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Abstract

Objectives: Our aim was to improve meta-analysis methods for summarizing a prediction model’s performance when individual partic-
ipant data are available from multiple studies for external validation.

Study Design and Setting: We suggest multivariate meta-analysis for jointly synthesizing calibration and discrimination performance,
while accounting for their correlation. The approach estimates a prediction model’s average performance, the heterogeneity in performance
across populations, and the probability of ‘‘good’’ performance in new populations. This allows different implementation strategies (e.g.,
recalibration) to be compared. Application is made to a diagnostic model for deep vein thrombosis (DVT) and a prognostic model for breast
cancer mortality.

Results: In both examples, multivariate meta-analysis reveals that calibration performance is excellent on average but highly hetero-
geneous across populations unless the model’s intercept (baseline hazard) is recalibrated. For the cancer model, the probability of ‘‘good’’
performance (defined by C statistic �0.7 and calibration slope between 0.9 and 1.1) in a new population was 0.67 with recalibration but
0.22 without recalibration. For the DVT model, even with recalibration, there was only a 0.03 probability of ‘‘good’’ performance.

Conclusion: Multivariate meta-analysis can be used to externally validate a prediction model’s calibration and discrimination perfor-
mance across multiple populations and to evaluate different implementation strategies. Crown Copyright � 2016 Published by Elsevier
Inc. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

A crucial part of medical research is to develop risk
prediction models. These aim to accurately predict disease
and outcome risk in individuals [1e3], thereby informing
clinical diagnosis and prognosis. For example, healthy

individuals with a high predicted risk of future disease
(e.g., cardiovascular events) may be advised to modify their
lifestyle and behavior choices (e.g., smoking, exercise), and
diseased individuals may be grouped (e.g., stage of cancer)
according to future outcome risk so that clinical decisions
(such as treatment options, monitoring strategies) can be
tailored accordingly. Two well-known examples are QRISK
[4] and the Nottingham Prognostic Index [5]. They are typi-
cally implemented within a multivariable regression frame-
work, such as logistic or Cox regression, which provides an
equation to estimate an individual’s risk based on values of
multiple predictors (prognostic factors [6]) such as age, bio-
markers, and genetic information.

A key stage of prediction model research is model devel-
opment [2]. This identifies important predictors and
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What is new?

Key findings
� Given individual participant data (IPD) from mul-

tiple external validation studies, meta-analysis
enables researchers to summarize prediction model
performance, in terms of both average performance
and consistency in performance across popula-
tions. It thereby allows different implementation
strategies (e.g., recalibration) to be formally
compared.

� A multivariate meta-analysis approach should be
used to jointly evaluate discrimination and calibra-
tion performance, while accounting for their cor-
relation. This can be used within internaleexternal
cross-validation (to also incorporate a model devel-
opment phase) or when IPD from multiple studies
are available for external validation of existing
models.

What this adds to what was known?
� Before implementation, risk prediction models

require validation in data external to that used for
model development. This is best achieved using
IPD from multiple studies, so that model perfor-
mance can be examined and quantified across mul-
tiple populations of interest. A good prediction
model will have satisfactory performance on
average across all external validation data sets
and crucially little or no between-study heteroge-
neity in performance.

� Our examples show that a prediction model may
have excellent average performance but with het-
erogeneity (inconsistency) in performance across
populations. Recalibration of the model’s intercept
term (or baseline hazard) in the intended popula-
tion might reduce heterogeneity and thereby
improve the probability of acceptable model per-
formance when applied in new populations.

What is the implication and what should change
now?
� When IPD are available from multiple studies for

external validation of a prediction model, re-
searchers should use multivariate meta-analysis to
jointly summarize calibration and discrimination
performance and to identify how best to implement
the model in new populations.

develops the risk prediction equation using an available
data set; it usually also examines the model’s apparent
performance in this same data or uses internal validation

techniques (such as bootstrap resampling) to examine and
adjust for optimism in performance [7]. The next stage is
external validation [8e10]. This uses data external to the
model development data and its source and examines
whether the model predictions are accurate in another
(but related) situation. The aim was to ascertain the model’s
generalizability to the intended populations for use [11] and
to identify the best implementation strategy (e.g., recalibra-
tion of the intercept).

Unfortunately, most prediction research focuses on
model development, and there are relatively few external
validation studies [12]. However, nowadays, there is
increasing access to multiple data sets, as evident in
meta-analyses using individual participant data (IPD) from
multiple studies [13,14]. This provides an exciting opportu-
nity to perform external validation on multiple occasions
[15,16]. Model development and external validation can
even occur simultaneously, using an approach called inter-
naleexternal cross-validation [17,18]. This develops a
model in all but one of the IPD studies, and then, its
external validity is immediately checked in the omitted
study. This process is repeated across all rotations of the
omitted study, to measure external validity in each distinct
IPD study.

Given multiple external validation studies, meta-analysis
methods are needed to synthesize and summarize model
performance appropriately across the available populations.
Van Klaveren et al. [16], Pennells et al. [15], and, within
internaleexternal cross-validation, Royston et al. [17]
consider approaches to summarize validation performance
across multiple studies or clusters. These focus mainly on
producing pooled estimates of discrimination performance;
that is, a model’s ability to distinguish correctly between
patients with and without the outcome of interest.
Researchers should also be interested in summarizing cali-
bration performance, which is the agreement between a
model’s predicted risk and the observed risk. Calibration
is often ignored in external validation research [19],
although it is fundamental that observed and predicted risks
should closely agree. Moreover, baseline risk may vary
across study populations, and so, a model’s implementation
may need to be tailored to each population (often referred
to as recalibration) to improve calibration performance in
new populations.

In this article, we propose multivariate meta-analysis for
jointly synthesizing discrimination and calibration perfor-
mance, while accounting for their correlation. This can be
used within internaleexternal cross-validation (to also
incorporate a model development phase) or when IPD from
multiple studies are available for external validation of ex-
isting models. We show that the multivariate approach sum-
marizes a prediction model’s average discrimination and
calibration performance and quantifies the heterogeneity
in performance across populations. It also allows re-
searchers to predict the potential calibration and discrimi-
nation of a model when it is applied to a new population
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