple functions that best capture the relationship between to the predictor and the
outcome. A function selection procedure is used to identify the best fitting function, comparing

against a ‘default’ linear function. [6].

Cubic splines are piecewise cubic polynomials, where the continuous predictor values are
subdivided by knots (cut-points), and separate cubic polynomials are fit to the points that lie
between the knots [7]. The polynomials are forced to meet at the knots to ensure a smooth
relationship between the predictor and the outcome. Cubic splines can often fit poorly in the
tails, so restricted cubic splines may be used, where before the first and after the last knot, the
splines are restricted to be linear. The number and location of knots needs to be specified, with 3
to 5 knots often suitable, typically defined by quantiles of the continuous predictor (to ensure

enough observations between knot locations for each cubic polynomial).

! for binary outcomes this is on the log-odds scale
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Results

The search string identified a total of 1406 publications indexed on PubMed between 1 July 2020
and 30 July 2020. Title and abstract screening excluded 1265 publications and full text screening
excluded a further 23 articles that did not meet inclusion criteria (e.g., were not predicting binary
outcomes, did not develop a logistic prediction model, used images or data from images to predict
the outcome and did not include continuous candidate predictors). In total, 118 studies met
eligibility criteria, including at least one continuous predictor, and were included in this review. The
PRISMA flowchart is provided in Figure 1 and a full reference list of included studies is provided in

Supplementary Table 1.

Study design characteristics

Studies were mainly developed using an existing dataset (n=71/118, 60.2%, Cl: 50.9% - 68.7%).
Eighty-eight studies (n=88/118, 74.6%, Cl: 65.7% - 81.9%) were prognostic studies, and a
complication (e.g., bleeding, infection) was the most prevalent outcome being predicted (n=28/118,
23.7%, Cl: 16.9% - 32.2%). Of the 118 studies developing a logistic regression model, 12 studies

applied penalisation methods (e.g., lasso, elastic net) (10.2%, Cl: 5.8% - 17.3%).

Eighteen studies (n=18/118, 15.3%, Cl: 9.6% - 22.8%) explored the functional form of their
continuous predictors either by reporting that linearity was checked or by describing methods to
handle nonlinearity. One hundred studies (n=100/118, 84.7%, Cl: 77.2% - 90.4%) did not report
exploring the functional form of their continuous predictors (i.e., checking linearity of their
continuous predictors, or describing any methods to handle nonlinearity). Study characteristics of

included studies are presented in Table 1.
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]

Identification

[

Screening

Included

Records identified from PubMed
database (n = 1406)

y

Records screened for title and

abstract (n = 1406)

Reports sought for retrieval

Records excluded on title and abstract (n = 1265)

(n = 141)

y

Reports assessed for eligibility

Reports not retrieved (n = 0)

(n=141)

Reports excluded (n=23):

e Not predicting a binary outcome (n=9)
Not developing a prediction model (n=5)
Not developing a logistic model (n=2)
Imaging study (n=6)
No continuous predictors (n=1)

Studies included in review (n = 118)
Reports of included studies (n = 118)

S

Explored functional form* Did not explore functional form**

(n = 18) (n = 100)

—

Figure 1. PRISMA flowchart
* Reported checking the linearity assumption or reported methods to handle nonlinearity, such as
transformation or restricted cubic splines
** Did not report checking the linearity assumption and did not report using methods to handle
nonlinearity
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Table 1. Study characteristics

All studies (n=118)
n (%)
Study type
Development only 99 (83.9)
Development with external validation 19 (16.1)
Study design/data source
Prospective cohort 24 (20.3)
Existing cohort data 71 (60.2)
Routinely collected data 13 (11.0)
Nested-case-control 5(4.2)
Existing data 4 (3.4)
Randomised trial 1(0.8)
Outcome type
Prognosis 88 (74.6)
Diagnosis 30(25.4)
Explored functional form 18 (15.3)
Functional form assessed* 14 (11.9)
Checked linearity assumption and shows linearity 2(1.7)
Checked linearity assumption and categorised 2(1.7)
Did not explore functional form** 100 (84.7)
Implicitly assumed linearity for all continuous predictors 38(32.2)
Categorised all continuous predictors 40 (33.9)
Both categorised and assumed linearity 22 (18.6)

* Reported checking the linearity assumption or reported methods to handle nonlinearity, such as
transformation or restricted cubic splines

** Did not report checking the linearity assumption and did not report using methods to handle
nonlinearity

Predictors and sample size

All candidate predictors were clearly reported for nearly all models, either presented as a total
number or were able to be counted (n=115/118, 97.5%, Cl: 92.6% - 99.3%). A median of 19
candidate predictors were considered per model (range:5-838) (Table 2). A median of six candidate
continuous predictors were considered per model (range:1-30), with a median of six predictors

included the final model (range:1-163).

Nine studies reported a sample size calculation to develop their models (n=9/118, 7.6%, Cl: 3.9% -
13.9%), none of which accounted for the potential inclusion of nonlinear terms or additional
parameters which would need to be estimated for categorical predictors with three or more
categories. A median of 666 (range:37-345718) individuals and 137 (range: 8-48262) events were

used for model development.
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Combining the number of candidate predictor parameters with number of events resulted in a
median of four events available per predictor (IQR:2.2 to 11.6, n=83 models). A higher number of
events per predictor parameter was used in studies that explored the functional form of their
continuous predictors (median: 10.4; IQR: 7 to 45.2; range:0.8-1141.5, n=18 models), compared to
studies that did not (median: 3.6; IQR: 1.6 t012.6; range: 0.3-1987.3, n=100 models).

Table 2. Summary description of candidate predictors, degrees of freedom (candidate predictor
parameters), continuous predictors, sample size and events per predictor parameter used for model
development.

Reported in Value
the study*
n (%) Median (Q1, Q3)

Candidate predictors clearly reported 115 (97.5) 19 (13, 28)
Degrees of freedom clearly reported 110 (93.2) 23 (16, 31)
Total continuous candidate predictors 109 (92.4) 6(4,11)
Final model predictors reported 110 (93.2) 6 (4, 8)
Total available sample size reported** 117 (99.2) 666 (283, 3013)
Total available events reported** 110 (93.2) 137 (55, 406)
Sample size actually used to develop the model** 118 (100.0) 573 (222, 2179)
Number of events actually used to develop the model** 95 (80.5) 100 (45, 237)
No. events per predictor parameter used to develop the 83 (67.5) 4(2.2,11.6)
model (calculated)***

* The number of studies where this information was reported out of a total of 118 studies

** Total available sample size and number of events refers to the total amount of data available to
be used to develop the model before any potential discarding of data or data splitting into
development (‘train’) and internal validation (‘test’) datasets. The sample size actually used and
number of events refers to the actual size of the data that was used to develop the models after any
discarding of data or data splitting.

*** Estimated using information reported in the primary studies.

Ql=lower quartile, Q3=upper quartile

Handling continuous predictors

Checking the linearity assumption

Of the 100 studies that did not report assessing the linearity assumption or report methods to
handle nonlinearity, all continuous predictors were implicitly assumed and treated as linear for 38

studies (n=38/100, 38%, Cl: 28.9% - 48.0%) and for each of the remaining 62 studies (n=62/100, 62%,

Cl: 52.0% -71.1%) at least one continuous predictor was categorised.

Of the 18 studies for which the linearity assumption was checked or methods to handle nonlinearity
were reported, 16 studies explicitly reported checking the linearity assumption (n=16/18, 88.9%, Cl:
67.0% - 98.0%) and for two studies it was unclear (i.e., nonlinear terms were reported in the

analysis, e.g., squared and cube-root functions, without explicit assessment of linearity) [33, 34].
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Four studies presented a plot of continuous predictors to demonstrate the shape of the relationship
between the continuous predictors and the outcome (n=4/18, 22.2%, Cl: 8.0% - 47.1%); one study
used a Locally Weighted Scatterplot Smoothing (LOESS) [35], one study used splines [36], one study
plotted the continuous predictor against the log-odd of the outcome [37] and for one study the
categorised age was plotted against the outcome [38]. The linearity assumption was commonly
assessed at the univariable analysis level (n=10/18, 55.6%, Cl: 33.0% - 76.4%), but was unclear for 7
studies (n=7/18, 38.9%, Cl: 18.5% - 62.5%). One study assessed the linearity assumption after

adjustment for other predictors.

Categorisation

Categorisation of at least one continuous predictor was carried out in 67 studies (n=67/118, 56.8%,
Cl: 47.5% - 65.7%), including 62 studies that did not explore functional form of their continuous
predictors (n=62/67, 92.5%, Cl: 83.7% - 97.0%) and five studies that did explore functional form
(n=5/67, 7.5%, Cl: 3.0% - 16.3%). Of these five studies, two assessed the linearity assumption but still
categorised all their continuous predictors [38, 39] and three studies categorised their continuous
predictors in addition to nonlinear terms (that accounted for their functional form) [33, 40, 41].
Forty-two studies (62.7%, Cl: 50.3% - 73.9%) categorised all their continuous predictors.
Dichotomisation of continuous predictors was the most prevalent approach (n=40/67, 59.7%, Cl:
47.4% - 71.0%), whilst the remaining studies used three categories (n=6), four categories (n=3), five

categories (n=1), six categories (n=2) and a mixed number of categories (n=15).

Most studies provided no rationale when categorising their continuous predictors (n=56/67, 83.6%,
Cl: 72.5% - 91.0%). One study determined their categorisation cut-off values by assessing sensitivity
of univariable models (“we analysed the AUC to determine the best cut-off point of the parameters
in the derivation cohort”) [42], one study dichotomised using the mean [43], two studies used
quantiles [41, 44] and one study used the outcome prevalence [45]. Four studies reported using
clinically informed cut-offs [46-49], and two studies claimed using cut-offs informed by previous

literature [50, 51].

Exploring functional form

Of the 18 studies exploring functional form, six studies used (restricted) cubic splines to assess and
capture the functional form of their continuous predictors (n=6/18, 33.3%, Cl: 15.6% - 58.6%). Of
these, one study concluded that the relationship between the continuous predictor and outcome

was linear (“The relationship between CPT specific complication event rate and the probability of

15



any complication was approximately linear when visually inspected using a cubic smoothing spline.”
[36]) and so did not include any nonlinear terms in their final model, and one study did include a
nonlinear term in their final model without providing any additional information to support the
inclusion of nonlinear terms [52]. Three models reported the number of knots in their cubic splines

analysis [35, 53, 54], and three models reported the knot location [35, 52, 54].

Fractional polynomials were used in three studies (n=3/18, 11.1%, Cl: 4.7% - 41.4%). One study used
fractional polynomials to examine the linearity assumption and concluded the continuous predictors
could be assumed to be linear [55]. One study reported the order of the fractional polynomials [56],
and for one study the fractional polynomial order was unclear and nonlinear terms were not
included in the final model stating in the methods that “polynomial relationships for continuous
covariates were also explored” and in the discussion that “complex nonlinear relationships between
the covariates and the outcome that are difficult to explicitly capture even with the use of

techniques such as including polynomial terms or cubic spline" [41].

Seven studies applied a transformation to their continuous predictors (n=7/18, 38.9%, Cl: 18.5% -
62.5%); three studies used a log (base 10) transformation [40, 57, 58], two studies used quadratic
transformations [59, 60]; one study used a squared transformation [33]; and one study used a cube-

root transformation [34].

Twelve studies developed their model using penalised regression (ten used LASSO regression, one
used Ridge regression, one used elastic net), only two of these studies explored the functional form

of the continuous predictors by using transformation and cubic spline [36, 60].

Model presentation

Eighty-one models (n=81/118, 68.4%, Cl: 59.8% - 76.5%) were inadequately presented, precluding
them to be used or applied on a new individual as they did not report all the necessary information;
22 models did not report any regression coefficients or the intercept, and 59 models reported the
regression coefficients but not the intercept. Only 37 models were fully reported and provided the

necessary model regression coefficients with the intercept (n=37/118, 31.4%, Cl: 23.5% - 40.2%).
Ten models (n=10/18, 55.6%, Cl: 33.0% - 76.4%) out of those that used nonlinear terms included the

nonlinear terms in the final model, of which eight models (n=8/10, 80%, Cl: 44.7% - 96.3%) reported

the intercept and all parameter estimates of the model. Seven models did not include nonlinear

16



terms in their final model and for one model it was unclear. Of the 8 models including nonlinear
terms in the final model, two reported the restricted cubic spline terms (however, only one reported
the required spline cut points and parameter estimates, whilst the second study did not report the
spline cut points), two reported the fractional polynomial terms and four reported the
transformation term. Further details on the reporting and presentation of the nonlinear terms are

provided in Supplementary Table 2.

Validation and model performance

Bootstrapping was the most common method to internally validate models where functional form
had been explored (n=8/18, 44.4%, Cl: 23.6% - 67.0%) and the split sample approach was most
common in studies that did not explore functional from of their continuous predictors (n=40/100,

40%, Cl: 30.6% - 50.0%).

Discrimination measures, such as the area under the Receiver Operating Characteristic (ROC) curve
(AUC) and analogous measures (e.g., c-statistic), was reported in almost all studies (n=116/118, 98%,
Cl: 93.8% -99.7%), with similar levels of reporting between studies exploring functional form and
studies that did not. However, calibration was more poorly reported in comparison to discrimination
measures with about half of studies reporting recommended calibration metrics (i.e., including a
calibration plot or reporting the calibration slope or intercept) (n=63/118, 53.4%, Cl: 44.1% - 62.3%).
Reporting the recommended calibration metrics were higher in studies exploring the functional form
of their continuous predictors (n=13/18, 72.2%, Cl: 47.1% - 88.4%) compared to studies that did not
(n=50/100, 50%, 40.0% - 60.0%). However, comparable levels of studies reported the
(unrecommended and uninformative) Hosmer Lemeshow test as a measure of calibration (explored
functional form: 3/18, 17% [4.7% - 41.4%] vs did not explore functional form: 18/100, 18% [11.3% -
26.9%]). Additional information on the approaches used to internally validate the models and
reporting and summary of model performance measures are presented in Supplementary Tables 3, 4

and Figure 1.

Reporting standards

Nineteen studies mentioned using a reporting guideline (n=19/118, 16.1%, Cl: 10.4% - 24.1%), of
which 16 studies used the Transparent Reporting of a multivariable prediction model for Individual
Prognosis or Diagnosis (TRIPOD) reporting guideline. One study used STROCSS 2021: Strengthening
the reporting of cohort, cross-sectional and case-control studies in surgery, one study used The

Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) Statement, and one
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study used the CONSORT 2010 Statement: updated guidelines for reporting parallel group
randomised trials. A higher proportion of studies addressing nonlinear continuous predictors used
the recommended TRIPOD reporting guideline (n=7/18, 38.9%, Cl: 18.5% - 62.5%) compared to
studies that did not (9/100, 9%, Cl: 4.6% - 16.4%).
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Discussion

Summary of findings

We reviewed 118 studies describing the development of a clinical prediction model for a binary
outcome using logistic regression that included at least one continuous candidate predictor. Very
few studies assessed the linearity assumption or reported methods to assess the functional form of
their continuous predictors using simple transformations, restricted cubic splines or fractional
polynomials. For one study it was also unclear if fractional polynomials (or other polynomials forms)
were indeed used as the details were unclear and nonlinear terms were not included in the final
model[38]. We included this study in the ‘exploring functional form’ group as they reported in the
methods that “polynomial relationships for continuous covariates were also explored” and reported
in the discussion that “complex nonlinear relationships between the covariates and the outcome
that are difficult to explicitly capture even with the use of techniques such as including polynomial
terms or cubic spline”. So, even for studies exploring the functional form of their continuous

predictors, there remains ambiguity around what was done and poor reporting.

Studies more often assumed the relationship between continuous predictors and the outcome to be
predicted was linear, with no attempt to explore whether this assumption was true. Many studies
implicitly assumed linearity (i.e., they did not report checking this assumption), possibly unaware
that simply ‘including’ a predictor in the model assumes that the predictor is linearly associated with
the outcome that needs to be checked or appropriately modelling to ensure the validity of the
developed model (for logistic regression, linearity on the logit scale). Other studies categorised
continuous predictors, which will ultimately lead to models with a loss in accuracy, leading to
potentially harmful outcomes if decisions were to be made using these predictions. The very few
studies that assessed the linearity assumption or reported methods to assess the functional form of
continuous predictors used simple transformations, restricted cubic splines or fractional
polynomials. However, even in some of these studies, categorisation of all or some predictors was

carried out.

We found some indication that studies exploring the functional form of their continuous predictors
(either assessing the linearity assumption or using methods to handle nonlinear predictors) were
more methodologically robust, or more likely to follow good and established practices in model
development and evaluation. For example, these studies were typically larger, more likely to use
resampling methods to internally validate their models and cited reporting their studies following

the TRIPOD reporting guideline. These studies were also more likely to report the recommended
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measures to assess calibration (i.e., a calibration plot, calibration slope and calibration-in-the-large).
This suggests that researchers of studies exploring functional form had a better understanding and

thought-out design and analysis to develop their prediction model.,

A higher number of events per predictors were included in the studies that exploring the functional
form of their continuous predictors. However, we note that for many studies there were at most 1
or 2 events per predictor. When the sample size or number of events is this small and used to
develop a model, checking the linearity assumption is challenging and adequately handling
continuous, non-linear predictors even more challenging due to either convergence issues, or risk of
overfitting the model which can also weaken the prediction performance of the model. In this case
study teams may be forced to compromise modelling the shape of the outcome-predictor
relationship. Of course, this needn’t be the case through well thought out analyses informed by

comprehensive sample size calculations”.

Also, when higher order terms (e.g., splines or fractional polynomials) are included in the model, it
introduces the possibility of interaction terms between predictors. The inclusion of interaction terms
adds complexity to the model and increase the number of parameters needed to be estimated. It is
important that interaction terms are also considered, starting at the design stage, and are checked

and reported.

Context

Handling continuous predictors is an important issue for prediction model research and is also an
important item in the formal risk of bias assessment of these studies (item 4.2: “Were continuous
and categorical predictors handled appropriately?”)[61, 62]. Poor or lack of handling continuous
predictors may result in biased coefficients, mis-specified models, that ultimately lead to inaccurate

predictions and thus increases the risk of bias of a prediction model.

Many reviews have highlighted poor reporting and methodological concerns about how continuous
predictors are handled in the methods (i.e., use of categorisation or dichotomisation), and how they
are presented in the results (often not reported), in line with our findings [22, 23, 63, 64]. For
example, a systematic review of prediction models for type 2 diabetes showed 63% of studies
categorised all or some of continuous risk predictors, only 13% studies considered nonlinear terms
and only one included nonlinear terms in the final model [47]. However, few studies have provided

details about prevalence of studies assessing the nonlinearity assumption, how this is done and how
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nonlinearity terms are reported in the results. These reviews also observed inadequate sample sizes
when developing prediction models based on the number of candidate predictors and the number
of available events [22, 63, 64]. Whilst new sample size guidance is now available [16], it is highly

unlikely that these studies would have met the new criteria.

Categorisation, and in particular dichotomisation (coined ‘dichotomania’ by Stephen Senn [65]), has
been a long standing problem in regression modelling, and has been warned against by statisticians
[10, 66]. Accurately predicting outcomes is challenging, and categorisation - particularly with fewer
categories, makes this prediction more difficult by discarding information, and whilst more categories
might lose less information, the sample size requirements increase (more parameters need to be
estimated). It also forces individuals with values above and below a cut-point who are similar to have
a different risk, and those in same category (but at the extremes) will have the same risk but could be
quite different. Assumptions of linearity should be checked and reported (e.g., residuals, model fit,

plots) by the shape of the relationship between a continuous predictor and the outcome.

Strengths and limitations

Our review highlights current practice of handling continuous predictors in studies developing clinical
prediction models, including assessment of the linearity assumption for regression modelling,
methods to handle nonlinear predictors and reporting nonlinear terms in the final model. We limited
our search to studies published in a single electronic medical literature database and those published
between 01 July 2020 and 30 July 2020. We used this sample of studies to both estimate the
proportion of studies that assess the linearity assumption and describe how continuous predictors
were commonly handled. It is unlikely that additional studies would change the conclusion of this
review. A further limitation is the search was carried out three years ago and the study was stalled
during the COVID-19 pandemic. However, given the long-standing concerns of handling continuous
predictors (also observed in the large number of COVID-19 prediction models [67], contributing to
high risk of bias concerns), and no major initiatives in the intervening period to tackle this, including a

more recent sample of papers will unlikely have changed our results and conclusions.

We focussed our review to studies predicting a binary outcome using logistic regression to reflect
more common clinical prediction model scenarios and excluded studies predicting other outcome
types (e.g., time-to-event), other modelling approaches (e.g., Cox regression) and non-linear models

of the predictor parameters themselves, where the functional form of continuous predictors would
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also need to be explored. However, given studies have shown that handling of continuous predictors
is poor[68], irrespective of outcome type and modelling approaches, the findings of this review remain

relevant and applicable.

Methods to handle nonlinear continuous predictors such as fractional polynomials and restricted
cubic splines are available and widely implemented in statistical software (e.g., in R, Stata), but remain
underused and poorly reported. Reason for this might include lack of involving statistical expertise,
lack of data, or because of the complexity of the functional form that is difficult to capture and present.
For example, one study in our review reported that the "Complex nonlinear relationships between the
covariates and the outcome that are difficult to explicitly capture even with the use of techniques such
as including polynomial terms or cubic spline"[41]; and another study in our review reported “the
calculation of continuous variables is not simple and cannot be conducted mentally; therefore, we

further simplified the model”[38].

The functional form can be complicated when reporting the regression coefficients particularly using
restricted cubic splines (Supplementary Box 2), especially if the study has many continuous predictors.
However, reporting of ‘complex’ prediction models that include nonlinear terms is less of an issue with
options to now make statistical code available (e.g., GitHub and the Open Science Framework). We
have provided a list of R packages (supplementary table 5) that can be used for handling continuous

predictors.

Future research/research recommendations

Handling continuous predictors should be considered prior to any analysis during study design and
protocol development. Further guidance is needed to help researchers planning their research so
that important study design features such as sample size and handling of continuous predictors, are
fully considered and accounted for. The STRengthening Analytical Thinking for Observational Studies
(STRATOS) initiative and in particular topic group 2, provides evidence-supported guidance to
researchers with a basic level of statistical knowledge on selection of functional forms in
multivariable analyses [19, 69]. The TRIPOD statement also explains why and how continuous
predictors should be checked for linearity, and how the handling of each predictor in the analysis
should be clearly reported. Though TRIPOD is available as a reporting guideline for prediction model
studies, additional guidance for appropriate methods for handling nonlinear predictors and

reporting nonlinear terms in the final is needed. We have provided some recommendations (Box 2)
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on how to handle continuous predictors and what to report when developing a clinical prediction
model. For example, if using restricted cubic splines, the number of knots and their location needs to

be reported for transparent research.

Box 2. Recommendations on handling continuous predictors

1. Protocol development
a. Anticipate any potential nonlinear continuous predictor-outcome relationships
during the study design.
b. Account for any potential nonlinear parameters when calculating the sample size,
i.e., including additional predictor parameters in sample size calculation[15, 17].
c. Describe methods to assess the functional form and handling potential nonlinear
continuous predictors during the model building.

2. Avoid categorisation or dichotomisation of continuous predictors
a. Continuous predictors are often converted into categorical or dichotomous
variables[22-24], often to avoid making assumptions about the predictor-outcome
relationship. The perceived reasoning behind categorisation is clinical relevance, ease
and interpretability. However, categorising continuous predictors imposes an
implausible step function at the cut-point, discards information and comes at a loss in
predictive accuracy[11, 65].

3. Assess the functional form of each continuous predictor-outcome relationship
a. Plot and visually assess the continuous predictor values against the log-odds (for
binary) / log-hazard (for time-to-event) of outcome, and plots of deviance residuals,
after fitting linear and nonlinear terms.
b. Appropriately model the functional form, and report the methods (and details) used,
e.g., linear, transformations, restricted cubic splines (including number, and location
of knots), fractional polynomials.

4. Completely and transparently report all methods used to check and model the functional
form of nonlinear predictors
a. Use the TRIPOD statement to guide to reporting [20]
b. Fully report the final developed model with all terms, the respective coefficient
values, including the intercept. See Supplementary Box 2 for converting the terms
using restricted cubic splines.

Conclusion

The handling of continuous predictors when developing a clinical prediction model is generally poor.
Many studies are seemingly unaware or overlook the importance of correctly specifying the
functional form of the relationship between the predictors and the outcome. Assuming linearity,

without checking, as well as categorising (and in particular dichotomising) predictors can lead to
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models with poor predictive accuracy, and more importantly poor predictions that could influence
clinical decision making and ultimately patient outcomes. Whilst the importance of handling
continuous predictors is widely understood among some researchers, there is clearly a need to

provide guidance to the wider group of researchers who often carry out this research.

24



References

10.

11.

12.

13.

14.

15.

16.

17.

Royston, P. and D.G. Altman, Regression Using Fractional Polynomials of Continuous
Covariates: Parsimonious Parametric Modelling. Journal of the Royal Statistical
Society. Series C (Applied Statistics), 1994. 43(3): p. 429-467.

Hippisley-Cox, J., C. Coupland, and P. Brindle, Development and validation of QRISK3
risk prediction algorithms to estimate future risk of cardiovascular disease:
prospective cohort study. BMJ, 2017. 357: p. j2099.

Hippisley-Cox, J., et al., Predicting cardiovascular risk in England and Wales:
prospective derivation and validation of QRISK2. BMJ, 2008. 336(7659): p. 1475-
1482.

Hippisley-Cox, J. and C. Coupland, Symptoms and risk factors to identify men with
suspected cancer in primary care: derivation and validation of an algorithm. British
Journal of General Practice, 2013. 63(606): p. el1-e10.

Hippisley-Cox, J. and C. Coupland, Symptoms and risk factors to identify women with
suspected cancer in primary care: derivation and validation of an algorithm. British
Journal of General Practice, 2013. 63(606): p. e11-e21.

Royston, P. and D.G. Altman, Approximating statistical functions by using fractional
polynomial regression. Journal of the Royal Statistical Society: Series D (The
Statistician), 1997. 46(3): p. 411-422.

Gauthier, J., Q.V. Wu, and T.A. Gooley, Cubic splines to model relationships between
continuous variables and outcomes: a guide for clinicians. Bone Marrow
Transplantation, 2020. 55(4): p. 675-680.

Frank E. Harrell , J., Regression Modeling Strategies. In: With Applications to Linear
Models, Logistic and Ordinal Regression, and Survival Analysis. New York: Springer.
2001.

Heinze, G., C. Wallisch, and D. Dunkler, Variable selection - A review and
recommendations for the practicing statistician. Biom J, 2018. 60(3): p. 431-449.
Collins, G.S., et al., Quantifying the impact of different approaches for handling
continuous predictors on the performance of a prognostic model. Statistics in
Medicine, 2016. 35(23): p. 4124-4135.

Royston, P., D.G. Altman, and W. Sauerbrei, Dichotomizing continuous predictors in
multiple regression: a bad idea. Stat Med, 2006. 25(1): p. 127-41.

van Walraven, C., Hart, R. G., Leave 'em alone - why continuous variables should be
analyzed as such. Neuroepidemiology, 2008. 30(3): p. 138-9.

Nieboer, D., et al., Nonlinear modeling was applied thoughtfully for risk prediction:
the Prostate Biopsy Collaborative Group. Journal of Clinical Epidemiology, 2015.
68(4): p. 426-434.

Collins, G.S., et al., Risk Prediction Models in Perioperative Medicine: Methodological
Considerations. Current Anesthesiology Reports, 2016. 6(3): p. 267-275.

Riley, R.D., et al., Minimum sample size for developing a multivariable prediction
model: PART Il - binary and time-to-event outcomes. Statistics in Medicine, 2019.
38(7): p. 1276-1296.

Riley, R.D., et al., Calculating the sample size required for developing a clinical
prediction model. BMJ, 2020. 368: p. m441.

Riley, R.D., et al., Minimum sample size for developing a multivariable prediction
model: Part | - Continuous outcomes. Stat Med, 2019. 38(7): p. 1262-1275.



18.

19.

20.

21.

22.

23.

24,

25.

26.

27.
28.

29.

30.

31.
32.

Sauerbrei, W. and P. Royston, Building multivariable prognostic and diagnostic
models: transformation of the predictors by using fractional polynomials. Journal of
the Royal Statistical Society: Series A (Statistics in Society), 1999. 162(1): p. 71-94.
Sauerbrei, W., et al., State of the art in selection of variables and functional forms in
multivariable analysis—outstanding issues. Diagnostic and Prognostic Research,
2020. 4(1): p. 3.

Moons, K.G., et al., Transparent Reporting of a multivariable prediction model for
Individual Prognosis or Diagnosis (TRIPOD): explanation and elaboration. Ann Intern
Med, 2015. 162(1): p. W1-73.

Sauerbrei, W., P. Royston, and H. Binder, Selection of important variables and
determination of functional form for continuous predictors in multivariable model
building. Statistics in Medicine, 2007. 26(30): p. 5512-5528.

Bouwmeester, W., et al., Reporting and methods in clinical prediction research: a
systematic review. PLoS medicine, 2012. 9(5): p. 1-12.

Collins, G.S., et al., Developing risk prediction models for type 2 diabetes: a
systematic review of methodology and reporting. BMC medicine, 2011. 9: p. 103-103.
Ahmed, |., et al., Developing and validating risk prediction models in an individual
participant data meta-analysis. BMC Medical Research Methodology, 2014. 14(1): p.
3.

Ma, J., Paula Dhiman, and Gary Collins, A Systematic Review Protocol of Handling
Continuous Predictors in Prediction Model Studies. OSF, 2022.

Page, M.J,, et al., The PRISMA 2020 statement: an updated guideline for reporting
systematic reviews. BMJ, 2021. 372: p. n71.

Team, T.E., EndNote. 2013, Clarivate: Philadelphia, PA.

Ouzzani, M., et al., Rayyan—a web and mobile app for systematic reviews.
Systematic Reviews, 2016. 5(1): p. 210.

Collins, G.S., et al., Transparent Reporting of a multivariable prediction model for
Individual Prognosis Or Diagnosis: The TRIPOD statement. Ann Intern Med, 2015.
162: p. 55-63.

Moons, K.G., et al., Critical Appraisal and Data Extraction for Systematic Reviews of
Prediction Modelling Studies: The CHARMS Checklist. PLoS Med, 2014. 11(10): p.
e1001744.

Team, R.C., R: A Language and Environment for Statistical Computing. 2016.

Fay, M.P., Exact P-Values and Matching Confidence Intervals for Simple

Discrete Parametric Cases. 2022.

33.

34.

35.

36.

Kiddle SJ, W.H., S. SR, and Q. JK, Prediction of five-year mortality after COPD
diagnosis using primary care records. PloS one, 2020. 15(7): p. e0236011.

Nguyen TL, L.S., et al., Interval breast cancer risk associations with breast density,
family history and breast tissue aging. International journal of cancer, 2020. 147(2):
p. 375-382.

Xiao KY, H.R., et al., Models for acute on chronic liver failure development and
mortality in a veterans affairs cohort. Hepatology international, 2020. 14(4): p. 587-
596.

Bronsert M, S.A., et al., Identification of postoperative complications using electronic
health record data and machine learning. American journal of surgery, 2020. 220(1):
p. 114-119.



37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

Roshanov PS, G.G., et al., Preoperative prediction of Bleeding Independently
associated with Mortality after noncardiac Surgery (BIMS): an international
prospective cohort study. British journal of anaesthesia, 2020.

Kong L, L.T., et al., A Simple Four-factor Preoperative Recipient Scoring Model for
Prediction of 90-day Mortality after Adult Liver Transplantation:A Retrospective
Cohort Study. International journal of surgery (London, England), 2020.

Pareek N, K.P., et al., A practical risk score for early prediction of neurological
outcome after out-of-hospital cardiac arrest: MIRACLE2. European heart journal,
2020.

Zelis N, B.J., et al., A new simplified model for predicting 30-day mortality in older
medical emergency department patients: The rise up score. European journal of
internal medicine, 2020. 77: p. 36-43.

Sutradhar R, B.L., Comparing an Artificial Neural Network to Logistic Regression for
Predicting ED Visit Risk Among Patients With Cancer: A Population-Based Cohort
Study. Journal of pain and symptom management, 2020. 60(1): p. 1-9.

Kwak HS, P.J., Can Computed Tomographic Angiography Be Used to Predict Who Will
Not Benefit from Endovascular Treatment in Patients with Acute Ischemic Stroke?
The CTA-ABC Score. Journal of Korean Neurosurgical Society, 2020. 63(4): p. 470-476.
Kuo TJ, H.C., et al., Nomogram for pneumonia prediction among children and young
people with cerebral palsy: A population-based cohort study. PloS one, 2020. 15(7):
p. e0235069.

Du X, M.J,, et al., Predicting in-hospital mortality of patients with febrile neutropenia
using machine learning models. International journal of medical informatics, 2020.
139: p. 104140.

Muttai H, G.B., et al., Development and Validation of a Sociodemographic and
Behavioral Characteristics-Based Risk-Score Algorithm for Targeting HIV Testing
Among Adults in Kenya. AIDS and behavior, 2020.

Wong GJY, P.J.,, L. YY, and L. CCH, Refeeding Hypophosphatemia in Patients Receiving
Parenteral Nutrition: Prevalence, Risk Factors, and Predicting Its Occurrence.
Nutrition in clinical practice : official publication of the American Society for
Parenteral and Enteral Nutrition, 2020.

Rothenberg KA, G.E., et al., Assessment of the Risk Analysis Index for Prediction of
Mortality, Major Complications, and Length of Stay in Patients who Underwent
Vascular Surgery. Annals of vascular surgery, 2020. 66: p. 442-453.

Vitzthum LK, R.P., et al., Predicting Persistent Opioid Use, Abuse, and Toxicity Among
Cancer Survivors. Journal of the National Cancer Institute, 2020. 112(7): p. 720-727.
Chu R, C.W,, et al., Predicting the Risk of Adverse Events in Pregnant Women With
Congenital Heart Disease. Journal of the American Heart Association, 2020. 9(14): p.
e016371.

Balachandren N, S.M., et al., Ovarian reserve as a predictor of cumulative live birth.
European journal of obstetrics, gynecology, and reproductive biology, 2020. 252: p.
273-277.

Wang S, T.S,, et al., Development and validation of a novel scoring system developed
from a nomogram to identify malignant pleural effusion. EBioMedicine, 2020. 58: p.
102924.

Mourelo-Farifia M, P.S. and G. R, A Model for Prediction of In-Hospital Mortality in
Patients with Subarachnoid Hemorrhage. Neurocritical care, 2020.



53.

54,

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

Milton A, S.A., Soliman |, et al., ICU discharge screening for prediction of new-onset
physical disability-A multinational cohort study. Acta anaesthesiologica Scandinavica,
2020. 64(6): p. 789-797.

Johnsen MB, M.K., et al., Development and validation of a prediction model for
incident hand osteoarthritis in the HUNT study. Osteoarthritis and cartilage, 2020.
28(7): p. 932-940.

Willems SJ, C.M., et al., Baseline Patient Characteristics Commonly Captured Before
Surgery Do Not Accurately Predict Long-Term Outcomes of Lumbar Microdiscectomy
Followed by Physiotherapy. Spine, 2020. 45(14): p. E885-E891.

Algahtani M, G.R., et al., Can we better predict readmission for dehydration following
creation of a diverting loop ileostomy: development and validation of a prediction
model and web-based risk calculator. Surgical endoscopy, 2020. 34(7): p. 3118-3125.
Bai W, C.J,, et al., A Predictive Model for the Identification of Cardiac Effusions
Misclassified by Light's Criteria. Laboratory medicine, 2020. 51(4): p. 370-376.

Jalali A, F.R., Maweni RM, Murphy K, et al., A risk calculator to inform the need for a
prostate biopsy: a rapid access clinic cohort. BMC medical informatics and decision
making, 2020. 20(1): p. 148.

Song J, G.L., et al., Prediction model for clinical pregnancy for ICSI after surgical
sperm retrieval in different types of azoospermia. Human reproduction (Oxford,
England), 2020.

Raita Y, C.C.J,, et al., Machine learning-based prediction of acute severity in infants
hospitalized for bronchiolitis: a multicenter prospective study. Scientific reports,
2020. 10(1): p. 10979.

PROBAST: A Tool to Assess the Risk of Bias and Applicability of Prediction Model
Studies. Annals of Internal Medicine, 2019. 170(1): p. 51-58.

PROBAST: A Tool to Assess Risk of Bias and Applicability of Prediction Model Studies:
Explanation and Elaboration. Annals of Internal Medicine, 2019. 170(1): p. W1-W33.
Heus, P., et al., Poor reporting of multivariable prediction model studies: towards a
targeted implementation strategy of the TRIPOD statement. BMC medicine, 2018.
16(1): p. 120-120.

Mallett, S., et al., Reporting methods in studies developing prognostic models in
cancer: a review. BMC medicine, 2010. 8: p. 20-20.

Senn, S.J. Dichotomania: An Obsessive Compulsive Disorder that is Badly Affecting
the Quality of Analysis of Pharmaceutical Trials. 2005.

Steyerberg, E.W., et al., Poor performance of clinical prediction models: the harm of
commonly applied methods. J Clin Epidemiol, 2018. 98: p. 133-143.

Wynants, L., et al., Prediction models for diagnosis and prognosis of covid-19:
systematic review and critical appraisal. Bmj, 2020. 369: p. m1328.

Dhiman, P., et al., Methodological conduct of prognostic prediction models developed
using machine learning in oncology: a systematic review. BMC Medical Research
Methodology, 2022. 22(1): p. 101.

Sauerbrei, W., et al., STRengthening Analytical Thinking for Observational Studies:
the STRATOS initiative. Statistics in Medicine, 2014. 33(30): p. 5413-5432.



What’s new?

Key findings

Very few studies assess the linearity assumption or report methods to assess
the functional form of continuous predictors.

Studies continue to categorise and dichotomise continuous predictors
leading to potential loss of predictive accuracy.

What this adds to what is known?

We add to the building body of literature showing that continuous predictors
are poorly handled in prediction model research.

Methodological guidance is provided to guide researchers on how to handle
continuous predictors when developing a clinical prediction model.

What is the implication and what should change now?

We encourage researchers to consider methods to handle continuous
predictors during study design and protocol development, prior to any

analysis, which should then be reported clearly and transparently in the final
report.
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