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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   This article proposes 12 key recommendations for the application of medical prediction models in clinical practice.

■   Developing prediction models isn't just software output; it requires avoiding pitfalls at multiple steps.

■   Publication alone can't ensure prediction model use; clinical value and physician acceptance are essential.

■   Promoting prediction models requires internal and external validation, impact evaluation, and expert support.
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Prediction  models  play  a  pivotal  role  in  medical  practice.  To  ensure  their
clinical  applicability,  it  is  essential  to  guarantee  the  quality  of  predictive
models at multiple stages. In this article, we propose twelve recommenda-
tions for the development and clinical implementation of prediction models.
These  include  identifying  clinical  needs,  selecting  appropriate  predictors,
performing  predictor  transformations  and  binning,  specifying  suitable
models,  assessing  model  performance,  evaluating  reproducibility  and
transportability,  updating  models,  conducting  impact  evaluations,  and
promoting  model  adoption.  These  recommendations  are  grounded  in  a
comprehensive synthesis of insights from existing literature and our exten-
sive  clinical  and  statistical  experience  in  the  development  and  practical
application of prediction models.
 

INTRODUCTION
The  medical  field  is  witnessing  a  surge  in  the  development  of  predictive

models. Despite numerous publications, only a limited number of models are
actively  utilized  in  clinical  settings.  This  gap  primarily  stems  from  concerns
about the quality of the models. While most prediction models report moder-
ate to excellent performance, there is often a significant risk of bias. Studies
conducted by Wynants et al.,1 Liu et al.,2 and Kaiser et al.,3 evaluating 606, 15,
and 42 models respectively, revealed high bias risks, with proportions of 90%,
83%, and  81%.  Moreover,  practical  considerations  such  as  clinician  accep-
tance,  the  model's  utility  for  patients,  and  its  applicability  across  various
promotional scenarios play crucial roles in the successful clinical implemen-
tation of these models.

The TRIPOD (Transparent Reporting of a Multivariable Prediction Model for
Individual Prognosis  or  Diagnosis)  statement  provides guidelines for  report-
ing on the development, validation, or updating of prediction models, whether
for diagnostic or prognostic purposes.4 Although TRIPOD has released guide-
lines  for  enhancing  the  quality  of  article  publications  regarding  predictive
models, these recommendations primarily offer general suggestions without
providing specific  guidance  for  each  stage.  Furthermore,  TRIPOD  predomi-
nantly focuses on improving the quality of article publications rather than the
clinical implementation of models.

In this article,  we propose twelve recommendations to enhance the appli-
cation  of  predictive  models  in  clinical  practice,  whether  for  diagnostic  or
prognostic purposes. These recommendations emphasize the significance of
clinical  requirements,  meticulous  predictor  choice,  robust  variable  selection
methods, rigorous  performance  validation,  and  appropriate  impact  evalua-
tion  techniques.  Our  focus  is  primarily  on  prediction  models  for  binary
outcomes  (i.e.,  whether  a  patient  experiences  an  event  or  not),  which  are
commonly encountered in medical prediction studies. The recommendations
presented in this article integrate statistical strategies with the author team's
extensive  experience  in  developing  and  applying  three  specific  models:

OvaRePred model  (for  evaluating  and  predicting  female  ovarian  reserve),5

PCOSt model  (a  screening  tool  for  polycystic  ovary  syndrome  (PCOS),  a
reproductive endocrine disorder in women),6 and POvaStim model (for guid-
ing follicle-stimulating hormone (FSH) dosage).7 These models are currently
in  use  at  multiple  hospitals  and  physical  examination  institutions  in  China,
and they are also undergoing preparations for extensive clinical implementa-
tion. 

IDENTIFYING THE NECESSITY OF MODEL DEVELOPMENT
Before initiating model development, it is vital to assess whether there is a

genuine  clinical  need  and  potential  for  practical  application.  Identifying  a
precise and  relevant  clinical  problem  is  of  paramount  importance,  encom-
passing both  the  model's  clinical  utility  and  its  feasibility  for  actual  imple-
mentation.8 For instance,  a  pediatrician  considered  utilizing  a  gaming  plat-
form  to  evaluate  children's  attention  and  develop  a  diagnostic  model  for
attention  deficit  hyperactivity  disorder  (ADHD).  However,  the  current  clinical
diagnosis of  ADHD largely relies on cost-effective and convenient  scales.  In
contrast,  the  proposed  tool  appeared  more  time-intensive and  costly,  offer-
ing limited practical value.

Clinical  relevance  and  practical  value  alone  do  not  necessarily  justify  the
immediate development of a new model. If existing models are adequate, it is
more  prudent  to  validate  them  externally  rather  than  redevelop  them.  The
proliferation of numerous models is resource-intensive and may place clini-
cians in a difficult position, unsure of which model to choose, which hinders
the  clinical  application  of  the  model.  Furthermore,  if  an  externally  validated
model  underperforms,  developing  a  new  model  hastily  is  not  advisable.
Instead, updating the existing model should be prioritized, as this can expand
its applicability.

If an existing model has demonstrated robust external validation but failed
to  achieve  widespread clinical  adoption,  practical  considerations  need to  be
addressed:  Are there limitations in  the accessibility  of  predictive variables in
real-world settings? Is the model too complex for clinicians to accept? Alter-
natively, might the absence of user-friendly prediction tools (e.g., web-based
interfaces)  be  a  contributing  factor?  Addressing  these  queries  can  facilitate
the practical application of the model.

As  an  example,  when  developing  the OvaRePred model, we  first  estab-
lished its clinical significance and acknowledged its critical role in assessing
female fertility. A thorough literature review revealed a global lack of clinically
applicable  tools  for  evaluating ovarian reserve and predicting major  fertility-
related events. This gap underscored the need to develop an ovarian reserve
assessment and prediction tool. To ensure its seamless integration into clini-
cal  workflows,  we  developed  a  web-based  prediction  tool  for  clinician  use.
The  model  has  achieved  significant  milestones,  such  as  obtaining  a  patent
and transitioning into commercial use. Currently deployed in clinical settings
for  over  a  year,  it  has  demonstrated  promising  initial  results,  supported  by
impact evaluation. 
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CHOOSING APPROPRIATE PREDICTORS
The  selection  of  predictors  should  be  approached  from  both  clinical  and

statistical  perspectives.  Clinically,  predictors  should  be  chosen  based  on
expert knowledge or supported by literature.  Variables that have been previ-
ously  identified  as  prognostic  or  hold  clinical  importance are  recommended
as  primary  candidates.  It  is  of  great  importance  that  these  predictors  are
objective, precisely defined, standardized, and reproducible to guarantee both
the generalizability and practical applicability of the model. 

Clinical perspective
Typical  predictors  include  demographics,  disease  type  and  severity,

disease history, clinical features, laboratory tests, and genetic traits. From an
applicability perspective, readily available predictive variables are preferred. If
performance  differences  are  negligible,  a  model  with  easier  implementation
may be more readily adopted in a clinical setting. For instance, the Framing-
ham risk model, despite its moderate area under the receiver operating char-
acteristic  (ROC)  curve,  is  extensively  used  due  to  its  accessible  and  cost-
effective predictors.9

Uniformity in predictors is vital for the broad adoption of prediction models.
When  key  predictors  lack  standardization,  such  as  varying  measurement
values  among  different  manufacturers,  it  is  essential  to  establish  uniform
standards  in  advance.  For  instance,  with  Anti-Müllerian  hormone  (AMH)
being  a  crucial  marker  in  the OvaRePred model,  different  hospitals  using
instruments from  various  AMH  manufacturers  necessitated  the  establish-
ment  of  conversion  relationships  among common AMH values.  To  address
this, we developed conversion relationships among the measurement values
from  three  major  AMH  manufacturers  using  Passing–Bablok  regression.10

This  approach  ensures  that  prediction  models  remain  effective  and  usable
across  different  hospitals,  regardless  of  the  brand  of  instruments  they  use
and the resulting variations in AMH absolute values.

Objective  predictors  with  well-defined  and  reliable  measurements  should
be prioritized,  as subjective predictors,  such as the interpretation of imaging
results,  may  introduce  inconsistency  due  to  inter-observer  variability.  For
example, in the establishment of AAFA model for assessing ovarian reserve,11

four predictors were included: AMH, antral follicle count (AFC), FSH, and age.
However,  we  acknowledged  the  subjectivity  involved  in  assessing  AFC
through  ultrasound  evaluation  by  clinicians.  Consequently,  we  developed  a
revised AFA model  using  only  three  predictors:  AMH,  FSH,  and  age.12 This
modification enhances the objectivity of the model while maintaining compa-
rable predictive performance and consistent predictions. If subjective predic-
tors are still necessary, it is imperative to involve multiple raters for indepen-
dent assessment and evaluate inter-rater consistency.

Easily  obtainable  predictors  can  enhance  the  applicability  and  usability  of
predictive  models,  thereby  improving  their  practicality.  For  instance,  while
applying  the AFA model,  we  found  that  FSH  is  only  obtainable  during
menstrual cycle day 2 to 3, significantly limiting its accessibility. To facilitate
wider  applicability,  we  developed  a  streamlined  version  of  prediction  model
that relies solely on AMH and age,13 allowing blood draws at any time point in
the  menstrual  cycle  and  simplifying  implementation.  Concurrently,  we
conducted  comprehensive  comparisons  of  several  models  to  validate  the
availability and reliability of our streamlined model.

Prioritizing predictors that yield reliable and stable results is crucial. During
the  development  the PCOSt model,  the  initial  predictive  variables  included
AMH, body mass index (BMI), the upper limit of menstrual cycle length (UML),
and basal androstenedione (A4).14 However, we encountered a challenge with
the A4 indicator,  as its measurement primarily used the chemiluminescence
method in  our  study.  Unlike  gold-standard mass spectrometry,  this  method
demonstrated a weak correlation (R2=0.285) with mass spectrometry results
in women, raising concerns about its precision.15 Consequently, we excluded
the  A4  indicator  and  refined  the  predictors  to  include  AMH,  BMI,  and  UML,
significantly enhancing the model's stability and reliability.16
 

Statistical perspective
From a statistical perspective, it is crucial to consider the distribution of the

predictors.  If  the  predictor  exhibits  minimal  variability,  it  is  not  advisable  to
include it in the analysis, particularly if there is insufficient subject knowledge
supporting its inclusion. For instance, in the case of a binary predictor where

one class constitutes 98% of the data, it is generally unnecessary to incorpo-
rate such a variable into the model unless it is known to be highly predictive.

Another challenging issue for clinicians is whether predictors can be simul-
taneously  considered  as  candidate  variables  in  the  presence  of  collinearity
(i.e., strong correlation among predictors). For instance, when the correlation
of AMH and AFC is above 0.7, can we keep both as candidates? This deter-
mination relies on the specific application context of the model.

It is important to note that collinearity does not impact the performance of
prediction  models.  Instead,  it  influences  the  coefficient  estimates  and p-
values,  thereby  affecting  the  interpretability  of  the  model.  Therefore,  if  the
primary  goal  is  purely  predictive  and  without  the  need  to  understand  the
influence  of  each  independent  variable,  predictors  with  high  correlation  can
be  retained.  However,  for  models  requiring  interpretability,  it  is  advisable  to
remove one correlated predictor. In addition, while principal component anal-
ysis (PCA)  can be used as a  statistical  technique for  summarizing informa-
tion  from  correlated  predictors,  it  compromises  interpretability  of  variable
coefficients. Therefore, we do not recommend PCA as the preferred method
from a practical perspective. 

DETERMINING ADEQUATE SAMPLE SIZE
Before determining the sample size for a study, it is crucial to first ask: Why

is  sample  size  determination  necessary?  In  clinical  trials,  calculating  an
appropriate  sample  size  ensures  the  primary  research  hypothesis  can  be
tested  effectively  while  controlling  costs.  However,  the  development  of
prediction models prioritizes predictive performance over statistical inference.

Furthermore, many prediction models are built using pre-existing datasets
from hospital  information  systems,  which  eliminates  additional  data  collec-
tion costs. For instance, the PCOSt model was developed using data from the
hospital's  laboratory  information  system,  incorporating  all  11,720  available
cases.  Although  this  approach  did  not  involve  determining  the  minimal
required sample size, it made full use of existing resources without incurring
extra financial costs.

The determination of sample size in the development of predictive models
can be approached through two primary methods: rules of thumb and calcu-
lation approach based on specific criteria. 

Rules of thumb for sample size determination
The  rule-of-thumb  of  10  EPV  (10  events  per  variable)  and  10  EPP  (10

events  per  candidate  predictor  parameter)  is  widely  advocated  due  to  its
simplicity,  with a preference for 10 EPP to avoid potential  misinterpretations
of the term "variable". For example, when a continuous variable such as "age"
is  included  in  a  model,  it  corresponds  to  a  single  parameter  for  estimation.
However, adding a quadratic term for age increases the number of parame-
ters  to  two.  Similarly,  categorizing  age  into  five  distinct  groups  requires  the
estimation of four parameters.

Despite their simplicity, rules of thumb have sparked extensive debates due
to their inconsistency.17-20 Some simulations suggest increasing 10 EPP to 20
or even 50 to reduce bias.21-23 This inconsistency arises from the fact that the
required events depend on various factors, such as the effect size of predic-
tors, outcome proportion in  the study population,  and distribution of  predic-
tors.24
 

Rational calculation approach
The  calculation  approach  was  proposed  by  Riley  et  al  and  includes  five

steps: 24-26

Step 1: Calculate a sample size to ensure a precise estimate of the overall
outcome  risk,  with  a  recommended  margin  of  error  of  0.05  for  the  overall
outcome proportion.

Step 2:  Calculate  a  sample  size  to  ensure  a  small  mean absolute  predic-
tion error (MAPE), recommended to be below 5%.

Step  3:  Calculate  a  sample  size  to  ensure  a  global  shrinkage  factor  (a
metric for quantifying overfitting) greater than 0.9, minimizing overfitting.

Step  4:  Calculate  a  sample  size  to  ensure  that  the  absolute  difference
between the apparent and adjusted R2

Nagelkerke is no more than 0.05.
Step  5:  Select  the  largest  of  the  four  calculated  sample  sizes  as  the  final

sample size.
While the calculation approach is theoretically more rational than the rules
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of  thumb,  as  it  considers  multiple  factors,  numerous  practical  challenges
remain. First, although the authors provided recommended values for param-
eters  required  for  sample  size  calculation,  using  a  fixed  parameter  value  is
not advisable. For instance, applying the same error margin of 0.05 to event
proportions of  5%  and  50%  is  inappropriate.  Therefore,  in  practical  applica-
tions, it  is  still  necessary to  integrate clinical  knowledge and previous litera-
ture to make a comprehensive determination. Second, however, obtaining pre-
specified parameters from existing literature presents significant challenges.
In a systematic review by Paula Dhiman et al.,27 among 152 evaluated models
from 62 studies, only one reported R2 and four reported MAPE or RMSE (Root
Mean Square  Error).  Therefore,  in  practical  computations,  the  determination
of parameters involves a degree of subjectivity. 

Determining EPP using calculation approach
To  streamline  clinical  applications,  we  calculated  the  sample  size  and

corresponding number of EPP for different c statistics, event proportions, and
numbers of parameters based on the five steps described earlier. The results
are  summarized  in Table  1.  Our  analysis  revealed  that  when the  number  of
parameters  is  10  or  fewer,  the  number  of  EPP  is  significantly  influenced  by
both the number of parameters and the event proportion. However, when the
number of  parameters  exceeds  10,  the  number  of  EPP  is  primarily  deter-
mined  by  the  event  proportion.  In  practical  scenarios,  where  the  number  of
parameters typically  exceeds  10,  20  EPP  are  generally  sufficient.  Further-
more, when the event proportion is below 0.2, 10 EPP are also adequate.

Table 1 provides a rough estimate of sample size based on EPP, making it
convenient for practical application. For example, if previous studies indicate
that the c statistic is approximately 0.8, the event proportion is about 0.2, and
20 parameters are planned to be included in the model, the required sample
size would be 9 EPP, equivalent to 180 events. Consequently, the total sample
size would be 180/0.2 = 900 cases. 

Practical considerations
Finally, three key considerations should be noted:
1. The number of predictor parameters refers not to those included in the

final  model  but  to  those  initially  considered for  inclusion.  For  instance,  if  20
parameters were initially considered, and only 8 were ultimately included after
variable  selection,  the  EPP principle  should  be applied based on the original
20 parameters.

2. The rules of thumb and calculation approach are primarily designed for
regression  models,  such  as  logistic  regression.  However,  when  employing
machine learning techniques like neural networks, the number of parameters
often far exceeds that of regression models. Consequently, machine learning
methods typically require a much larger sample size than regression models.
Therefore,  it  is  recommended  to  aim  for  the  largest  sample  size  feasible
when utilizing machine learning approaches.28

3.  The  aforementioned  methods  primarily  focus  on  model  development,

whereas  the  requirements  for  sample  size  in  external  validation  may  differ.
Researchers have proposed four criteria for accurately estimating the sample
size needed for external validation,29,30 including the precise estimation of the
observed/expected (O/E) ratio, calibration slope, c statistic, and standardized
net benefit at specific probability thresholds. 

HANDLING MISSING VALUES AND OUTLIERS
Clinical prediction models often rely on real-world data from hospitals (e.g.,

electronic medical records, laboratory information systems), which frequently
encounter issues such as missing data and outliers. These problems must be
appropriately addressed to avoid compromising data quality. 

Missing data mechanisms
Missing  data  can  arise  from  various  mechanisms,  and  understanding

these mechanisms is essential because the choice of statistical methods for
handling  missing  data  depend  on  the  underlying  assumptions  about  the
missingness. The  MCAR  (missing  completely  at  random)  mechanism  typi-
cally  occurs  due  to  random  errors  (e.g.,  laboratory  accidents).  The  MAR
(missing  at  random)  mechanism  refers  to  missing  values  that  depend  on
other  observed  variables,  indicating  a  relationship  with  them.  An  MNAR
(missing not at random) mechanism arises when the missingness is related
to the missing values themselves or other unobserved predictors. 

Methodologies for handling missing values
Extensive  research  has  been  conducted  on  various  methodologies  for

handling  missing  values.31-34 For  situations  involving  data  that  are  MAR  or
MCAR,  multiple  imputation  (MI)  is  often  considered  as  the  optimal  solution,
regardless of the proportion of missing data.35,36 In practice, however, a more
commonly used method is complete case (CC) analysis,37,38 in which individ-
uals with missing data on any predictors or outcomes are excluded from the
analysis.  Simulation  studies  have  shown  that  under  most  missing  data
mechanisms  (MCAR,  MAR  when  missingness  is  related  to  other  predictors,
and MNAR),  CC analysis provides reasonably accurate coefficient estimates
when  10%  to  20%  of  the  data  are  missing.  However,  significant  bias  arises
under  MAR  when  missingness  depends  on  the  outcome.  Additionally,  CC
analysis  underestimates  the  performance  quantified  by  adjusted R2

statistic.39 Considering the convenience of MI techniques provided by statisti-
cal software, we recommend adopting MI as the primary method. 

Simulation study on missing data
Using data from the PCOSt model,  we conducted simulations to  evaluate

the  impact  of  various  missing  data  mechanisms,  missing  proportions,  and
handling  methods  on  model  performance.  The  dataset  comprises  11,720
cases, with PCOS as the outcome variable (prevalence:  10.45%) and predic-
tors  including  AMH,  AFC,  A4,  and  BMI.  The  correlation  coefficients  between
AMH and AFC, between AMH and A4, and between AMH and BMI were 0.65,

 

Table 1.  The number of EPP for different event proportion, number of parameters and c statistics

c statistic Event proportion
Number of parameters

5 10 15 20 25 30

0.8 0.1 8 8 8 8 8 8

0.8 0.2 10 9 9 9 9 9

0.8 0.3 19 10 10 10 10 10

0.8 0.4 30 15 12 12 12 12

0.8 0.5 39 19 15 15 15 15

0.9 0.1 4 4 4 4 4 4

0.9 0.2 10 5 5 5 5 5

0.9 0.3 19 10 7 7 6 7

0.9 0.4 30 15 10 8 8 8

0.9 0.5 39 19 13 10 10 10
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0.38,  and  0.07,  respectively.  We  designed  six  scenarios  for  missing  data,
including MCAR for AMH, MAR for AMH (missingness dependent on AFC, A4,
BMI,  and  PCOS),  and  MNAR  for  AMH.  In  each  scenario,  the  missing  rates
were  set  at  10%,  20%,  and  30%.  For  each  type  of  missingness,  we  applied
both  CC  analysis  and  MI  method  to  handle  it.  To  ensure  robustness,  we
repeated the simulations 1000 times for each scenario to calculate the aver-
age values  and percentage bias  in c statistics  and R2 compared to  the  true
value. The results are summarized in Table 2.

For  the  MCAR  of  AMH,  CC  analysis  showed  minimal  bias  in  both  the c
statistic and R2, whereas the MI method exhibited a slight bias, with the bias
in the c statistic and R2 increasing as the proportion of missing data rose.

The MAR scenario is more complex. When AMH missingness depended on
AFC, the bias in the c statistic and R2 was the highest, with CC analysis show-
ing greater  bias  than  the  MI  method.  When  AMH  missingness  was  depen-
dent  on  A4,  the  bias  in  the c statistic  and R2 was  reduced.  This  bias
decreased  further  when  missingness  was  dependent  on  BMI.  Notably,  in
cases  where  AMH  missingness  was  dependent  on  PCOS,  the  bias  in  the c
statistic was minimal, while R2 was overestimated with CC analysis.

In  the  MNAR  scenario,  both  CC  analysis  and  the  MI  method  exhibited  a
high  bias  in  the c statistic  and R2,  approximately  equivalent  to  the  results
when AMH missingness depended on AFC.

Based  on  the  simulation  results,  we  recommend  the  following  handling
approaches for different scenarios:

1. MCAR scenario: when the missing proportion is within 30%, CC analysis
yields nearly unbiased performance, and the MI method also shows low bias.
Both  methods  can  be  considered.  However,  due  to  the  reduction  in  sample
size with the CC method, its confidence interval tends to be wider.

2. MAR scenario I: if the missingness of a predictor depends on other vari-
ables,  the correlation between the predictor and these variables significantly
impacts model performance. The stronger the correlation and the higher the
missing  proportion,  the  greater  the  impact.  In  such  cases,  it  is  advisable  to
use the MI method to mitigate bias.

3. MAR scenario II: if the missingness of a predictor depends on outcome,
its effect on the c statistic is relatively minor, regardless of whether CC analy-

sis or the MI method is used.
4. MNAR scenario: The impact of missing values on performance is similar

to  that  described  in  MAR  scenario  I.  Although  the  MI  method  may  not  be
optimal for MNAR, it is still superior to CC analysis. 

Practical challenges in determining missing mechanisms
In practical research, determining the missing data mechanism is often the

most  challenging  task.  MCAR  is  uncommon  in  medical  research,  and  its
assumptions can usually be tested. For instance, in our investigation of PCOS
among  women,  we  observed  a  missing  data  rate  of  approximately  11%
related to the upper limit of the menstrual cycle. Notably, the missing rate for
women over 35 was twice that of women under 35, indicating that the miss-
ing  data  mechanism  does  not  conform  to  MCAR  assumptions.  However,
even if  we find a correlation between the missingness of  predictors and the
values  of  other  variables,  we  can  only  infer  that  it  is  not  MCAR;  it  remains
unclear  whether  the  missingness  conforms  to  the  MAR  assumption,  as  we
lack information on whether the missingness is directly related to the values
of the predictors themselves (e.g., occurring primarily at higher values of the
upper limit of the menstrual cycle). Verifying MNAR remains elusive and typi-
cally  relies  on  reasonable  assumptions  informed  by  clinical  knowledge.  For
example,  when  examining  the  discrepancies  in  cancer  stage  diagnosis
among  five  prevalent  cancers,40 a  notable  prevalence  of  missing  data  was
observed in tumor stage variables. It is plausible to infer that the frequency of
missing  data  is  higher  among  patients  with  advanced  stages  than  among
those with early stages, suggesting a possible MNAR mechanism. 

Handling outliers
Outliers can significantly distort parameter estimation, making their detec-

tion  an  essential  step  in  predictive  modeling.  Various  methods  for  outlier
detection  have  been  documented,41-44 typically  classified  into  univariate  and
multivariate techniques.

In  predictive  modeling,  relying  solely  on  univariate  outlier  evaluation  may
not  always  suffice.  For  instance,  consider  measurements  of  height  and
weight, with values of 150 cm and 90 kg, respectively. While neither variable
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Table 2.  The deviation of c statistic and R2 for different missing mechanisms, missing proportions and handling methods

missing mechanisms missing proportion
c statistic deviation(%) and 95%CI R2 deviation(%)and 95%CI

CC MI CC MI

MCAR 0.1 0.06(–0.48,0.60) 0.06(–0.48,0.60) 0.06(–2.40,2.43) 0.06(–2.40,2.43)

MCAR 0.2 0.00(–0.84,1.02) –0.36(–0.60,–0.24) 0.06(–3.80,4.08) –2.65(–3.85,–1.27)

MCAR 0.3 0.00(–1.08,1.20) –0.60(–0.90,–0.36) 0.03(–4.88,5.51) –3.95(–5.20,–2.55)

MAR on AFC 0.1 –0.96(–1.44,–0.60) –0.36(–0.60,–0.24) –3.27(–6.37,–0.72) –2.30(–3.42,–1.15)

MAR on AFC 0.2 –2.64(–3.48,–2.04) –0.72(–0.96,–0.48) –8.67(–13.55,–4.38) –4.57(–5.97,–3.17)

MAR on AFC 0.3 –5.76(–6.83,–4.68) –1.20(–1.32,–0.96) –18.02(–24.12,–11.80) –6.96(–8.12,–5.65)

MAR on A4 0.1 –0.60(–1.08,0.00) –0.24(–0.48,0.00) –2.79(–5.57,0.07) –1.74(–2.86,–0.59)

MAR on A4 0.2 –1.56(–2.40,–0.66) –0.48(–0.72,–0.24) –7.08(–11.53,–2.35) –3.51(–4.75,–2.01)

MAR on A4 0.3 –3.12(–4.32,–2.16) –0.72(–0.96,–0.48) –13.86(–19.70,–8.77) –5.25(–6.71,–3.57)

MAR on BMI 0.1 –0.24(–0.84,0.24) –0.18(–0.36,0.00) –1.86(–4.60,1.15) –1.47(–2.42,–0.47)

MAR on BMI 0.2 –0.72(–1.44,0.00) –0.36(–0.60,–0.18) –4.35(–8.06,–0.71) –2.92(–4.05,–1.83)

MAR on BMI 0.3 –1.44(–2.28,–0.60) –0.60(–0.84,–0.48) –8.08(–12.71,–3.83) –4.42(–5.43,–3.11)

MAR on PCOS 0.1 0.12(–0.12,0.24) 0.00(–0.12,0.00) 2.57(1.50,3.73) –0.12(–0.66,0.50)

MAR on PCOS 0.2 0.12(–0.12,0.24) –0.12(–0.12,0.00) 5.46(3.95,7.19) –0.29(–1.06,0.69)

MAR on PCOS 0.3 0.12(–0.12,0.36) –0.24(–0.24,–0.12) 8.73(6.80,10.95) –0.65(–1.62,0.35)

MNAR 0.1 –0.96(–1.44,–0.48) –0.36(–0.60,–0.12) –3.07(–5.93,–0.02) –2.09(–3.29,–0.81)

MNAR 0.2 –2.52(–3.29,–1.92) –0.72(–0.96,–0.48) –8.4(–12.96,–3.81) –4.13(–5.51,–2.76)

MNAR 0.3 –5.64(–6.77,–4.56) –1.20(–1.44,–0.84) –17.25(–23.66,–10.96) –6.34(–7.81,–4.81)
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appears anomalous on its own, their combination in a single individual might
represent  a  multivariate  outlier,  as  it  is  highly  unusual  for  a  person  with  a
height  of  150 cm to  weigh 90  kg.  Consequently,  we recommend employing
multivariate  outliner  detection  methods  in  predictive  models,  such  as  the
Mahalanobis Distance or Nearest Neighbor-based techniques.45,46

Once  outliers  are  detected,  the  first  step  is  to  identify  their  underlying
cause.  Based  on  our  extensive  analytical  experience,  we  have  found  that
most outliers result from data entry errors, which are often correctable. When
outliers are not attributable to such errors, the most pragmatic approach is to
exclude  them.  This  recommendation  is  based  on  two  key  considerations:
first,  outliers typically  constitute a very small  proportion of  the dataset  used
for  model  development  (often  less  than  0.1%  in  our  experience),  so  their
exclusion  has  a  negligible  impact  on  model  building;  second,  predictive
models  are  designed  for  the  general  population,  and  occasional  outliers  in
application will not compromise overall performance. 

PERFORMING PREDICTOR TRANSFORMATION AND BINNING
When developing  predictive  models,  continuous predictors  are  commonly

encountered. Most regression-based predictive models assume a linear rela-
tionship  between continuous predictors  and the outcome (or  a  link  function
of  the  outcome).  This  assumption  implies  that  a  one-unit  increase  in  the
predictor  has  the  same  effect  on  the  outcome  regardless  of  the  predictor's
value.  For  instance,  the  risk  associated  with  increasing  age  from  24  to  25
years is assumed to be equivalent to the risk associated with increasing age
from  44  to  45  years.  However,  in  reality,  this  relationship  may  not  strictly
follow  linearity;  the  risk  of  a  change  from  44  to  45  years  is  likely  to  differ
significantly.  Therefore,  when  incorporating  continuous  predictors  into  the
model, it  is crucial to carefully evaluate and determine the appropriate func-
tional form. 

Predictor transformation
If a linear relationship exists between a continuous predictor (or its trans-

formed  form,  such  as  a  logarithmic  transformation)  and  the  outcome,  the
predictor  in  its  original  or  transformed  form  can  be  directly  included  in  the
model. However, in many cases, the relationship is either unknown or cannot
be  adequately  captured  by  a  simple  transformation.  In  such  situations,  it  is
advisable  to  employ  methods  such  as  fractional  polynomials,  which  use  a
restricted  set  of  power  transformations,  or  restricted  cubic  splines  (RCS),
which fit cubic polynomials to segments of the data and join them smoothly
at  predefined  knots.47-49 These  methods  offer  greater  flexibility  in  capturing
associations  between  predictor  variables  and  outcomes.  Nevertheless,
caution is needed as they may lead to overfitting and reduced interpretability. 

Predictor binning
Another commonly employed approach in practice is binning (categorizing

a variable into multiple groups),50 although it raises concerns about informa-
tion  loss  and  the  challenge  of  determining  appropriate  cut-points.51,52 Previ-
ous studies have compared fractional polynomials, RCS, and binning, reveal-
ing  that  fractional  polynomials  and  RCS  exhibit  slightly  higher c statistics
values  than  binning  (approximately  0.01  higher  in  the  development  set  and
0.02  higher  in  the  validation  set).53 However,  clinicians  often  prefer  the
simplicity and interpretability of the binning method when applying models in
practice.  Therefore,  a  trade-off  between  interpretability  and  goodness-of-fit
should  be  weighed,  making  binning  a  viable  option  when  the  difference  in
model performance is minimal.

In  a  study  examining  the  association  between  hypertension  (binary
outcome)  and  adiponectin  (a  continuous  variable),  we  evaluated  the  impact
of  three  approaches  for  handling  adiponectin  on  model  performance,  as
measured  by  the c statistic.  These  approaches  included  modeling  a  linear
relationship, employing RCS to capture potential nonlinear relationships, and
binning adiponectin into three groups based on RCS-derived shape (Figure 1).
The  corresponding c statistics  were  0.41,  0.66,  and  0.69,  respectively.
Notably,  despite  observing  a  U-shaped relationship  between  the  two  vari-
ables, incorporating adiponectin as a quadratic term in the model did not yield
statistically significant results, and the resulting c statistic of 0.66 was lower
than  that  obtained  through  the  binning  method.  This  discrepancy  may  be
attributed to the skewed distribution of adiponectin values, particularly within

certain ranges.
When employing the binning method,  it  is  essential  to carefully determine

both  the  number  and  placement  of  cut-points.  From a  practical  standpoint,
we propose the following recommendations:

First, if prior clinical knowledge or consensus exists, categorization should
be guided by such expertise.

Second,  in  the absence of  prior  knowledge,  statistical  techniques such as
tree-based methods  or  spline  techniques  can  be  employed  to  identify  suit-
able cut-points.

Third,  it  is  crucial  to  ensure  that  each category  encompasses a  sufficient
number of cases.

Finally, dividing categories based on quantiles is generally not advisable.
For  instance,  during the development  of  a  prediction model  for  PCOS,  we

observed  a  skewed  distribution  of  testosterone  levels,  with  approximately
80% of values falling below 0.7 nmol/L (Figure 2). There’s natural categorical
distinction, making it easy to find a cut-point. Given the substantial size of the
development dataset, we divided values exceeding 0.7 into four groups, start-
ing at 0.7 with increments of 0.2. Considering the specific distribution pattern
observed  in  our  study  population,  we  believe  it  is  reasonable  to  classify
testosterone levels into categories rather than treating them as a continuous
variable. 

Recommendations
In summary, when incorporating continuous predictors into the regression

model, we recommend the following approach:
1.  If  the  predictor  (or  its  transformed  form)  exhibits  a  linear  relationship

with the outcome (or its link function), it is preferable to retain the variable as
continuous in the model. In this case, using a linear model to incorporate the
continuous  variable  or  its  transformed  function  (e.g.,  log  transformation,
quadratic transformation) is likely to yield optimal performance.

2. If a nonlinear relationship is observed and no clear transformation func-
tion  is  available,  fractional  polynomials  or  RCS  can  be  utilized.  Alternatively,
predictors may  be  binned  based  on  exploratory  analysis  using  spline  tech-
niques.

3. When categorizing continuous predictors to improve interpretability, it is
advisable  to  divide  them  into  at  least  three  categories  while  ensuring  that
each category includes an adequate sample size.  Dichotomization is gener-
ally not recommended. Cut-points should be determined comprehensively by
integrating clinical expertise and statistical methods (e.g., spline techniques).
The use of data-driven cut-points or quantiles as cut-points should generally
be avoided.

 

Figure 1.  Illustration  of  nonlinear  relationship  between  hypertension  and
adiponectin.
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4.  Finally,  if  binning  is  used  to  enhance  interpretability,  it  is  advisable  to
compare  the  model’s  performance  with  that  of  spline-based  methods  to
ensure that binning does not significantly diminish model performance. 

SPECIFYING APPROPRIATE MODELS
In medical research, the selection of prediction models should consider not

only  predictive  performance  but  also  the  critical  aspect  of  interpretability.
Highly  interpretable  models  are  more  likely  to  be  successfully  implemented
and  utilized  in  clinical  settings.  Medical  prediction  models  can  be  broadly
categorized  into  three  types  based  on  their  flexibility  and  interpretability:
regression-based methods, machine learning techniques, and non-paramet-
ric  approaches. Figure  3 illustrates  commonly  used  predictive  models  in
medical research. 

Regression-based models and machine learning methods
Lasso  regression  and  linear  regression  models  are  highly  valued  for  their

exceptional interpretability. The clear interpretation of regression parameters
makes  these  models  easily  understandable  for  clinicians.  However,  their
primary limitation lies in the inability to automatically capture nonlinear rela-
tionships. When the relationship between predictor  and outcomes is nonlin-
ear, these  models  may  be  prone  to  prediction  bias.  Nevertheless,  experi-
enced statisticians can address this limitation by combining regression tech-
niques with non-parametric methods, such as generalized additive models, to
accommodate nonlinear complexities.

In contrast, machine learning methods offer remarkable flexibility, excelling
at  handling  nonlinear  relationships  and  often  outperforming  regression
models  in  analyzing  complex  data.  However,  a  significant  drawback  is  their
limited  interpretability,  as  some  machine  learning  methods  lack
transparency.54 Although techniques  such  as  SHAP  partially  enhance  inter-
pretability,55-57 they  generally  do  not  achieve  the  same  level  of  transparency
as regression models. 

Misconceptions in model selection
A  common  misconception  is  that  machine  learning  methods  always

outperform  regression-based  models.  This  topic  remains  contentious,  as
some  studies  comparing  machine  learning  methods  to  regression  models
have found  no  significant  advantage  for  machine  learning  methods,  espe-
cially  in  low-dimensional  settings.58,59 in  practical  analysis,  regression-based
models  often  underperform  when  thorough  data  exploration  is  lacking.
However,  skilled statisticians can design regression-based models that  rival
machine  learning  by  conducting  comprehensive  data  exploration,  such  as
addressing  nonlinearity,  applying  variable  transformations,  and  performing

categorization.  As  machine  learning  becomes  increasingly  popular,  there  is
growing concern  about  its  exaggerated  capabilities  and  potential  overinter-
pretation,60 necessitating caution. 

Recommendations
We recommend that  the selection of  a  predictive model  be guided by the

research  objectives.  If  high  interpretability  is  a  priority,  lasso  regression  is
advisable. However,  analysts  must  remain  vigilant  about  addressing nonlin-
earity during the analysis.  Conversely,  if  predictive performance is prioritized
over interpretability, machine learning methods may be more suitable. Never-
theless,  caution should be taken to avoid overfitting. Given the emphasis on
interpretability  in  clinical  settings,  we  advocate  prioritizing  regression-based
models  as  the  preferred  choice  when  their  performance  is  comparable  to
machine learning  methods,  thereby  facilitating  integration  into  clinical  prac-
tice.

Additionally, selecting a model requires thorough consideration of research
objectives and application scenarios, such as whether the model is intended
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Figure 2.  Illustration of the relationship between PCOS and testosterone The left panel shows the skewed distribution of testosterone levels, while the right panel depicts the
association between testosterone categorized into five groups and the binary outcome.
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for patent applications or the development of predictive tools. In our previous
study  involving  the PCOSt and POvaStim models,  which  are  now  utilized  in
clinical  settings,  we chose lasso regression over  machine  learning methods
for the following reasons:

1.  To  ensure  clinicians  could  easily  understand  and  apply  the  model,  we
opted  for  algorithms  with  clear  formulas,  simplifying  patent  application  and
technology transfer.

2. This approach facilitated the development of web-based predictive tools.
3.  The  performance  difference  between  lasso  regression  and  machine

learning methods was minimal. 

CONSIDERING REASONABLE STRATEGIES FOR VARIABLE SELECTION
In  practical  applications  of  predictive  models,  variable  selection  methods

are  used  to  reduce  model  complexity  without  compromising  performance.
Instead  of  incorporating  all  potential  candidate  variables,  these  techniques
typically select a subset of variables to optimize the model.61
 

Variable selection challenges
However, selecting the appropriate variable selection method can be chal-

lenging due to the wide variety of available approaches.62 Sanchez-Pinto et al.
conducted  statistical  simulations  comparing  eight  regression- and  tree-
based variable  selection  methods.63 Their  findings  revealed  that  regression-
based methods achieve better parsimony in smaller datasets with fewer than
20  EPV,  while  tree-based  methods  perform  better  in  larger  datasets  with
more  than  300  EPV.  Hastie  et  al.  compared  several  regression-based vari-
able  selection  techniques,  including  best  subset,  forward  selection,  and
lasso.64 They concluded that  the best  subset  method generally  outperforms
other  methods  under  high  signal-to-noise  ratio  (SNR)  conditions,  whereas
lasso  performs  better  under  low  SNR  conditions.  Hanke  et  al.  found  that  in
high-dimensional  scenarios  with  correlated  predictors  and  low  SNR,  lasso
outperformed the best subset method.65

When  using  regression-based  methods  (e.g.,  logistic  regression),  it  is
important  to consider  that R2

Nagelkerke tends to be lower in  binary models.  So
we recommend prioritizing the lasso method, particularly when dealing with a
large  number  of  predictors  and  strong  correlations  between  variables.
However, it is critical to note that variable selection should not solely rely on
statistical techniques but should also incorporate clinical background exper-
tise and evidence from previous literature. 

Misconceptions in variable selection
One crucial recommendation is to avoid relying solely on p-values for vari-

able selection. Two common misconceptions should be noticed:
First,  conducting  univariate  analysis  and  subsequently  including  variables

with p-values  below  a  pre-set  significance  threshold  (e.g.,  0.05  or  0.10)  in
model construction.

Second,  equating p-values  with  a  variable's  contribution  to  the  model,
assuming that smaller p-values indicate greater contributions.

These issues can be illustrated with a practical example.
In a study analyzing the relationship between four predictors (x1, x2, x3, x4)

and the outcome, we observed that the p-value for x4 was 0.25 in univariate
analysis, suggesting that it could be excluded from further analysis based on
a significance threshold of 0.05. However, when applying best subset selec-
tion using Bayesian Information Criterion (BIC), Corrected Akaike Information
Criterion (AICc), and RMSE, the optimal model included x1, x2, and x4 (Table 3).
If we had excluded x4 solely based on its p-value from the univariate analysis,
we would have missed this optimal model.

Furthermore, it is noteworthy that although the multiple regression results

showed x4 had  a  lower p-value  than  x2 (0.04 vs. 0.08),  the  variable  impor-
tance of x4 was smaller than that of x2 (0.29 vs. 0.30). This discrepancy high-
lights the inconsistency between the significance level indicated by p-values
and  the  actual  variable  importance,  underscoring  the  limitations  of  relying
solely on p-values for variable selection. 

Recommendations
Therefore, irrespective of the selection methods employed,  it  is not advis-

able to solely rely on p-values for variable selection, particularly in the follow-
ing situations:

1. Clinical knowledge and previous research suggests that the variable may
have a significant impact on the outcome.

2. The predictor exhibits strong correlations with other variables.
3. The predictor has weak correlations with other predictors, but the direc-

tion of correlation is consistent with that of other predictors (e.g., all negative
or all positive correlations). For instance, in Table 3, there is consistent nega-
tive correlations among x1, x2, x3 and x4, with correlation coefficients of -0.15, -
0.15, and -0.11, respectively. 

ASSESSING MODEL PERFORMANCE
The assessment of medical prediction models typically involves three key

aspects:  discrimination,  calibration,  and  clinical  utility.66,67 Discrimination
measures  the  model's  ability  to  distinguish  between  individuals  with  and
without events, while calibration assesses the consistency between predicted
risk and observed risk. An ideal model should exhibit both high discrimination
and calibration to improve clinical decision-making.

Although  it  is  essential  to  assess  the  discrimination  and  calibration  of  a
model,  current publications appear to be less optimistic. A study by Wessler
et al. revealed that out of 796 prediction models, only 63% reported discrimi-
nation  measure,  and  merely  36%  included  calibration  evaluation  metrics.68

Similarly,  Carrick  et  al.  reviewed  62  validation  models  and  found  that  while
98% reported discrimination, only 41.9% provided information on calibration.69

This underscores a notable gap in the comprehensive evaluation of medical
prediction models. 

Discrimination metrics
Sensitivity  and  specificity  are  commonly  used  metrics  for  assessing

discrimination; however,  they  are  often  insufficient  when  applying  to  imbal-
anced datasets with uneven class distributions. Even with high sensitivity and
specificity, a model's practical utility is not guaranteed. For instance, as illus-
trated in Table 4, the sensitivity and specificity are 80% and 96%, respectively.
However,  the  positive  predictive  value  (PPV)  is  only  50%,  indicating  that  of
100 individuals predicted to experience an event, only 50 will actually be posi-
tive.

Moreover, the  sensitivity  and  specificity  can  vary  depending  on  the  deci-
sion threshold. For instance, in the PCOSt model with a PCOS prevalence of
10.45%, setting the decision threshold at 50% results in sensitivity and speci-
ficity of 0.34 and 0.98, respectively. However, when the threshold is adjusted
to  10%,  the  sensitivity  and  specificity  shift  to  0.76  and  0.84,  respectively.  In
scenarios with low event rates, a threshold of 0.5 often leads to low sensitiv-
ity,  but  this  does  not  necessarily  indicate  poor  performance.  From  this
perspective, the  area  under  the  ROC  curve  (AUC),  which  aggregates  perfor-
mance across all thresholds, is often favored in practical applications.

Despite its widespread use, the AUC (also referred to as the c statistic) has
limitations,  particularly  in  imbalanced  datasets.70 For  instance,  in  a  dataset
with  42  events  and  312  non-events,  predicting  all  subjects  as  non-events
yields an  AUC  of  0.885,  falsely  suggesting  strong  performance.  This  high-

 

Table 3.  Best subset selection results for four predictors

Model Parameter numbers R2 RMSE AICc BIC

x2 1 0.1896 5.9903 248.5413 252.7482

x1, x2 2 0.2621 5.7973 247.4881 252.8263

x1, x2, x4 3 0.3482 5.5281 245.4366 251.7495

x1, x2, x3, x4 4 0.3679 5.5257 247.1038 254.2196
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lights the potential for misleading conclusions when relying solely on AUC.
Therefore, while a predictive model may exhibit high sensitivity, specificity,

and AUC, these metrics alone do not guarantee robust practical performance.
The  F1  score  combines  sensitivity  and  PPV,  partially  compensating  for  the
limitations  of  sensitivity.  However,  as  the  F1  score  emphasizes  events  over
non-events, it may introduce bias. For instance, as shown in Table 5, elevated
sensitivity (0.92) and PPV (0.99) produce a high F1 score of 0.95, while speci-
ficity remains extremely low at 0.11. In such cases, the Matthews Correlation
Coefficient  (MCC)  provides  a  more  comprehensive  and  balanced  evaluation
of model performance. 71

Therefore, when evaluating discrimination in  imbalanced data,  we recom-
mend against  relying solely  on a  single  metric.  Instead,  we suggest  using a
combination  of  sensitivity,  specificity,  AUC,  F1  score,  and  MCC  to  assess
model performance from multiple perspectives. 

Calibration metrics
Discrimination alone  is  insufficient  for  assessing  the  prediction  perfor-

mance  of  a  model.  Even  if  a  model  demonstrates  high  discrimination,  its
practical  utility  remains  limited  if  there  is  a  significant  discrepancy  between
the predicted and actual values. From this perspective, calibration evaluation
becomes indispensable.  Calibration is typically  visualized using a calibration
plot,  which  divides  predicted  probabilities  into  a  certain  number  of  bins
(usually 10)  and assesses  the  consistency  between the  predicted  probabili-
ties  and  the  actual  proportion  of  positive  events  for  each  bin.  Although  the
Hosmer-Lemeshow  test  can  serve  as  a  goodness-of-fit  test  for  calibration
plot, it  is  widely  discouraged  for  its  limited  statistical  power  and  poor  inter-
pretablility.72 To  address  issues  arising  from  excessively  large  or  small
sample  sizes,  modified  versions  of  the  Hosmer-Lemeshow  test  have  been
proposed.73,74 Additionally,  recent  studies  have  proposed  another  calibration
metric,  Integrated  Calibration  Index  (ICI),75,76 which  quantifies  calibration  for
binary  outcome  by  calculating  the  weighted  mean  difference  between  the
observed and predicted probabilities. 

Combined performance measures
Some  performance  measures  incorporate  discrimination  and  calibration

components, such as explained variation (R2) and Brier score. R2 is the most
commonly used measure for continuous outcomes, while R2

Nagelkerke variant is
typically employed for binary models.77,78 The Brier score represents the mean
squared error between the actual  outcomes and the estimated probabilities,
with a lower score indicating better model performance.79 However, it should
be noted that  a  lower  Brier  score does not  necessarily  imply  higher  calibra-
tion, as it reflects both discrimination and calibration simultaneously.80
 

Decision curve analysis
While discrimination  and  calibration  are  essential  for  evaluating  a  predic-

tion  model's  performance,  they  do  not  provide  clinicians  with  insights  into
their  clinical  utility.  To  address  this  limitation,  decision  curve  analysis  (DCA)
has been developed as a method to summarize the performance of models
in supporting clinical decision-making.81,82 Decision curves plot the net bene-
fit (NB) of using the model against various probability thresholds, represent-
ing  levels  of  predicted  risk  considered  positive  and  warrant  intervention.  By
comparing  the  NB  of  different  models,  DCA  helps  clinicians  identify  which
recommendation yields  the  highest  NB  and  facilitates  better  clinical  deci-
sions.

A key aspect of DCA is understanding NB, which is analogous to profit.  In
financial  terms,  net  profit  is  derived  by  subtracting  expenses  from  income
and then multiplying by the exchange rate. In a medical context, NB is calcu-
lated  as  the  number  of  true  positives  minus  the  number  of  false  positives,

weighted by a factor (pt/(1-pt)), where pt represents the threshold probability.
This weight balances the benefits of true positives against the harms of false
positives.

The determination of pt depends on clinical considerations. For instance, in
predicting  prostate  cancer,  a pt exceeding 10%  would  warrant  biopsy  inter-
vention,  as  detecting  aggressive  cancer  outweighs  the  risk  of  unnecessary
biopsies.  However,  for  the risk of  pathologic fractures,  surgery might  not  be
considered unless the risk exceeds 25%.

Although DCA is a valuable tool for decision-making, it is primarily applica-
ble  to  conditions  where  early  intervention  significantly  impacts  outcomes,
such as early cancer detection and treatment. However, certain interventions
are not  solely  clinician-driven.  For  instance,  the OvaRePred model  assesses
and predicts ovarian reserve status.  If  the model  identifies diminished ovar-
ian reserve and predicts early onset of perimenopause,  the clinician's role is
limited to informing the patient, allowing her to decide when to consider preg-
nancy.  In  such  cases,  DCA  is  unnecessary  for  facilitating  clinical  decision-
making. 

EVALUATING MODEL REPRODUCIBILITY AND TRANSPORTABILITY
The  objective  of  validation  is  to  demonstrate  the  model's  reproducibility

and transportability.83 Reproducibility assesses the model's validity in individ-
uals with similar characteristics who were not part of the initial development
cohort.  Transportability,  on  the  other  hand,  evaluates  the  model’s effective-
ness when applied to a new patient population with distinct characteristics.84
 

Internal validation
Model  validation  typically  involves  both  internal  and  external  validation

processes.85,86 Internal validation  uses  the  same  dataset  as  model  develop-
ment,  primarily  focusing  on  reproducibility.  This  process  typically  involves
splitting  the  sample  into  two  segments:  a  training  set  for  constructing  the
model  and a validation set  for  evaluating its  validity.87,88 While random split-
ting  is  a  straightforward  approach,  it  has  been  criticized  by  statisticians.85

First,  with  limited  sample  sizes,  splitting  the  dataset  results  in  smaller
subsets,  increasing  the  risk  of  overfitting  and  producing  unreliable  models.
Second,  random  splitting  generates  different  results  each  time,  which  may
lead researchers to repeat analyses and selectively report the most favorable
outcomes.

Resampling  techniques,  such  as  cross-validation  and  bootstrapping,  are
more  appealing  for  obtaining  model  stability.  Previous  studies  have  shown
that bootstrapping is particularly effective, especially with small sample sizes,
making it  the preferred approach for assessing the reproducibility of predic-
tion models.89-91
 

External validation
Although  internal  validation  is  convenient,  it  often  yields  overly  optimistic

results and tends to overstate model performance. Therefore, external valida-
tion becomes crucial before deploying a prediction model in clinical settings.
However, current research reveals that most predictive models remain at the
development stage, with insufficient emphasis on external validation.92-95 This
gap significantly hinders the effective implementation of predictive models in
clinical practice.

External  validation  evaluates  the  performance  of  the  original  model  on  a
new set of patients for whom the prediction model is intended. Geographical
validation,  widely  regarded  the  preferred  method,  evaluates  the  model's
transportability across different institutions or regions. However, this method
poses significant  implementation  challenges,  requiring  extensive  collabora-
tion  and  data  collection  from  multiple  units.  Temporal  validation,  often
considered as a form of external validation over time, examines the effective-
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Table 4.  Example of inconsistency between sensitivity and PPV

True events True non-events Total

Predicted events 40 40 80

Predicted non-events 10 910 920

Total 50 950 1000

 

Table 5.  Example of inconsistency between F1 score and specificity

True events True non-events Total

Predicted events 900 80 980

Predicted non-events 10 10 20

Total 910 90 1000
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ness  of  previously  developed  models  on  subsequent  patient  cohorts  within
the same center. For example, data from 2018-2019 could be used for model
development,  while  data  from  2020  could  serve  as  the  validation  dataset.
While simpler  to  implement,  temporal  validation primarily  focuses on repro-
ducibility. As a result,  its effectiveness falls between internal and geographi-
cal validation.96

To ascertain whether external validation measures reproducibility or trans-
portability,  one approach is to compare the case mix (i.e.,  the distribution of
predictor values) between the development and validation populations. If the
external  validation  population  closely  resembles  the  development  group,
reproducibility  is  primarily  assessed.  Conversely,  variations  in  case  mix
across  different  populations  provide  insights  into  transportability.84 In  an
external  validation  study,97 Ramspek  et  al. discovered that  mortality  predic-
tion  models  developed  for  hemodialysis  patients  exhibited  significantly
improved discrimination when applied to a peritoneal dialysis subgroup. The
authors  attributed  this  enhanced  discrimination  mainly  to  greater  case-mix
heterogeneity: peritoneal dialysis patients had a wider age range and included
individuals  ranging  from  relatively  healthy  to  extremely  frail.  From  this
perspective, substantial  variation  in  predictor  values  enhances  the  discrimi-
nation ability of prediction models.

While  the  prevailing  view  advocates  for  external  validation  of  predictive
models in academic publications, some researchers have raised objections.85

We  argue  that  if  the  data  used  for  model  development  is  geographically
representative  of  the  patient  population  the  prediction  model  is  intended  to
serve,  it  is  possible  to  evaluate  model's  performance  even  without  external
validation.  For  instance,  in  constructing  our  predictive  models,  we  obtained
data from the world's largest fertility center located in Beijing, where over 60%
of  patients  originated  from  other  provinces.  Therefore,  we  assert  that  the
development  data  is  nationally  representative.  Even  without  geographical
validation, temporal validation can effectively evaluate the performance of the
predictive models in the Chinese population. 

UPDATING PREDICTIVE MODELS
When a prediction model fails to demonstrate satisfactory performance in

external  validation,  researchers  often  choose  to  discard  the  model  and
develop  a  new one.  However,  the  frequent  development  of  new models  not
only wastes resources but also poses challenges for physicians in selecting
the  appropriate  model  for  practical  use.98-100 If  a  reasonable  model  exhibits
good  discrimination  (even  if  slightly  miscalibrated),  the  consensus  is  to
update  the  existing  model  and  improve  its  performance  with  the  new  data
rather than completely redeveloping it.4,72,101-103

Three  types  of  regression-based  model  updating  methods  have  been
proposed: model updating (including model recalibration, model revision, and
model extension), meta model updating, and dynamic updating (Table 6). 

Model updating
Model recalibration  involves  intercept  recalibration  and  logistic  recalibra-

tion, primarily aimed at improving calibration rather than discrimination.103,104

In  cases  where  there  are  differences  in  outcome  incidence  between  the
development and validation datasets, adjusting only the intercept of the origi-
nal  model  (intercept  recalibration)  can  effectively  address  poor  calibration.
Logistic recalibration,  on the other  hand,  is  typically  employed when regres-
sion  coefficients  in  the  development  model  are  overfitted,  often  due  to  the
inclusion  of  too  many  predictors.  Recalibration  is  generally  sufficient  if  the
sample size of the new dataset is relatively small and the case mix is similar
between the development and new datasets,  making calibration the primary
concern.84,105,106

Model  revision  and  model  extension  can  improve  both  calibration  and
discrimination  and  are  suitable  when  there  are  substantial  differences
between  the  development  and  new  datasets.100,104,107 If  some  predictors
exhibit different effects in the new dataset compared to the original dataset,
method 3 involves re-estimating the coefficients based on logistic recalibra-
tion,  while  method  4  extends  the  original  model  by  incorporating  additional
predictors based  on  logistic  recalibration.  If  methods  3  and  4  prove  inade-
quate, more extensive revisions may be required. Method 5 re-estimates the
intercept and regression coefficients for all predictors using the new datasets,
while  method  6  allows  for  the  inclusion  of  new  predictors.  Both  methods  4
and  6  incorporate  new  predictors,  and  the  performance  of  the  extended
model can be evaluated using net benefit measures or decision curve.108,109

When  adding  new  variables  to  a  model,  it  is  important  to  compare  its
performance with that  of  the previous model,  which can be evaluated using
Net  Reclassification  Index  (NRI).  Although  the  NRI  has  gained  popularity  in
recent  years,  some  researchers  have  argued  that  it  is  not  always  helpful  in
evaluating new risk models and, in some cases, can even be misleading. 110-113

Therefore, it should be used with caution. Additionally, it is not recommended
to  evaluate  model  performance  based  solely  on p-values.  Kattan  MW
reported that even if certain variables are statistically significant in multivari-
able analysis, this does not necessarily imply an improvement in the predic-
tive power of the model.114
 

Meta model updating
In  cases where multiple  historical  prediction models  have been published

for  the  same  or  similar  endpoints  and  populations  (e.g.,  breast  cancer  and
traumatic  brain  injury  prediction  models),98,99 meta-analysis  techniques  can
be  employed  to  combine  them  into  a  meta-model.  By  integrating  these
models,  the  resulting  meta-model  may  exhibit  enhanced  performance
compared  to  individual  models  and  facilitate  generalization  across  diverse
populations.  Although  literature  on  meta-models  remains  limited,  some
discussions on this topic are available.115-117
 

 

Table 6.  A Summary of model updating methods for regression-based models

Type Method Notation

Model updating Recalibration Method 1 (Intercept
recalibration)

Adjustment of the intercept only, using the calibration intercept

Method 2 (Logistic
recalibration)

Adjustment of the intercept and the regression coefficients, using the
calibration intercept and calibration slope

Revision Method 3 Adjustment of coefficients for predictors with different strength in
updating set compared to original set, after recalibration by method 2

Method 4 Adding additional predictors, after recalibration by method 2

Extension Method 5 Re-estimating all regression coefficients, using the data of updating set

Method 6 Re-estimating all regression coefficients, and adding additional predictors

Meta model updating Model averaging using meta technique

Dynamic updating Periodic updating Model updating at periodic time point

Continuous updating The continuous updating using Bayesian dynamic modeling or dynamic
model averaging
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Dynamic updating
Dynamic updating refers to the continuous updating of a prediction model,

in contrast to models derived from a single time point.100,102,104 Consequently,
the coefficients of an updated model exhibit temporal variability. For periodi-
cally updated models, conventional methods such as model recalibration and
revision can be employed.118,119 For continuously updated models, suggested
approaches include  Bayesian  dynamic  modeling  or  dynamic  model  averag-
ing.120,121 Previous  studies  have  demonstrated  that  dynamically  updating  a
clinical  prediction  model  leads  to  improved  performance  compared  to  not
updating  the  model.119 However,  the  choice  of  updating  method  and
frequency  depends  on  factors  such  as  data  availability  (e.g.,  sample  size,
event rate), and model complexity.119,122
 

CONDUCTING IMPACT EVALUATION
Even if  a  predictive  model  demonstrates  high  discrimination  and  calibra-

tion,  it  remains  uncertain  whether  it  will  ultimately  influence  the  behavior  or
decisions of physicians and patients in clinical  practice.  Therefore,  conduct-
ing an impact study becomes imperative. Impact studies aim to quantify the
effect  of  using  a  prediction  model  on  physicians’ behaviors,  patient
outcomes,  or  cost-effectiveness  compared  to  not  employing  such  a
model.101,123
 

Study design
The preferred study design for an impact study is a randomized controlled

trial (RCT), typically a cluster RCT.124 Specifically, healthcare professionals (as
cluster) were randomly assigned to either employ the predictive model (risk-
based group) or not (control group). Randomizing centers is more preferred,
as it  avoids contamination within the same center.  Although impact studies
are  relatively  scarce,  some  notable  examples  of  cluster  RCTs  exist.125,126

However,  cluster  RCTs  have  certain  drawbacks,  such  as  requiring  larger
sample sizes and difficulties in maintaining balance between risk-based and
control  groups  due  to  variations  in  patient  numbers  and  characteristics
across different physicians. In such cases, a stepped-wedge design offers an
attractive  alternative.  In  this  design,  physicians  or  centers  are  randomly
assigned a time period to adopt the predictive model.127,128 Because the time
intervals for transitioning from the control to the intervention group are regu-
larly randomized, the stepped-wedge design ensures better balance between
groups.

In impact evaluation, given the significant cost and time required for RCTs,
we  recommend  initially  considering  more  cost-effective  designs,  such  as
before-and-after  studies  and  real-world  studies,  when  feasible.  If  positive
results are observed, then an RCT could be conducted. In a before-and-after
study, comparisons are made between outcomes measured before and after
implementing the model within the same care providers.72,101 The main limita-
tion of  this  design  is  its  sensitivity  to  temporal  changes  in  treatment  meth-
ods.  However,  if  the  desired  outcomes  are  achieved  in  the  short  term,  the
before-and-after study remains valid, as the level of care and patient charac-
teristics are unlikely to undergo significant changes. Additionally, implement-
ing  real-world  studies  utilizing  routinely  collected  data  is  a  cost-effective
strategy.  Although  real-world  data  are  prone  to  confounding  factors,  this
challenge can be effectively addressed through appropriate statistical meth-
ods, such as propensity score techniques. 

Study outcomes
The outcomes of  an impact study can include process variables,  such as

changes in physicians’ decisions, or patient outcomes, such as hospital stay
duration  or  mortality  rates;  and  cost-effectiveness  measures,  such  as
changes in costs. It is recommended to prioritize studying changes in physi-
cians’ behavior, as patient outcomes depend on these behavioral changes.123

In  addition,  evaluating  changes  in  physicians’ behavior  does  not  require
follow-up, making it a more feasible approach compared to evaluating patient
outcomes. For example, in an impact study predicting the risk of perspective
nausea  and  vomiting  (PONV),  both  the  administration  of  prophylactic
antiemetics  and the  incidence of  PONV were  compared.124 The  study  found
increased administration of prophylactic antiemetics in the risk-based group,
despite no significant decrease in PONV incidence. This suggests that while
the  intervention  may  not  directly  improve  patient  outcomes,  it  effectively

influenced physician behavior.
We conducted an impact study based on real-world data for the POvaStim

model.  In this study,  we used the propensity score matching (PSM) method
to  compare  physicians  who  voluntarily  used  the  model  with  those  who  did
not,  assessing  changes  in  physicians’ dosages  decisions  and  patient
outcomes (the number of oocytes retrieved). The unpublished results of this
study showed promising finding; therefore, we plan to conduct a multicenter
RCT to obtain more robust evidence. 

PROMOTING APPLICATION OF MODELS
Even though a model may perform excellently in external validation and be

published,  this  does  not  guarantee  its  adoption  by  clinicians.  In  fact,  only  a
limited  number  of  published  predictive  models  are  actually  implemented  in
clinical settings.  Beyond  demonstrating  good  performance,  strong  promo-
tional  efforts  are  also  essential  for  fostering  the  widespread  adoption  of  a
model in clinical practice.

We  propose  that  a  model  undergo  five  key  stages  from  development  to
clinical  application:  first,  achieving  the  good  discrimination  and  calibration
during  internal  validation;  second,  demonstrating  the  transportability  and
generalization  through  external  validation;  third,  confirming  the  model's
impact  on  clinicians’ decision-making  through  impact  evaluation;  fourth,
assessing the  model's  impact  on  patient  outcomes through impact  evalua-
tion;  and  finally,  promoting  the  model  with  the  support  of  leading  figures  in
the field.

For a well-performing predictive model, successful implementation heavily
relies  on  support  of  top  experts  in  the  relevant  field,  who  can  significantly
influence its promotion. For example, the POvaStim model has been incorpo-
rated  into  an  expert  consensus  document  and  published  in  a  prestigious
Chinese obstetrics  and gynecology  journal.  This  endorsement  has  led  to  its
adoption in dozens of hospitals and health examination centers across China.
This  success is  attributed to  our  development  team,  which includes leading
clinical  researchers  in  reproductive  health  in  China,  thereby  facilitating
widespread adoption of the model in various Chinese healthcare institutions. 

CONCLUSIONS
In  recent  years,  predictive  models  and  artificial  intelligence  have  rapidly

advanced  in  the  field  of  medicine,129,130 but  their  clinical  applications  remain
challenging.  We  present  twelve  key  recommendations  for  the  development
and clinical implementation of predictive models, offering not only a compre-
hensive framework but also detailed guidance for each stage. It is essential to
recognize that a good predictive model is not merely the product of statisti-
cal software; instead, it demands thoughtful consideration at every stage, as
potential pitfalls may arise throughout the process. Moreover, we emphasize
that  publishing a  predictive  model  represents only  a  partial  validation,  as its
effective integration into clinical practice requires addressing additional prac-
tical  considerations.  We  believe  that  the  recommendations  outlined  in  this
article will  assist  clinical  researchers enhance the quality  of  model  develop-
ment and application, ultimately promoting better clinical decision-making.
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