_ Journal of
Clinical
Epidemiology

Check for
updates

ELSEVIER

Journal of Clinical Epidemiology 105 (2019) 136—141

COMMENTARY

How variation in predictor measurement affects the discriminative ability
and transportability of a prediction model
R. Pajouheshnia™”, M. van Smeden’, L.M. Peelen®, R.H.H. Groenwold”

YUMC Utrecht Julius Center, Utrecht University, Utrecht, The Netherlands
bDepartment of Clinical Epidemiology, Leiden University Medical Centre, Leiden, The Netherlands

Accepted 10 September 2018; Published online 14 September 2018

Abstract

Background and Objective: Diagnostic and prognostic prediction models often perform poorly when externally validated. We investigate
how differences in the measurement of predictors across settings affect the discriminative power and transportability of a prediction model.

Methods: Differences in predictor measurement between data sets can be described formally using a measurement error taxonomy.
Using this taxonomy, we derive an expression relating variation in the measurement of a continuous predictor to the area under the receiver
operating characteristic curve (AUC) of a logistic regression prediction model. This expression is used to demonstrate how variation in
measurements across settings affects the out-of-sample discriminative ability of a prediction model. We illustrate these findings with a diag-
nostic prediction model using example data of patients suspected of having deep venous thrombosis.

Results: When a predictor, such as D-dimer, is measured with more noise in one setting compared to another, which we conceptualize
as a difference in “classical” measurement error, the expected value of the AUC decreases. In contrast, constant, “‘structural” measurement
error does not impact on the AUC of a logistic regression model, provided the magnitude of the error is the same among cases and noncases.
As the differences in measurement methods between settings (and in turn differences in measurement error structures) become more com-
plex, it becomes increasingly difficult to predict how the AUC will differ between settings.

Conclusion: When a prediction model is applied to a different setting to the one in which it was developed, its discriminative ability
can decrease or even increase if the magnitude or structure of the errors in predictor measurements differ between the two settings. This
provides an important starting point for researchers to better understand how differences in measurement methods can affect the perfor-
mance of a prediction model when externally validating or implementing it in practice. © 2018 Elsevier Inc. All rights reserved.
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1. Introduction

Before prediction models are implemented in clinical prac-
tice, they should be externally validated, i.e., tested in individ-
uals who were not a part of the data set used to develop the
model [1—4]. Ideally, a model should perform well (in terms
of its discriminative ability and calibration [5]) when validated
in new sets of patients from different settings, e.g., from
different clinical settings, geographical locations, or time pe-
riods. However, prediction models commonly perform
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differently—generally poorer—in new settings compared to
what was observed in the development data set [6]. We then
say that the transportability of the prediction model is low.
Notably, failure for a model to transport well across settings
indicates that the model cannot be readily implemented for
new individuals [7]. Therefore, it is important that we under-
stand what causes a prediction model to perform differently
across settings. Discussions about variation in performance
across data sets often focus on differences in patient character-
istics [8—10]. Herein, we argue that variation in prediction
model performance can also be explained (in part) by differ-
ences in how predictors are measured across settings, regard-
less of whether patient characteristics are similar or different.

The way that predictors are measured often varies from
the development setting to validation or implementation
settings. This occurs when predictor values are determined
using different methodologies, protocols (e.g., fasting vs.
nonfasting cholesterol measurements), or equipment, are
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What is new?

Key findings

e Variation in the way a predictor is measured across
settings can lead to a decrease or even an increase
in the discriminative ability of a prediction model
across those settings.

What this adds to what was known?

e Differences in the methods used to measure a pre-
dictor can be described in terms of differences in
the magnitude or structure of predictor measure-
ment errors.

e In expectation, an increase in random error in the
measurement of a continuous predictor from one
setting to another will result in a decrease in the
area under the ROC curve, when predicting a bi-
nary outcome.

What is the implication and what should change

now?

e Future discussions about variation in prediction
model performance across settings should also
consider variation in predictors’ measurements.

measured by different people with varying levels of
training, or are directly measured in one setting and
measured by patient recall in a different setting, for
example. Surrogate values for predictors may also be used
when measurements of a certain predictor are unavailable
in a data set [11]. Altogether, this can have a large impact
on the value of measurements for individual patients; the
value of a blood pressure reading, for example, is known
to vary greatly depending on how the measurement is taken
[12]. Therefore, we can expect that differences in the distri-
bution of predictor values across different studies are not
only due to true variation in the characteristics of patients
but also the ways that their characteristics were measured.

In this report, we describe how the discriminative ability
of a prediction model varies across settings with variation
in the measurement of predictors and illustrate the effect
both numerically and in a case study about a diagnostic pre-
diction model for deep venous thrombosis (DVT).

2. How the AUC is related to measurements of a
predictor

2.1. Relating the AUC to the distribution of a
continuous predictor

The area under the receiver operating characteristic curve
(AUC) indicates how well a prediction model can discriminate

between individuals who have/will have (cases) or do not
have/will not have (noncases) the health outcome of interest
(e.g., disease or health state) [13]. Assuming a continuous pre-
dictor (which may be a linear combination of several predic-
tors) follows a normal distribution among cases and noncases
separately, it has been shown that the AUC of a predictor of a
binary outcome can be approximated by [14]:

AUC=o( H1—Ho 1]

\o?+ o}

Here p, Ko, G% and G% refer to the means and variances of
the predictor in the cases (i, o7) and noncases (i,, o3),
and ® denotes the cumulative normal distribution function.
From [1] we can see that the AUC is a function of the mean
and variance of the values of a predictor that are observed
for cases and noncases.

2.2. Relating the AUC to the distribution of a predictor
measured with error

To understand how the measurement of a predictor can
affect the AUC of a prediction model, we turn to an existing
taxonomy for measurement error (for further detail see
[15—17]). First, consider a candidate predictor, for
example, height. In one sample, the height of patients is
measured directly by a research assistant, providing an ac-
curate measure of heights in the sample. In another sample,
height is self-reported. Given that patients are likely to
recall their height with a certain amount of error, the self-
reported height value observed for an individual i (W;) rep-
resents their accurately measured height (X;) plus some
additional error (U;) [15]:

Wi = Xi + Ui [2]

A common model for Uj is the “‘classical”’ measure-
ment error model where U follows a normal distribution
with a mean value of zero and a (constant) variance, 7.
Under this model, the error in self-reported height is
considered random, and on average the measurements
are unbiased (E (W) = E (X)) but have additional vari-
ance, such that the expected variance of W is equal to
the sum of o> (the variance of the accurately measured
predictor X) and . It follows that the expected value of
the AUC of the predictor in the sample, measured with
random error, iS:

o S N 3]
Vot al+ 2T

From this, we can see that as the amount of random error
with which a predictor is measured increases, the discrim-
inative ability of the predictor is expected to decrease, pro-
vided the other parameters in [3] remain constant.

AUC=o
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2.3. A general expression relating measurement error to
the AUC of a continuous predictor

Measurement error can also affect the mean of the
observed values, which may also vary between cases and
noncases. Expression [2] can be extended as such:

Wi = IIIy + Xiey + & [4}

where y is an indicator to distinguish between cases (y = 1)
and noncases (y = 0). Furthermore, we assume that ey ~ N
(0, ty). The mean and variance components of the observed
predictor values in the cases and noncases can now be
defined. Let the expected values of the predictor X be
defined as Xo = E(X|Y = 0),X; = E(X|Y = 1), and simi-
larly, the values for error-contaminated predictor W, be
defined as Wy = E(W|Y = 0),W; = E(W|Y = 1). Hence,
in expectation,

W, =W, +60,X, [5]
Wo =W, + 0pX, [6]
2 =06707 + 1 7]
32 =200 + 7o 8]

It follows that, under the same conditions required for
expression [1] to hold, this expression can be extended to
incorporate measurement error by substituting the means
and variances of predictor X in the cases and noncases
for values of predictor W (measured with error), such that

W, —W,

DR

AUC=d 9]

3. Differences in measurement error between settings
lead to changes in the AUC

As explained, the way that predictors are measured in
samples from different settings varies, which could result
in variation in measurement error. Notably, it follows from
expression [9] that if differences in measurement between
settings translate to differences in the structure or magni-
tude of the measurement error associated with the predic-
tors, the AUC can vary across these settings. Figure 1
(scenarios S1 and S2) shows that when the amount of
random error across settings increases, the expected value
of the AUC decreases. In contrast, depending on the direc-
tion of the error, and whether it is present equally in the
measurements of both cases and noncases, nonrandom error
can cause the AUC to increase, decrease or it may have
little effect. Therefore, we see that for the discriminative
ability of a predictor to transport to a new setting, the mea-
surement error of that predictor must also be transportable.

Furthermore, in this example, the mean and variance of the
predictors in the absence of measurement error remained
constant across scenarios. In reality, it becomes extremely
challenging to predict how the AUC will change across set-
tings because the AUC is a function of predictor means,
variances, and error, all of which can change between
settings.

4. Case study: differences in measurements from
development to validation

Data from 1,295 patients with possible DVT [18] were
used to examine how differences in the measurement of a
predictor across samples affect the discriminative ability
of a diagnostic prediction model. First, a model to predict
the presence of DVT was developed with a single predictor,
D-dimer (log-transformed, continuous measurements of the
biomarker were used), using logistic regression on a
random half of the data (a split-sample procedure for illus-
tration purposes). Characteristics of the population in each
half of the data were on average very similar and closely
resembled the full data set (see [18] for details). Next, we
explored how measuring D-dimer with greater error in a
validation sample could affect its discriminative power. Er-
ror of increasing magnitude was simulated and added to the
D-dimer measurements in the remaining half of the data,
and subsequently the AUC was calculated. The AUCs re-
ported in Figure 2 denote the average AUC after replicating
the entire procedure (from data splitting to calculating of
the AUC) 1,000 times. Figure 2 shows that when measure-
ments were conducted less accurately (i.e., with increasing
amounts of noise or “‘classical error’’, see Section 3), there
was greater overlap between the distributions of the predic-
tor values of the cases and noncases in the validation sam-
ple. This translated to a strong reduction of the AUC, from
0.89 in the development sample to 0.67 in the validation
sample with a 200% increase in log D-dimer variance rela-
tive to the actual variance. In contrast, a fixed increase in
the D-dimer measurements (constant ‘‘structural error’,
see Section 3) caused a uniform shift in the predictor
values, and thus the AUC remained unchanged with
increasing error, as was also seen in Figure 1, scenario 3.
Finally, the prediction model including D-dimer was
extended with additional predictors: sex, oral contraceptive
use, presence of a malignancy, recent surgery, absence of
leg trauma, vein distension, and difference between calf cir-
cumferences, to reflect a published diagnostic model [18].
All predictors except D-dimer were assumed to be
measured in the same fashion in the development and vali-
dation samples. The same trends were observed as in the
univariable (D-dimer only) model; the AUC ranged from
0.90 in the development set to 0.70 in the validation sample
with a 200% increase in log D-dimer variance relative to
the actual variance and remained stable with fixed increases
in the D-dimer measurements.
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Fig. 1. The effect of measurement error in a single continuous predictor on the AUC when predicting a binary outcome. Data of size n = 10° were
simulated such that the values of a continuous predictor X, measured without error, were normally distributed for noncases (Xo ~ N [1, 0.5°]) and
cases (X; ~N[2, 0.5%]). Measurement error was simulated on top of the error-free measurements according to expression [4], such that values, W,
were observed instead of the true values of X, and the AUC was estimated using expression [9]. Each point on the curves represents a sample with a
certain amount and type of measurement error. The horizontal axes represent the measurement error parameter values used to vary the observed
values, W, using expressions [5—8]. In scenario S1, random (classical) error was added by increasing the random error term <. In scenario S2,
random error was only added to the cases (t1). In scenarios S3—S5, a constant (structural) error value ¢, was added to the measurements to both
cases and noncases (S3), cases only (1) (S4), and noncases only (4g) (S5), respectively. In scenarios S6—S8, error proportional to the true value
of X, 0, was added to the cases and noncases (S6), cases only (0;) (S7), and noncases only (0p) (S8), respectively.

5. Concluding remarks methods should be comparable across each sample. We
propose that differences in the way a predictor is measured
across samples from different settings can be viewed in the
context of measurement error. Prediction does not require
the “true” value of a variable to be measured rather predic-
tions are made using observed measurements [15]. Whether
predictor measurements deviate from their “true” (e.g.,
biological) value becomes important only if this deviation
from “truth” varies from one sample to another.

Differences in the way predictors are measured across
settings can cause the discriminative ability of a prediction
model to appear to be worse, but perhaps surprisingly can
appear to be better as well, in one setting compared to
another. Thus, for a prediction model to transport well to
new patient samples, i.e., from development, to validation,
and finally implementation in daily practice, measurements
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Fig. 2. (A—B) The transportability of the discriminative value of D-dimer for separating DVT cases from noncases, from the development sample to
validation samples with increasing amounts of measurement error. The DVT data were randomly split 50:50, simulated error was added to the DVT
values measured in the validation sample, and the AUC was calculated. The process was repeated 1,000 times, and the average of the AUCs was
calculated. A: random (classical) error, where the error was randomly sampled from a normal distribution (¢ ~ N (O, op.gimer * M), and m ranged
from 0.1 to 2. B: constant (structural) error, such that e = ?D,dimer+ m, and m ranged from 0.05 to 1.
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A number of studies have investigated factors that influ-
ence the performance of a prediction model. The effect of
measurement error on prediction model performance within
a single sample has been examined elsewhere [19,20].
Others have investigated how correlation between predic-
tors in a model is related to model performance. A simula-
tion study by Kundu et al. [21] found that differences in the
correlations between predictors in validation samples
compared to the development sample can result in differ-
ences in the AUC. Given that differences in measurement
methods can affect the variance of predictor measurement
in a sample, and the correlation between two variables is
a function of their variances and covariance, our findings
explain how differences in correlations can arise between
samples, and how this can affect the AUC of a model.

There are several implications of the effect that variation
in predictor measurement (and consequent differences in
measurement error) has on model performance across set-
tings. First, differences in performance can arise when pre-
dictors in a validation sample have been measured using
methods that do not reflect current standards. This could
happen if the validation sample comes from an historical
cohort, in which outdated, more error-prone methods of
measurement were used. Alternatively, if data were
collected in a highly protocol-driven setting, such as for a
randomized trial, measurements may be more precise (with
less error) than in real practice. In such cases, evidence of
poor model transportability is weakened by nonrepresenta-
tive measurements in the validation sample. Second, differ-
ences in measurements from development to validation
might reflect true variation in clinical practice. In this case,
we might conclude that poor performance in a validation
sample is evidence of limited transportability of the model.
Finally, it could be that the model itself is outdated, and
since its development, the methods used to measure a pre-
dictor have improved. Poor performance in a contemporary
validation sample would indicate that the model requires
updating.

We present a starting point for the further exploration of
the impact of differences in measurements on prediction
model performance, and further attention is required in a
number of areas. First, the mathematical relationship we
present between measurement error and model discrimina-
tion is restricted to the case of a single continuous predictor
and is based on strict assumptions. Future research could
use computer simulations to further explore the impact of
differences in measurements on the discriminative ability
of multivariable prediction models across samples and
could investigate the misclassification of categorical predic-
tors. Second, although we have discussed model discrimi-
nation, model calibration requires separate attention.
Khudyakov et al. demonstrated that measurement error in
a predictor does not affect the calibration of a prediction
model within the same sample [19]. However, differences
in how a predictor has been measured across settings could
negatively impact on the calibration of the model across

settings. To examine this would require extensive simula-
tions and is beyond the scope of this study. Third, in our
case study, we do not consider that the variables (e.g., D-
dimer) are likely to have already been measured with an
amount of error, before the addition of simulated error.
Given that we randomly split our data in development
and validation sets, any existing error should have been
similar across the sets, and thus the findings should not
be affected. Fourth, we consider the effect of differences
in predictor measurement in isolation from other factors
that influence the discriminative ability of a prediction
model. Variation in population characteristics across set-
tings (or ‘“‘patient spectrum’’), for example, has been shown
to influence the performance and transportability of a diag-
nostic test or prediction model [10,22,23]. Further research
is needed to determine the relative contribution of variation
in the measurement of predictors to overall prediction
model performance, compared with other aspects of the
characteristics of a population. Finally, we do not comment
on the use of correction methods for measurement error
when developing or validating a prediction model, as this
remains a topic for further investigation.

To conclude, if the measurement of predictors varies
from sample to sample, we can anticipate changes in the
discriminative ability of the model. Discussions about vari-
ation in prediction model performance across settings
should therefore also consider variation in predictors’ mea-
surements. The way predictors are measured when devel-
oping of validating a prediction model should mimic the
way predictors are measured in practice to obtain realistic
and relevant estimates of prediction model performance.
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