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Purpose: A prediction model for 4-year risk of metabolic syndrome in adults was pre-
viously developed and internally validated. However, external validity or generalizability for
this model was not assessed so it is not appropriate for clinical application. We aimed to
externally validate this model based on a retrospective cohort.

Patients and Methods: A retrospective cohort design and a temporal validation strategy
were used in this study based on a dataset from 1 January 2015 to 31 December 2018.
Multiple imputation was used for missing values. Model performance was evaluated by
using discrimination, calibration (calibration plot, calibration slope, and calibration inter-
cept), overall performance (Brier score), and decision curve analysis.

Results: In external validation, the C-statistic was 0.782 (95% CI, 0.771-0.793). The
calibration plot shows good calibration, calibration slope was 1.006 (95% CI, —0.011—
1.063), and calibration intercept was —0.045 (95% CI, —0.113-0.022). Brier score was
0.164.The discrimination and calibration of the prediction model were good in temporal
external validation.

Conclusion: The discrimination and calibration of the prediction model were satisfactory in
the temporal external validation. However, clinicians should be aware that this prediction
model was developed and validated in a tertiary setting. It is strongly recommended that
further studies validate this model in international cohorts and large, prospective cohorts in
different institutions.

Keywords: prediction model, prognosis, metabolic syndrome, algorithms, calibration,

discrimination

Introduction
Metabolic syndrome (MetS) is defined as a cluster of cardiometabolic risk factors
including abdominal obesity, dyslipidemia, hypertension, and insulin resistance.' The
literature revealed that the global prevalence of MetS was around 25% among adults in
2015.% MetS is becoming an important health concern, since it results in alarming
diabetes mellitus prevalence rates and the increased risk of cardiovascular disease
(CVD).> Consequently, metabolic syndrome has caused a heavy economic burden
for healthcare and social systems. It is imperative to promote early detection and
provide interventions to improve patients’ future cardiometabolic risk and outcomes.
In public health and clinical practice domains, prognostic prediction models can
screen individuals that are at a relatively high risk of developing certain diseases in
the future and help physicians make therapeutic decisions (eg, lifestyle changes)
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based on the probability of a prognostic outcome.* Thus, it
is necessary to use the prognostic prediction model for
adults at risk of metabolic syndrome.

We previously conducted a systematic review by
searching four English databases and four Chinese data-
bases, and used the prediction model risk of bias assess-
ment tool (PROBAST) to perform the critical appraisal for
the prognostic prediction models of metabolic syndrome.’
The results suggested that existing prognostic prediction
models for metabolic syndrome were not yet suitable for
clinical application due to the high risk of bias in the
methodological quality of the models.

Thus, we developed and internally validated a prediction
model for 4-year risk of metabolic syndrome in adults based
on a previous health examination cohort.® Although this
model has been internally validated and reproducibility of
this predictive model has been determined, external validity
or generalizability was not assessed, deeming it as inap-
propriate for clinical application. External validity ensures
that the model is validated in samples that have not been used
in the model development process and internal validation.’

To prompt the application of the prognostic prediction
model for 4-year risk of metabolic syndrome in adults in
practice, we aimed to externally validate this model based
on a retrospective cohort in China.

Patients and Methods
Study Design and Data Source

A retrospective cohort design and a temporal validation
strategy were used in this study. Temporal validation means
that data are collected from a later time period in the same
setting. The prediction model was externally validated using
the same predictors, outcome definitions, and measurements.
We developed and internal validated the prediction model for
4-year risk of metabolic syndrome in adults based on dataset
from 1 January 2011 to 31 December 2014. For external
validation, a retrospective cohort of health examination
from January 2015 to 31 December 2018 from the healthcare
information and management systems of a tertiary hospital
was obtained. For this study, these inclusion criteria were
used: (1) participants of at least 18 years of age or older, (2)
participants without metabolic syndrome in 2015, (3) parti-
cipants attend health examination for 4 years consecutively.

Outcomes
The outcome was defined as metabolic syndrome (MetS), and
the diagnostic criteria was 2009 Joint Scientific Statement

(harmonizing criteria 2009).® This criteria includes five risk
factors: O waist circumference(WC)>85 cm (male); waist
circumference>80 cm (female) @ Triglycerides (TG)>1.7
mmol/L or treatment; (3) Plasma high-density lipoprotein cho-
lesterol (HDL-C) <1.0 mmol/L (male) or treatment; Plasma
high-density lipoprotein cholesterol <1.3 mmol/L (female) or
treatment; @ Systolic blood pressure(SBP)>130 and/or dia-
stolic blood pressure(DBP)>85 mmHg or treatment (6 Fasting
plasma glucose (FPG)>5.6 mmol/L or treatment. According to
harmonizing criteria 2009, when any three of five factors were
present, participants could be diagnosed with MetS.

Predictor Variables

The prediction model for 4-year risk of metabolic syn-
drome in adults included five independent predictors.
total
(mmol/l), serum uric acid (umol/l), alanine transaminase
(U/L), and body mass index (Kg/m?). Related information
is available in the dataset and can be extracted from the

These predictors were age(years), cholesterol

dataset.

Missing Data

Multiple imputation was used for missing values by using
chained equations on the basis of a missing at random
assumption. The number of imputed datasets was five.
When conducting multiple imputation, the predictor vari-
ables and the outcome were included in the imputation
model.

Sample Size

It is recommended that a minimum of 100 events for
external validation samples using logistic regression mod-
els is needed.” This is because a validation study aims to
obtain an accurate and precise estimation of model perfor-
mance and avoid the risk for biased estimates of model
performance in a different dataset.'”

Model Performance
For external validation, we adopted the same metrics of
model performance used in previous internal validation.
They were discrimination, calibration, overall perfor-
mance, and decision curve analysis. For discrimination,
the c-statistic was used.'' Normally, C-values of 0.7 to
0.8 indicate acceptable discrimination, C-values of 0.8 to
0.9 indicate excellent discrimination, and C-values of
>0.9 indicate outstanding discrimination.'? For calibra-
calibration slope and intercept

tion, the were

calculated.'® Additionally, the calibration plot using
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a locally weighted scatterplot smoothing was created to
visualize the agreement between the mean predicted risk
and the observed events.'®'> It is suggested that ideal
values of calibration intercept and calibration slope
should be 0 and 1, respectively.'? Brier score was chosen
for overall performance, as it can capture both discrimi-
nation and calibration.'® The Brier score of flipping
a fair coin is 0.25."7 Decision curve analysis was then
used to estimate the net benefit of using the prediction
model for 4-year risk of metabolic syndrome in adults.
This is because true positives and false positives gener-
ated by the model can be compared using decision curve
analysis, and subsequently, the model’s expected utility
in clinical practice can be estimated.

Statistical Analysis

We adopted the same approach used in the internal valida-
tion study to deal with predictors in this study. In the
model development and internal validation stage, we
adopted the least absolute shrinkage and selection operator
(LASSO) regression analysis to avoid overfitting and mul-
ticollinearity for predictor selection, so all predictors in the
previous model were kept for external validation.
Continuous variables were not dichotomized. We kept
them as continuous variables in the model to avoid losing
prognostic information. If the relationship of continuous
predictors with the outcome was nonlinear, fractional
polynomials (FP) was used. Lastly, a logistic model was
fitted with the predictors and outcome.

Ethical Approval

This study was approved by the ethics committee of
Zhejiang University School of Medicine Sir Run Run
Shaw Hospital (20181220-3). The ethics committee
approved the request to waive the documentation of
informed consent due to secondary use of existing data.
This study was conducted in accordance with the princi-
ples of the Declaration of Helsinki. The datasets presented
in this article are not readily available, because the datasets
were protected and confidential according to the hospital

policy.

Results

Baseline Characteristics

A total of 7681 participants were included according to the
inclusion and exclusion criteria (Figure 1). After 4 years of
follow-up, 2222 participants were diagnosed with MetS.

EPV was above 400, so the sample size in this study was
reasonable. The prevalence of metabolic syndrome in
adults was 28.93%. Table 1 shows the characteristics of
the participants.

External Validation

In external validation, the C-statistic was 0.782 (95% ClI,
0.771-0.793). The calibration plot shows good calibration
(Figure 2), calibration slope was 1.006 (95% CI, —0.011—
1.063), and calibration intercept was —0.045 (95% CI,
—0.113-0.022). Brier score was 0.164. Figure 3 indicates
the decision curves and net benefit of using the prognostic
prediction model for identifying patients with MetS. It is
suggested that compared to treating no patients or all
patients, greater net benefit was provided by using this
Additionally,
a single predictor in clinical practice, the results of the

prediction model. compared to using
decision curve analysis suggested that the prognostic pre-
diction model could obtain maximum net benefit.

Clinical Examples

A web-based calculator was developed to predict indivi-
duals with risk of developing MetS in 4 years, and the
webpage was https://msypredict.shinyapps.io/dynnomapp/.

This web-based calculator could facilitate the clinical
application, and we also provided a clinical example of
the application of the web-based calculator (Figure 4).

Discussion

Decision guidance for adopting intervention and preven-
tion for individuals at risk of developing MetS in the
future by using an externally validated prediction model
can optimize treatment processes and decrease the use of
medical resources. Following the TRIPOD guidelines, this
prediction model was internally and externally validated
on two different datasets. In this external validation study,
we found that this prediction model retained good discri-
mination and calibration. Moreover, Brier score indicated
that the overall performance was acceptable As is often the
case, prediction tools perform worse in external validation
than in the original derivation dataset. This is because, for
internal validation, the prediction models are validated in
the dataset that is used for developing the models.

In the internal validation, the prevalence of metabolic
syndrome in adults was 25.76%. In the external validation,
the prevalence of metabolic syndrome was 28.93%, which
was higher than the number in internal validation.
According to previous research, the prevalence of MetS
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Available individuals

(n=290463, 1 January 2015 to 31 December 2018)

Excluded participants:

N

) younger than 18 and pregnant
(n=342)

Participants
(n=1290121)

Participants excluded

A

4

(n=278770)

consecutively for 4 years
(n=11351)

Participants attending health examination

Excluded participants:

N

M Diagnosed with metabolic
syndrome (n = 3670)

(n=17681)

Participants included in the analysis

Figure | Selection of participants.

was around 25% among adults and our results were
similar.? The C statistic in external validation (0.782) did
not drop steeply than in internal validation (0.783).
Comparisons between the original derivation dataset and
external validation indicated that patient’s characteristics
were broadly similar. For example, in external validation,
the proportion of males was 57.95%, whereas, for devel-
65.01%.°
Additionally, the mean age was 41.988 in external valida-

opment and internal validation, it was
tion, whereas for development and internal validation, it
was 41.488.°

According to our previous systematic review, 11 prog-
nostic prediction models were developed for individuals at
risk of developing MetS.> However, only 3 studies con-
ducted external validation. Yang et al found that the
C statistic were above 0.8 in external validation, and this

value was larger than the value in our study (0.782).'®

Compared to our model, the predictors in their model
were included in the outcome definition. This could
cause the relationship between predictors and outcomes
to be overestimated, and result in an optimistic perfor-
mance of the model. Pujos-Guillot et al did not report
discrimination and calibration in external validation."
Efstathiou et al reported sensitivity, specificity, and the
results of Hosmer—Lemeshow test.”® However, the
C statistic are more appropriate than sensitivity and speci-
ficity when reporting discrimination for prediction models,
because without a predefined probability threshold, the
model performance could be optimistic.>' Additionally,
according to TRIPOD, there are some limitations in
Hosmer-Lemeshow test. First, Hosmer—Lemeshow test
cannot provide information on the magnitude of the dif-
ference or the agreement of values predicted by the model

among individuals with low and high risk. Second, if the
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Table | Characteristics of Participants

Candidate Validation Cohort (N=7681) Missing
Predictor n (%)/MeantSD Values n (%)
Sex

Female 3230(42.05%) 0

Male 4451(57.95%) 0
Age 41.988+11.246 0
WBC 5.8+1.431 0.078
Hb 140.456+14.781 0.078
LC 33.498+7.298 0.091
NGC 3.325%1.122 0.104
TC 4.834+0.893 0.234
UA 331.758+83.226 0.234
Weight 62.816+10.435 31.194
Height 165.988+7.897 31181
BMI 22.697+2.681 31.194
MCV 90.207+5.056 0.078
MCH 30.459+1.988 0.078
HCT 41.602+4.213 0.078
AST 20.993+12.366 40.737
ALT 20.984+15.619 0.169
Outcome Participants with events Missing
indicator (N=2222) n (%)/MeantSD Values n (%)
wcC 86.445+7.327 17.057
TG 1.83+1.165 0.045
HDL-c 1.183£0.3 0.045
SBP 125.101+14.657 3.375
DBP 75.841+10.361 3.375
FPG 5.324+0.762 0.045

sample size is large, a clinically trivial difference between
the predicted and the observed risk could lead to
a statistically significant result in Hosmer-Lemeshow test.
Thus, Hosmer-Lemeshow test could mislead the results of
model calibration.

In our study, we adopted the C statistic as the index of
discrimination. Moreover, calibration is a multidimensional
concept, so a single statistic cannot be sufficient to summar-
ize calibration. This study used calibration plot, calibration

slope (the overall prognostic effects of predictors in the

model), and calibration intercept (the expected proportion
of MetS when all the predictors in the model are zero) for
model calibration evaluation. Additionally, we adopted
decision curve analysis to estimate the net benefit of the
model in clinical practice. When using the prognostic pre-
diction model, the results of the decision curve analysis in
the external validation cohort indicated that greater net
benefit was provided than the default strategies of treatment
for all individuals or for no individuals.

In the context of prognostication, predictions can be used
to make decisions on the basis of the risk for developing
a particular outcome within a specific period of time in clinical
practice.”” The early prediction of developing MetS in adults
by using the prognostic prediction model could facilitate the
use of non-drug preventive measures in high-risk individuals.
Lifestyle intervention can be viewed as the most important
non-drug preventive measure for MetS. According to
a systematic review, receiving dietary intervention and super-
vised exercise is effective in reducing the individual risk
factors for metabolic syndrome and reducing the prevalence
of metabolic syndrome.”® The use of this prediction model to
identify high-risk individuals could offer a vital contribution to
clinical practice and ensure the efficient use of medical
resources for high-risk individuals. Additionally, the modifi-
able risk factors of the model may facilitate the use of pre-
ventive measures. Future research should focus on studying
the optimal cut-off point of this prediction model.

Limitations

This study presents some limitations worth considering.
Due to the retrospective study design, the dataset suffers
from missing data and different collections and records
from the derivation cohort.”* Studies that collect data pro-
spectively to avoid missing data are needed in the future.
Additionally, this prediction model was developed and
validated externally in a single institution in China.
Geographic validation and international validation in mul-
tiple countries are recommended. Lastly, clinicians should
be aware that this prediction model was developed and
validated in a tertiary setting. Thus, applicability to
patients in primary settings remains to be determined. It
is suggested that future studies investigate the performance
of this model for individuals in primary settings.

Conclusions
This
a retrospective cohort, and the discrimination and calibra-

temporal  external validation study used

tion of the prediction model were satisfactory. This means
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Figure 2 Assessing calibration in the external validation cohort.
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Notes: The horizontal lines (labeled “none”) refer to the expected net benefit without any treatment or intervention which indicates no benefits (net benefit>0) or harms
(net benefit<0) from this strategy. The slanted vertical line (labeled “all”) refers to treatment or intervention provided for all patients.

that the model performance in the external validation is
satisfied. It is strongly recommended that further studies
validate this model in international cohorts and large,
prospective cohorts in different institutions. Additionally,

future studies could extend the current prognostic

prediction model with new predictors which can bring
strong incremental values, such as biomarkers and geno-
mics. Ongoing and continuous updating and validating of
this prediction model can help improve prognostication in
MetS.
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Figure 4 A clinical example for using the web-based calculator to predict the risk of developing MetS in 4 years.

Acknowledgments
The first author wants to thank Mr. Liangyuan Li for his
important contribution.

Author Contributions

All authors contributed to data analysis, drafting or revising
the article, have agreed on the journal to which the article will
be submitted, gave final approval of the version to be pub-
lished, and agree to be accountable for all aspects of the work.

Funding

This work was supported by Zhejiang province medical
technology project [WKJ-ZJ-1925], National
Science Fund of China [20BGL275], Postdoctoral
Foundation of Zhejiang Province [zj2019022], and National
Natural Science Foundation of China [72004193]. The con-
tent is solely the responsibility of the authors and does not

Social

necessarily represent the official views of the founding.

Disclosure
The authors have no conflicts of interest.

References

1. Alberti G, Zimmet P, Shaw J, Grundy SM. The IDF consensus world-
wide definition of the metabolic syndrome 2006. Int Diabetes Fed.
2018.

. Saklayen MG. The global epidemic of the metabolic syndrome. Curr

Hypertens Rep. 2018;20(2):12. doi:10.1007/s11906-018-0812-z

. Li W, Song F, Wang X, Wang D, Lu Z. Relationship between meta-

bolic syndrome and its components and cardiovascular disease in
middle-aged and elderly Chinese population: a national
cross-sectional survey. BMJ Open. 2019;9(8):¢027545. doi:10.1136/
bmjopen-2018-027545

. Steyerberg E. Clinical Prediction Modelss: A Practical Approach to

Development, Validation, and Updating. Springer International
Publishing; 2019.

. Zhang H, Shao J, Chen D, et al. Reporting and methods in developing

prognostic prediction models for metabolic syndrome: a systematic
review and critical appraisal. Diabetes Metab Syndr Obes.
2020;13:4981-4992. doi:10.2147/DMS0.S283949

. Zhang H, Chen D, Shao J, Zou P, Development and internal valida-

tion of a prognostic model for 4 year -risk of metabolic syndrome in
adults: a retrospective cohort study. Diabetes Metab Syndr Obes.
2021;(14):2229-2237. doi:10.2147/DMS0.S288881

. Steyerberg EW, Harrell FE Jr. Prediction models need appropriate

internal, internal-external, and external validation. J Clin Epidemiol.
2016;69:245-247. doi:10.1016/j.jclinepi.2015.04.005

. Alberti KG, Eckel RH, Grundy SM, et al. Harmonizing the metabolic

syndrome: a joint interim statement of the international diabetes
federation task force on epidemiology and prevention; national
heart, lung, and blood institute; american heart association; world
heart federation; international atherosclerosis society; and interna-
tional association for the study of obesity. Circulation. 2009;120
(16):1640-1645. doi:10.1161/CIRCULATIONAHA.109.192644

. Moons KG, Altman DG, Reitsma JB, et al. Transparent reporting of

a multivariable prediction model for individual prognosis or diagno-
sis (TRIPOD): explanation and elaboration. Ann Intern Med.
2015;162(1):W1-73. doi:10.7326/M14-0698

. Vergouwe Y, Steyerberg EW, Eijkemans MIJC, Habbema JDF.

Substantial effective sample sizes were required for external valida-
tion studies of predictive logistic regression models. J Clin
Epidemiol. 2005;58(5):475-483. doi:10.1016/j.jclinepi.2004.06.017

Diabetes, Metabolic Syndrome and Obesity: Targets and Therapy 2021:14

3033

Dove:


https://doi.org/10.1007/s11906-018-0812-z
https://doi.org/10.1136/bmjopen-2018-027545
https://doi.org/10.1136/bmjopen-2018-027545
https://doi.org/10.2147/DMSO.S283949
https://doi.org/10.2147/DMSO.S288881
https://doi.org/10.1016/j.jclinepi.2015.04.005
https://doi.org/10.1161/CIRCULATIONAHA.109.192644
https://doi.org/10.7326/M14-0698
https://doi.org/10.1016/j.jclinepi.2004.06.017
https://www.dovepress.com
https://www.dovepress.com

Zhang et al

Dove

11.

Pencina MJ, D’Agostino RB Sr. Evaluating discrimination of risk
prediction models: the C statistic. JAMA. 2015;314(10):1063—1064.
doi:10.1001/jama.2015.11082

. Grant SW, Collins GS, Nashef SAM. Statistical primer: developing

and validating a risk prediction model. Eur J Cardiothorac Surg.
2018;54(2):203-208. doi:10.1093/ejcts/ezy 180

. Sr J, Pk K. Validation of clinical prediction models: what does the

“calibration  slope” really measure? J Clin
2020;118:93-99. doi:10.1016/j.jclinepi.2019.09.016

Epidemiol.

. Van Calster B, Nieboer D, Vergouwe Y, De Cock B, Pencina MJ,

Steyerberg EW. A calibration hierarchy for risk models was defined:
from utopia to empirical data. J Clin Epidemiol. 2016;74:167-176.
doi:10.1016/j.jclinepi.2015.12.005

. Alba AC, Agoritsas T, Walsh M, et al. Discrimination and calibration of

clinical prediction models users’ guides to the medical literature. JAMA
J Am  Med Assoc. 2017;318(14):1377-1384.  doi:10.1001/
jama.2017.12126

. Steyerberg EW, Vickers AJ, Cook NR, et al. Assessing the perfor-

mance of prediction models: a framework for traditional and novel
measures.  Epidemiology.  2010;21(1):128-138.  doi:10.1097/
EDE.0b013e3181¢30fb2

. Gravesteijn BY, Nieboer D, Machine learning algorithms performed

no better than regression models for prognostication in traumatic
brain injury. J Clin Epidemiol. 2020;(122):95-107. doi:10.1016/j.
jclinepi.2020.03.005

Diabetes, Metabolic Syndrome and Obesity: Targets and Therapy

Publish your work in this journal

Diabetes, Metabolic Syndrome and Obesity: Targets and Therapy is
an international, peer-reviewed open-access journal committed to the
rapid publication of the latest laboratory and clinical findings in the
fields of diabetes, metabolic syndrome and obesity research. Original
research, review, case reports, hypothesis formation, expert opinion

18.

19.

20.

21.
22.

23.

24.

Yang X, Tao Q, Sun F, Cao C, Zhan S. Setting up a risk prediction
model on metabolic syndrome among 35-74 year-olds based on the
Taiwan MJ health-checkup database. Zhong Hua Liu Xing Bing Xue
Za Zhi. 2013;34(9):874-878.

Pujos-Guillot E, Brandolini M, Petera M, et al. Systems metabolo-
mics for prediction of metabolic syndrome. J Proteome Res. 2017;16
(6):2262-2272. doi:10.1021/acs.jproteome.7b00116

Efstathiou S, Skeva I, Zorbala E, Georgiou E, Mountokalakis TD.
Metabolic syndrome in adolescence can it be predicted from natal
and parental profile? The prediction of metabolic syndrome in ado-
lescence (PREMA) Study. Circulation. 2012;125(7):902-910.
doi:10.1161/CIRCULATIONAHA.111.034546

Adams ST, Leveson SH. Clinical prediction rules. BMJ. 2012;1-7.
Steyerberg EW, Moons KG, van der Windt DA, et al. Prognosis
research strategy (PROGRESS) 3: prognostic model research. PLoS
Med. 2013;10(2):e1001381. doi:10.1371/journal.pmed.1001381
Peiris CL, van Namen M, O’Donoghue G. Education-based, lifestyle
intervention programs with unsupervised exercise improve outcomes in
adults with metabolic syndrome. A systematic review and meta-analysis.
Rev Endocr Metab Dis. 2021. doi:10.1007/s11154-021-09644-2
Benchimol EI, Smeeth L, Guttmann A, Harron K, Committee RW.
The reporting of studies conducted using observational
routinely-collected health data (RECORD) statement. PLoS Med.
2015;12(10):12. doi:10.1371/journal.pmed.1001885

Dove

and commentaries are all considered for publication. The manu-
script management system is completely online and includes a very
quick and fair peer-review system, which is all easy to use. Visit
http://www.dovepress.com/testimonials.php to read real quotes from
published authors.

Submit your manuscript here: https://www.dovepress.com/diabetes-metabolic-syndrome-and-obesity-targets-and-therapy-journal

3034 v

in u Dove

Diabetes, Metabolic Syndrome and Obesity: Targets and Therapy 2021:14


https://doi.org/10.1001/jama.2015.11082
https://doi.org/10.1093/ejcts/ezy180
https://doi.org/10.1016/j.jclinepi.2019.09.016
https://doi.org/10.1016/j.jclinepi.2015.12.005
https://doi.org/10.1001/jama.2017.12126
https://doi.org/10.1001/jama.2017.12126
https://doi.org/10.1097/EDE.0b013e3181c30fb2
https://doi.org/10.1097/EDE.0b013e3181c30fb2
https://doi.org/10.1016/j.jclinepi.2020.03.005
https://doi.org/10.1016/j.jclinepi.2020.03.005
https://doi.org/10.1021/acs.jproteome.7b00116
https://doi.org/10.1161/CIRCULATIONAHA.111.034546
https://doi.org/10.1371/journal.pmed.1001381
https://doi.org/10.1007/s11154-021-09644-2
https://doi.org/10.1371/journal.pmed.1001885
https://www.dovepress.com
http://www.dovepress.com/testimonials.php
https://www.facebook.com/DoveMedicalPress/
https://twitter.com/dovepress
https://www.linkedin.com/company/dove-medical-press
https://www.youtube.com/user/dovepress
https://www.dovepress.com
https://www.dovepress.com

	Introduction
	Patients and Methods
	Study Design and Data Source
	Outcomes
	Predictor Variables
	Missing Data
	Sample Size
	Model Performance
	Statistical Analysis
	Ethical Approval

	Results
	Baseline Characteristics
	External Validation
	Clinical Examples

	Discussion
	Limitations
	Conclusions
	Acknowledgments
	Author Contributions
	Funding
	Disclosure
	References

