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Abstract

Objective: Validation of clinical prediction models traditionally refers to the assessment of model performance in new patients. We
studied different approaches to geographic and temporal validation in the setting of multicenter data from two time periods.

Study Design and Setting: We illustrated different analytic methods for validation using a sample of 14,857 patients hospitalized with
heart failure at 90 hospitals in two distinct time periods. Bootstrap resampling was used to assess internal validity.Meta-analytic methods were
used to assess geographic transportability. Each hospital was used once as a validation sample, with the remaining hospitals used for model
derivation. Hospital-specific estimates of discrimination (c-statistic) and calibration (calibration intercepts and slopes) were pooled using
random-effects meta-analysis methods. I2 statistics and prediction interval width quantified geographic transportability. Temporal transport-
ability was assessed using patients from the earlier period for model derivation and patients from the later period for model validation.

Results: Estimates of reproducibility, pooled hospital-specific performance, and temporal transportability were on average very similar,
with c-statistics of 0.75. Between-hospital variation was moderate according to I2 statistics and prediction intervals for c-statistics.

Conclusion: This study illustrates how performance of prediction models can be assessed in settings with multicenter data at different
time periods. � 2016 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Clinical prediction models permit one to estimate the prob-
ability of the presence of disease or of the occurrence of

adverse events. These models can inform medical decision
making and provide individualized information on patient
prognosis. Validation traditionally refers to assessing the per-
formance of a model in subjects other than those in whom it
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What is new?

Key findings
� Using data on patients hospitalized with heart fail-

ure in the Canadian province of Ontario and a pre-
viously derived clinical prediction model, we
found that several strategies to quantify model per-
formance showed similar overall results, with mod-
erate variation in center-specific performance.

� Ninety-five percent prediction intervals for a new
hospital-specific c-statistic were moderately wide
in each of the two time periods.

What this adds to what was known?
� Bootstrap correction for optimism resulted in a

similar overall estimate of model performance as
a leave-one-hospital-out approach, in which each
hospital was used once for model validation.

� Random-effects meta-analysis provided insight
into the variability of center-specific performance
measures as an indication of geographical trans-
portability of a prediction model, when the focus
is on within-center performance of the model.

What is the implication and what should change
now?
� Appropriate statistical methods should be used to

quantify the geographic and temporal portability
of clinical prediction models.

� Validation studies of clinical prediction models
should carefully describe whether overall validity
of a model is reported, or that transportability is
addressed by assessment of geographical or tempo-
ral variability in performance.

was developed. Validation is an important issue in the sci-
entific development of prediction models toward wide
application.

Different frameworks for model validation have been
proposed. Internal validation is commonly differentiated
from external and temporal validation [1,2]. Interval valida-
tion, also referred to as reproducibility [3,4], describes how
well the model performs in patients who were not included
in model development, but who are from the same underly-
ing population. Temporal validation refers to the perfor-
mance of the model on subsequent patients in settings
similar to that in which the model was developed. External
validation refers to the process of examining the perfor-
mance of the model on data from centers different from
those which participated in model development. The term
transportability refers to a model that maintains its

performance in a population that is different from that in
which it was developed [3,4]. Different aspects of trans-
portability have been defined: historical, geographic, meth-
odologic (model performs well when data were collected
using different methods), spectrum (model performs well
when the distribution of disease severity differs), and
follow-up interval (model performs well when the outcome
is assessed over a different duration of follow-up time) [3].

We aimed to describe and illustrate methods for assess-
ing the geographic and temporal transportability of clinical
prediction models. Accordingly, we analyzed data on pa-
tients hospitalized with congestive heart failure (CHF) at
a large number of hospitals in two distinct time periods.

2. Methods

2.1. Data sources

The study used patients from The Enhanced Feedback
for Effective Cardiac Treatment (EFFECT) Study, which
was an initiative to improve the quality of care for patients
with cardiovascular disease in Ontario [5]. Only patients
admitted to those 90 hospitals that participated in both
phases of the study were included in the current study.
The present study included 7,549 patients hospitalized with
CHF during the first phase of the study (April 1999 to
March 2001) and 7,308 patients hospitalized during the sec-
ond phase of the study (April 2004 to March 2005).

There was a notable difference in the inclusion and
exclusion criteria between the two phases of the study. Pa-
tients were excluded from the first phase if they had had a
prior hospitalization for CHF. This exclusion criterion was
removed from the second phase of the study. This enabled
us to examine both temporal portability and spectrum or
methodological portability.

2.2. Heart failure mortality prediction model

The EFFECT-HF mortality prediction models estimate
the probability of death within 30 days and 1 year of hospi-
talization for CHF [6]. The model for predicting 1-year mor-
tality uses 11 variables: age, systolic blood pressure on
admission, respiratory rate on admission, low sodium serum
concentration (!136 mEq/L), low serum hemoglobin (!
10.0 g/dL), serum urea nitrogen, presence of cerebrovascular
disease, presence of dementia, chronic obstructive pulmo-
nary disease, hepatic cirrhosis, and cancer.

2.3. Measures of model performance

Discrimination is a key component of assessing the val-
idity of a clinical prediction model. We quantified discrim-
ination using the c-statistic [7,8]. We used two methods for
assessing model calibration. First, loess smoothers were
used to describe graphically the agreement between pre-
dicted probabilities and the observed probabilities of the
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