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Abstract

Background: Discriminative ability is an important aspect of prediction model performance, but challenging to
assess in clustered (e.g., multicenter) data. Concordance (c)-indexes may be too extreme within small clusters. We
aimed to define a new approach for the assessment of discriminative ability in clustered data.

Methods: We assessed discriminative ability of a prediction model for the binary outcome mortality after traumatic
brain injury within centers of the CRASH trial. With multilevel logistic regression analysis, we estimated cluster-specific
calibration slopes which we used to obtain the recently proposed calibrated model-based concordance (c-mbc) within
each cluster. We compared the c-mbc with the naive c-index in centers of the CRASH trial and in simulations of clusters
with varying calibration slopes.

Results: The c-mbc was less extreme in distribution than the c-index in 19 European centers (internal validation; n=1716)
and 36 non-European centers (external validation; n = 3135) of the CRASH trial. In simulations, the c-mbc was biased but less
variable than the naive c-index, resulting in lower root mean squared errors.

Conclusions: The c-mbc, based on multilevel regression analysis of the calibration slope, is an attractive alternative
to the c-index as a measure of discriminative ability in multicenter studies with patient clusters of limited sample size.

Keywords: Prediction model, Model performance, Discrimination, Concordance, Clustered data, Multilevel regression,

Traumatic brain injury

Background

Assessing the performance of a prediction model is of
great practical importance [1, 2]. An essential aspect of
model performance is separating subjects with good out-
come from subjects with poor outcome (discrimination)
[3]. Harrell’s concordance-index (c-index) is often used
to assess discrimination [4]. The c-index estimates the
probability that for two randomly chosen subjects with
different outcomes, the model predicts a higher risk for
the subject with poorer outcome (concordance proba-
bility). In addition to the c-index, we recently introduced
a model-based concordance measure (mbc), similar to
the concordance probability estimator proposed for
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proportional hazards regression models by Goénen and
Heller [5, 6]. The mbc is the expected concordance
probability of a regression model under the assumption
that the regression model is “valid”, i.e., outcomes are
generated according to this regression model. The mbc
at external validation is the closed form variant of the
previously proposed case-mix corrected c-index [7]. The
difference between the mbc at model development and
the mbc at external validation indicates the change in
discriminative ability attributable to the difference in
case-mix heterogeneity between the development and
validation data. The calibrated mbc (c-mbc)—based on
predictions recalibrated to the external validation data—
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also takes (in)validity of the regression coefficients, in-
cluding the intercept, into account when measuring the
discriminative ability in external data.

In risk modeling, patient data is often clustered. A typ-
ical example is multicenter patient data, i.e., data of pa-
tients who are treated in different centers. We have
suggested summarizing the discriminative ability with
random-effects meta-analysis of the cluster-specific
c-index, because the discriminative ability often varies
between clusters of patients [8]. However, for small clus-
ters, the cluster-specific c-index may be too extreme. Ex-
treme estimates are also a problem for cluster-specific
calibration intercepts and slopes. Multilevel regression
analysis can provide less extreme (“shrunk”) random ef-
fect estimates, trading off variance with bias [9-11]. The
random effect estimates of calibration intercepts and
slopes can also be used for calculation of the c-mbc,
which is the expected concordance probability under the
assumption that the random effect estimates of the cali-
bration intercept and slope are valid, i.e., outcomes are
generated according to the calibrated regression model.
Similar to the cluster-specific random intercept and
slope estimates, we may expect the cluster-specific
¢-mbc to be more stable than the c-index.

We aimed to study this new approach for assessment
of discriminative ability in clustered data, especially for
small clusters. We compare the cluster-specific c-mbc—
based on random effect estimates of calibration inter-
cepts and slopes—with the naive cluster-specific c-index
in a case study with substantial variation in calibration
slopes across small clusters. We study the trade-off be-
tween variance and bias of the cluster-specific c-index
and ¢-mbc in a simulation study.

Methods

The (calibrated) model-based concordance

The recently proposed mbc (equations in Appendix)
estimates a logistic or proportional hazards regression
model’s concordance probability at apparent validation
[6]. The mbc is asymptotically equivalent to the
c-index, with exact equality when the model contains
only one categorical predictor. This mbc is a function
of the regression coefficients and the covariate distri-
bution and does not use observed outcomes. Conse-
quently, in an external validation population, the mbc
is not influenced by the validity of the regression coef-
ficients and merely assesses the expected discrimina-
tive ability of the model, similar to a previously
proposed case-mix corrected c-index [10]. To assess
the influence of overall regression coefficient validity
on the concordance probability, we first estimate the
calibration intercept y, and the calibration slope y; in
the validation data, i.e., the regression coefficients of a

Page 2 of 13

model that regresses the observed outcomes on the
linear predictors X in the validation data [12]. If §,
=1, the regression coefficients are on average valid in
the validation data. In contrast, y, <1 indicates a
weaker association between the linear predictor and
the outcomes in the validation data. The mbc(y, + 7,
Xp), which we label calibrated model-based concord-
ance (c-mbc), incorporates both the influence of
case-mix heterogeneity and the overall validity of the
regression coefficients f on the discriminative ability
of the prediction model. Variance estimates of the mbc
and the c-mbc in model development and external val-
idation settings are easily available as well [6].

The calibrated model-based concordance in clustered data
When data is clustered, we denote with x;; the baseline
characteristics vector for patient i in cluster k, and with
zi = x} B the corresponding linear predictors of a logis-
tic regression model with regression coefficients S and
intercept Bo. We can incorporate calibration intercepts
Yor and slopes yix for individual clusters in a multilevel
logistic regression model [9]:

logit(p,) = offset(B,) + yor + yuzix

= (] Lo, 2])
Y1k Y1 POO1 0

The best linear unbiased predictors y,; and y,, repre-
sent random effect estimates of the calibration intercept
and the calibration slope in cluster k. Although the nam-
ing and interpretation of y; and y,, has been debated, we
will loosely call them random effect estimates—accom-
panied by confidence intervals—because we will repeat-
edly compare them with fixed effect estimates [13, 14].
The random effects estimates of the intercept and slope in
cluster k can be plugged into Eq. 7. With Z; = X; the lin-
ear predictors of patients in cluster k, we obtain the c-mbc
of a multilevel logistic regression model in cluster k:

¢ — mbcy = mbc(By + Yor + V1. Zk) (2)

Results

Case study of traumatic brain injury

Case study design

We present a case study of predicting mortality after
traumatic brain injury (TBI). We used patients enrolled
in the Medical Research Council Corticosteroid Ran-
domisation after Significant Head Injury trial (registra-
tion ISRCTN74459797), who were recruited between
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1999 and 2004 [15]. This was a large international
double-blind, randomized placebo-controlled trial of the
effect of early administration of a 48-h infusion of meth-
ylprednisolone on outcome after head injury. We con-
sidered patients with moderate or severe brain injury
(GCS total score <12) and observed 6-month Glasgow
Outcome Scale (GOS) [16, 17]. Patients (# = 1716) who
were treated in one of 19 European centers with more
than 10 patients experiencing the event were included in
the analysis. A logistic regression model was fitted—ig-
noring clustering—with age, GCS motor score and pupil
reactivity as covariates, similar to previously developed
risk models [18, 19]. To assess the performance of this
model’s linear predictors within each cluster, we esti-
mated the cluster-specific calibration intercept, calibra-
tion slope, and c-index. We compared the estimates
with random effect estimates of the calibration intercept
and slope (multilevel logistic regression model in Eq. 1)
and the c-mbc (Eq. 2), respectively. All the analyses were
done in R software, and multilevel regression analysis
was done with the Ime4 package [20, 21].

Case study results

At internal validation, we found substantial heterogeneity
in calibration intercepts and slopes (0p=0.82; 07 =0.16;
p = —0.76). The mean of the cluster-level calibration in-
tercepts (yo = 0.24) and the mean of the cluster-level cali-
bration slopes (y; =0.96) were close to the apparent
estimates of the calibration intercept (= 0) and the calibra-
tion slope (= 1). As expected, random effects estimates of
the calibration intercept and slope were less heteroge-
neous and had narrower 95% confidence intervals than
fixed effect estimates (left and middle panels of Fig. 1;
Additional file 1: Table S1). Similarly, the ¢-mbc based on
random effect estimates was less heterogeneous and had
narrower 95% confidence intervals than the cluster-spe-
cific c-index (right panel of Fig. 1).

At external validation, for patients who were treated in
one of 36 non-European centers with more than 10 pa-
tients experiencing the event (n = 3135), the intercept was
poorly calibrated (yp=1.44) and the linear predictors
slightly overfitted (y; = 0.90). The heterogeneity in the cali-
bration intercept and slope was very similar to the
European setting (0o =0.81;01 =0.15;p = - 0.79). Differ-
ences between fixed effect estimates and random effects es-
timates and between the c-index and the c-mbc were
comparable to the European setting (Fig. 2; Additional file 1:
Table S2).

Simulation study

Design of the simulation study

To study the trade-off between variance and bias of the
cluster-specific c-index and the c-mbc, we simulated
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validation studies of a logistic regression model in 40
clusters of 200 patients. To incorporate heterogeneity
in true intercepts and slopes across clusters, we drew
once for each cluster k a true calibration intercept yox
and a true calibration slope yi; from independent nor-
mal distributions with means y, =0 and y; = 1, respect-
ively, and standard deviations oy = ;7 = 0.2.

In each of 2000 replications, we generated for pa-
tient i in cluster k a continuous baseline linear pre-
dictor z; from a standard normal distribution and a
binary outcome from a Bernoulli distribution with
success probability [1+exp{-(-2+ yor + ylkzik)}]fl.
With such an average intercept of -2, the expected
event rate in a typical cluster (yor = 0; y1,=1) is 15.5%.
We produced cluster-specific (fixed effect) estimates
of the calibration intercept and slope and the
cluster-specific c-index in each replication. Further-
more, we produced random effect estimates of the
calibration intercept and slope (multilevel logistic re-
gression model of Eq. 1) and the ¢-mbc (Eq. 2) in each
replication.

We summarized the cluster-specific estimates of the
calibration intercept, the calibration slope and the con-
cordance probability with the average deviation from the
true value (bias), the standard deviation (square root of
the variance), and the root of the average squared differ-
ence with the true values (root mean squared error
[rmse]). To obtain the true concordance probability
within each cluster k, we used mbc(-2 + yor + yY1xZi),
with Z; the vector of linear predictors for patients in
cluster k, because it is equal to the mean c-index in in-
finitely many replications of cluster k assuming that yq
and y; are true [6].

Main results of the simulation study

The cluster-specific c-index was unbiased (Table 1).
The bias of the c-mbc increased with the deviation of
the true cluster-specific concordance probability from
the overall average. Due to a positive trade-off with
variance (lower standard deviation), the rmse of the
c-mbc was generally lower than the rmse of the c-index.
Similar plots as for the case study (Figs. 1 and 2) could
be drawn for each replication of the simulation study.
We plotted the estimates from the first replication, in-
cluding true cluster-specific values (Fig. 3). Again, ran-
dom effects estimates of calibration intercept and slope
and the c-mbc were less heterogeneous and had nar-
rower 95% confidence intervals than fixed effect esti-
mates and the c-index, respectively.

Sensitivity analyses
We varied simulation settings to visualize the impact
on our proposed approach. Without between-cluster
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Fig. 1 Performance measures at internal validation across 19 centers of t
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he CRASH trial. Closed dots represent fixed effect intercept estimates;

fixed effect slope estimates; and c-indexes in the first, second, and third panel, respectively. Open dots represent random effects intercept estimates,
random effects slope estimates, and calibrated model-based concordance estimates in the first, second, and third panel, respectively. Gray vertical lines

ssion model, together with the expected pooled concordance (0.85). Black
.96) in a multilevel regression model, together with the expected pooled

concordance (0.84). The number of patients in each center is indicated on the right y-axis

heterogeneity of the true intercept and slope, the
random effects estimates and the c-mbc were much
closer to the true value than the fixed effect estimates
and the c-index (Fig. 4). As a consequence of the
unbiasedness of the c-mbc, the rmse of c-mbc was
substantially lower compared to the c-index
(Additional file 1: Table S3). When we doubled the
number of patients in each cluster to 400, the

standard deviation of the c-index, the bias of the
c-mbc, and the average difference between the rmse
of the c¢-mbc and the rmse of the c-index all were
lower than in the simulations with 200 patients in
each cluster (Additional file 1: Table S4).

We studied the impact on the simulation results when
the regression model was misspecified and when the as-
sumption of normally distributed calibration slopes was
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Fig. 2 Performance measures at external validation across 36 centers of the CRASH trial. Closed dots represent fixed effect intercept estimates;
fixed effect slope estimates; and c-indexes in the first, second, and third panel, respectively. Open dots represent random effects intercept estimates,
random effects slope estimates, and calibrated model-based concordance estimates in the first, second, and third panel, respectively. Gray vertical lines
represent effect estimates of intercept (0) and slope (1) in the original regression model, together with the expected pooled concordance (0.83). Black
vertical lines represent fixed effect estimates of intercept (1.44) and slope (0.90) in a multilevel regression model, together with the expected pooled
concordance (0.78). The number of patients in each center is indicated on the right y-axis

violated, respectively. To mimic model misspecification,
we first generated binary outcomes based on a dichoto-
mized version of the continuous baseline linear predictor
Zit 1., from a Bernoulli distribution with success prob-
ability [1+ exp{-(=0.5+ yo +2.75 y1; Imuo1y) } 7' -
The average intercept (-0.5) and the average slope
(2.75) of the outcome generation model were chosen
such that the average intercept and slope estimated

by the misspecified model based on continuous
predictors z; were similar to the base-case scenario
(-2 and 1, respectively). Regardless of misspecifica-
tion of the regression model, the rmse of the c-mbc
was consistently lower than the rmse of the c-index
(Additional file 1: Table S5). Second, we decreased
the normally distributed calibration slopes in half of
the clusters with 0.2 (weaker association between
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Table 1 Simulation characteristics (2000 replications) of c-index and c-mbc across 40 centers of 200 patients
Cluster True Bias SD rmse

Concordance C-index c-mbc C-index c-mbc C-index c-mbc
1 0.664 0.002 0.051 0.055 0.027 0.055 0.057
2 0.666 0.001 0.047 0.059 0.027 0.059 0.054
3 0.695 0.001 0.032 0.053 0.024 0.052 0.040
4 0.699 0.000 0.025 0.056 0.024 0.055 0.034
5 0.702 0.000 0.026 0.054 0.024 0.053 0.034
6 0.705 —-0.001 0.030 0.049 0.025 0.048 0.038
7 0.710 —0.002 0.022 0.051 0.023 0.050 0.031
8 0.712 -0.001 0.015 0.056 0.024 0.055 0.027
9 0.712 0.001 0.028 0.048 0.024 0.047 0.035
10 0.718 0.002 0.020 0.051 0.023 0.050 0.029
" 0.726 0.001 0.004 0.056 0.024 0.055 0.022
12 0.727 —0.001 0.001 0.058 0.024 0.057 0.022
13 0.727 0.000 0.017 0.047 0.023 0.046 0.027
14 0.727 0.001 0.010 0.051 0.023 0.050 0.023
15 0.731 0.001 0.008 0.049 0.022 0.048 0.021
16 0.735 —-0.001 —0.001 0.053 0.023 0.053 0.021
17 0.735 0.001 0.006 0.050 0.022 0.049 0.021
18 0.738 0.000 0.001 0.052 0.023 0.051 0.020
19 0.741 0.001 0.006 0.047 0.022 0.046 0.020
20 0.744 0.001 0.007 0.045 0.022 0.043 0.020
21 0.750 0.000 0.002 0.046 0.021 0.045 0.019
22 0.751 0.001 —0.004 0.049 0.022 0.047 0.019
23 0.755 0.001 0.006 0.043 0.023 0.041 0.021
24 0.755 0.000 -0.008 0.049 0.022 0.048 0.020
25 0.757 0.002 —0.007 0.046 0.021 0.045 0.020
26 0.757 0.002 -0013 0.051 0.022 0.049 0.023
27 0.763 —0.002 -0.015 0.050 0.022 0.049 0.024
28 0.763 0.000 -0014 0.048 0.021 0.047 0.023
29 0.765 0.000 0.000 0.041 0.022 0.040 0.019
30 0.770 0.001 -0.009 0.043 0.022 0.042 0.020
31 0.772 0.002 —-0.011 0.043 0.021 0.041 0.021
32 0.774 0.001 -0.015 0.044 0.021 0.042 0.023
33 0.780 0.000 -0.015 0.042 0.021 0.041 0.024
34 0.787 —0.001 -0.029 0.046 0.022 0.044 0.034
35 0.788 0.000 —0.036 0.048 0.023 0.047 0.041
36 0.791 0.001 -0.018 0.039 0.022 0.038 0.026
37 0.795 —0.001 -0.028 0.041 0.022 0.040 0.033
38 0.798 —0.001 —0.031 0.041 0.021 0.040 0.035
39 0.798 0.001 -0.027 0.040 0.022 0.038 0.033
40 0.803 0.000 -0.033 0.040 0.022 0.039 0.038
Average 0.745 0.000 0.001 0.048 0.023 0.047 0.028
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Fig. 3 Performance measures across 40 centers of 200 simulated patients. Gray squares represent true values of intercept, slope, and concordance
probability. Closed dots represent fixed effect intercept estimates; fixed effect slope estimates; and c-indexes in the first, second, and third panel,
respectively. Open dots represent random effects intercept estimates; random effects slope estimates; and calibrated model-based concordance
estimates in the first, second, and third panel, respectively. Gray vertical lines represent effect estimates of intercept and slope in the original regression
model, together with the expected pooled concordance. Black vertical lines represent fixed effect estimates of intercept and slope in a multilevel
regression model, together with the expected pooled concordance

predictor and outcome) and increased the calibration
slopes with 0.2 in the other half of the clusters
(weaker association). Although the bias of the c-mbc
was recognizable—upwards in the cluster with de-
creased calibration slope and downwards in the other
half—the rmse of the c-mbc was again consistently
lower than the rmse of the c-index (Additional file 1:
Table S6).

Finally, we varied the case-mix heterogeneity across
clusters by drawing the standard deviation of the nor-
mally distributed predictor in cluster k (z;) from a uni-
form distribution between 0.75 and 1.25, and we
reduced overall predictive ability by a true slope of 0.75.
Both scenarios were well presented in cluster-specific es-
timates, by more variation in c-mbc (Fig. 5) and lower
mean c-mbc (Fig. 6), respectively.
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Fig. 4 Performance measures across 40 centers of simulated 200 patients without between center heterogeneity in intercept and slope. Gray
squares represent true values of intercept, slope, and concordance probability. Closed dots represent fixed effect intercept estimates; fixed effect
slope estimates; and c-indexes in the first, second, and third panel, respectively. Open dots represent random effects intercept estimates; random
effects slope estimates; and calibrated model-based concordance estimates in the first, second, and third panel, respectively. Gray vertical lines
represent effect estimates of intercept and slope in the original regression model, together with the expected pooled concordance. Black vertical
lines represent fixed effect estimates of intercept and slope in a multilevel regression model, together with the expected pooled concordance

Discussion

We proposed a new approach for assessing discrim-
inative ability of prediction models in clustered data.
The measure is a modification of the previously pro-
posed calibrated model-based concordance (c-mbc)
that is the expected concordance under the assump-
tion that the estimates of calibration intercept and
slope of the prediction model are true. The c-mbc

for clustered data uses the random effect estimates
of the calibration intercept and slope per cluster pro-
vided by a multilevel logistic regression model with
the linear predictor as only covariate. The c-mbc was
less extreme in distribution than the c-index in a
case study. In simulations with a heterogeneous cali-
bration slope, the random effect estimates of calibra-
tion intercept and slope and thus the c-mbc were
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biased, but less variable than the unbiased fixed ef-
fect estimates and the c-index. The trade-off between
bias and variance resulted in a generally lower root
mean squared error of the c-mbc compared to the
c-index.

We compared the c-mbc based on random effect esti-
mates of the calibration intercept and slope with the
c-index. The comparison is basically between a random

effect concordance probability estimator and a fixed ef-
fect concordance probability estimator, because the
c-index is asymptotically equivalent to the c-mbc based
on fixed effect estimates of the calibration intercept and
slope [6]. This explains the observed variance bias
trade-off which is typical for the choice between fixed ef-
fect and random effect estimates. It is well recognized
that unbiasedness is not the only property of an
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Fig. 6 Performance measures across 40 centers of 200 simulated patients with reduced overall predictive ability. Gray squares represent true
values of intercept, slope, and concordance probability. Closed dots represent fixed effect intercept estimates; fixed effect slope estimates; and
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estimator that is important and that much could be
gained by compromising unbiasedness to improve the
precision of an estimator [10, 22].

We and others have recently suggested summarizing the
discriminative ability with random-effects meta-analysis of
the cluster-specific c-index, because the discriminative abil-
ity often varies between clusters of patients [8, 23, 24]. Ran-
dom effects meta-analytic techniques inform about the
mean and the variation in cluster-specific concordance

probabilities, ideally with a prediction interval [25]. How-
ever, meta-analytic techniques do not add information
about the concordance probability in individual clusters.
The techniques proposed in this paper enhance the
assessment of discriminative ability in individual clus-
ters of patients.

The patients in our case study were clustered in hospi-
tals. A comparable type of clustering may occur in patients
treated in different countries or in patients treated by
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different caregivers in the same center. Similarly, in public
health research, the study population is often clustered in
geographical regions like countries, municipalities, or
neighborhoods. Patients in an individual patient data (IPD)
meta-analysis are also clustered in studies. In general, we
recommend to always exploit the non-randomly clustered
nature of a dataset, through analysis and reporting of the
variation in prediction model performance across clusters.
Hence, we obtain more insight into the generalizability of a
prediction model across different settings. Even at internal
validation, the variation in model performance across
non-random clusters is more informative than the quantifi-
cation of a model’s internal validity based on random sam-
pling techniques.

We focused on measuring the performance of logistic re-
gression models in clustered data, using multilevel logistic
regression and the calibration intercept, the calibration
slope, the c-index, and the ¢-mbc. This methodology could
easily be extended to proportional hazards regression
models, based on mixed effects Cox models or shared
frailty models, and similar definitions of the calibration
slope, the c-index, and the c-mbc in survival data [4, 6, 26].

We initially simulated validation studies of a logistic
regression with moderate heterogeneity in true inter-
cepts and slopes across 40 rather small clusters of 200
patients. Obviously, the difference in the rmse of the
¢-mbc compared to the c-index depends on the charac-
teristics of the setting. With negligible heterogeneity in
true intercepts and slopes, the difference in rsme was
higher. With growing numbers of patients per cluster,
the difference in rsme was lower. Ultimately, the c-mbc
converges to the c-index with increasing numbers of pa-
tients per cluster, because the random effect estimates
converge to the fixed effect estimates [6].

The proposed approach depends on the ability of a
multilevel regression model to estimate the between-
cluster variances of the intercept and the slope. The
minimum number of clusters needed to estimate these
variances is in the order of 10 but depends on the spe-
cific setting [9].

Conclusions

The c-mbc, based on random effect estimates of the cali-
bration intercept and slope, resulted in a generally lower
root mean squared error compared to the c-index. The
¢-mbc is an attractive alternative to the c-index as measure
of discriminative ability in clustered data when clusters
are of limited size.

Appendix

The model-based concordance (mbc) is a model-based
estimator of the concordance probability [6]. The con-
cordance probability is defined as the probability that a
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model predicts for two randomly chosen patients with
different outcomes and a higher risk for the patient
with poorer outcome. For a given patient population
(or cluster of patients), it is the probability that a ran-
domly selected patient pair has concordant predictions
and outcomes, divided by the probability that their
outcomes are different (not “tied”). Patient i has binary
outcome Y; baseline characteristics vector x; linear
predictor x! B of a logistic regression model, and pre-
diction p; = logit ' (8, + xB). The probability that a
randomly selected patient pair has concordant predic-
tions and outcomes is [27]

P(concordant) =

20

n(n-1) Ji

[I(pi <p/) (Yi<Y)) +1(Pi >Pj)P(Yi > Y/)}
(3)

Similarly, the probability that a randomly selected pa-
tient pair has unequal outcomes is

P(unequal Y)

) le (Yi<Y))+P(Y:>Y;)]
(4)

Thus, the concordance probability CP in a patient
population is obtained by dividing the probabilities of
Egs. 3 and 4:

Z}Z[ (re<p))P(Yi<¥)) +1(p,> ) P(Yi > V)]
> Ip(

i j=i

CP =

(Yi<Y))+P(Y;>Y))]

(5)

For a logistic regression model, the model-based prob-
abilities P(Y; < Y)) are

P(Y;<Y;) =

—_
—_

6
Goris) ©

= T

1+ eﬁ°+xi B 1+ e

Combining Egs. 5 and 6 and replacing I(p; < p;) by I
(xIp < xlT[:o’) because the predictions are an increasing

function of the linear predictor result in the model-based
concordance (mbc) for logistic regression models:
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I (xlT/)’ > xfﬁ)

ZiZ/‘;ﬁi

(1 + eﬁ0+xg'/;) (1 te (ﬁ0+x?ﬁ)>

+ (1 N e-(ﬁﬁx?ﬁ)) <1 N e/io+x'§'ﬁ)

mbc(By + XB) = =
1

. (7)
1

Ziz;’:i

When model predictions may be equal for some com-
binations of i and j, e.g., when x is a binary marker, we
can generalize 5 by using I(p; < p;) instead of I(p; < p)).

Additional file

Additional file 1: Table S1. Cluster sizes and performance measures
across 19 European centers of the CRASH trial. Table S2. Cluster sizes
and performance measures at external validation across 36 non-European
centers of the CRASH trial. Table S3. Simulation characteristics (2000
replications) of c-index and c-mbc across 40 centers of 200 patients without
between center heterogeneity in intercept and slope. Table S4. Simulation
characteristics (2000 replications) of c-index and c-mbc across 40 centers of
400 patients. Table S5. Simulation characteristics (2000 replications) of
c-index and c-mbc across 40 centers of 200 patients when the regression
model was misspecified. Table S6. Simulation characteristics (2000
replications) of c-index and c-mbc across 40 centers of 200 patients
when the calibration slopes were not normally distributed. (DOCX 92 kb)

Acknowledgments
The authors express their gratitude to all investigators of the CRASH trial for
providing the data for this study, in particular Dr. Pablo Perel.

Funding

This work was supported by the Netherlands Organisation for Scientific Research
(grant 917.11.383) and the Patient-Centered Outcomes Research Institute (grant
ME-1606-35555). This work was funded in part through the NIH/NCI Cancer Cen-
ter Support Grant P30 CA008748.

Availability of data and materials
The datasets analyzed during the current study are not publicly available.

Authors’ contributions

DvK, MG, EWS, and YV designed the study. DvK analyzed the data and wrote
the first draft of the paper. All authors contributed to writing the paper and
approved the final version.

Ethics approval and consent to participate

Patients with head injury and impaired consciousness may be unable to give
properly informed consent. In emergency situations it may not be medically
appropriate to delay the start of treatment until proxy consent can be obtained,
doctors therefore took responsibility for entering their patients, just as they
would take responsibility for choosing other treatments. However, the specific
requirements of local research ethics committees were strictly adhered to at all
times. Information leaflets about the study were provided for patients and their
friends and relatives.

Consent for publication
Not applicable

Competing interests
The authors declare that they have no competing interests.

(14 hotei8) <1 b (ﬁm?ﬁ))

_|_

(1 + e*(ﬁo+x?ﬁ)) (1 v eﬁ0+x,fﬁ>

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Author details

1Depar‘[ment of Public Health, Erasmus University Medical Center, Rotterdam,
The Netherlands. *Predictive Analytics and Comparative Effectiveness Center,
Institute for Clinical Research and Health Policy Studies, Tufts Medical Center,
Boston, USA. *Department of Biomedical Data Sciences, Leiden University Medical
Center, Leiden, The Netherlands. 4Epidemiology and Biostatistics, Memorial Sloan
Kettering Cancer Center, New York, USA.

Received: 17 October 2018 Accepted: 28 March 2019
Published online: 06 June 2019

References

1. Justice AC, Covinsky KE, Berlin JA. Assessing the generalizability of
prognostic information. Ann Intern Med. 1999;130:515-24.

2. Altman DG, Royston P. What do we mean by validating a prognostic
model? Stat Med. 2000;19:453-73.

3. Steyerberg EW, Vickers AJ, Cook NR, Gerds T, Gonen M, Obuchowski N, et al.
Assessing the performance of prediction models: a framework for traditional
and novel measures. Epidemiology. 2010;21:128-38.

4. Harrell FE Jr, Califf RM, Pryor DB, Lee KL, Rosati RA. Evaluating the yield of
medical tests. JAMA. 1982,247:2543-6.

5. Gonen M, Heller G. Concordance probability and discriminatory power in
proportional hazards regression. Biometrika. 2005,92:965-70.

6. van Klaveren D, Gonen M, Steyerberg EW, Vergouwe Y. A new concordance
measure for risk prediction models in external validation settings. Stat Med.
2016;35:4136.

7. Vergouwe Y, Moons KG, Steyerberg EW. External validity of risk models: use
of benchmark values to disentangle a case-mix effect from incorrect
coefficients. Am J Epidemiol. 2010;172:971-80.

8. van Klaveren D, Steyerberg EW, Perel P, Vergouwe Y. Assessing
discriminative ability of risk models in clustered data. BMC Med Res
Methodol. 2014;14:5.

9. Gelman A, Hill J. Data analysis using regression and multilevel/hierarchical
models. Cambridge: Cambridge University Press; 2007.

10.  Greenland S. Principles of multilevel modelling. Int J Epidemiol. 2000;29:
158-67.

11. Austin PC, van Klaveren D, Vergouwe Y, Nieboer D, Lee DS, Steyerberg EW.
Validation of prediction models: examining temporal and geographic
stability of baseline risk and estimated covariate effects. Diagn Prognostic
Res. 2017;1:12.

12. Steyerberg EW. Clinical prediction models: a practical approach to
development, validation, and updating. New York: Springer; 2009.

13.  Bates D. Lme4: mixed-effects modeling with R Springer; 2010.

14.  Robinson GK. That BLUP is a good thing: the estimation of random effects;
1991. p. 15-32.

15.  Edwards P, Arango M, Balica L, Cottingham R, El-Sayed H, Farrell B, et al.
Final results of MRC CRASH, a randomised placebo-controlled trial of
intravenous corticosteroid in adults with head injury-outcomes at 6 months.
Lancet. 2005;365:1957-9.

16. Teasdale G, Jennett B. Assessment of coma and impaired consciousness. A
practical scale. Lancet. 1974;2:81-4.


https://doi.org/10.1186/s41512-019-0055-8

van Klaveren et al. Diagnostic and Prognostic Research

20.
21.

22.
23.

24.

25.

26.

27.

(2019) 3:11

Jennett B, Bond M. Assessment of outcome after severe brain damage.
Lancet. 1975;1:480-4.

MRC CRASH Trial Collaborators, Perel P, Arango M, Clayton T, Edwards P,
Komolafe E, et al. Predicting outcome after traumatic brain injury: practical
prognostic models based on large cohort of international patients. BMJ.
2008;336:425-9.

Steyerberg EW, Mushkudiani N, Perel P, Butcher |, Lu J, McHugh GS, et al.
Predicting outcome after traumatic brain injury: development and
international validation of prognostic scores based on admission
characteristics. PLoS Med. 2008;5:¢165.

Team RC. R: a language and environment for statistical computing. Vienna:
R Foundation for Statistical Computing; 2016.

Bates D, Machler M, Bolker B, Walker S. Fitting linear mixed-effects models
using Ime4. 2015. 2015,67:48.

Efron B. Biased versus unbiased estimation. Adv Math. 1975;16:259-77.
Austin PC, van Klaveren D, Vergouwe Y, Nieboer D, Lee DS, Steyerberg EW.
Geographic and temporal validity of prediction models: different
approaches were useful to examine model performance. J Clin Epidemiol.
2016;79:76-85.

Riley RD, Ensor J, Snell KIE, Debray TPA, Altman DG, Moons KGM, et al.
External validation of clinical prediction models using big datasets from e-
health records or IPD meta-analysis: opportunities and challenges. BMJ.
2016;353:3140.

Riley RD, Higgins JP, Deeks JJ. Interpretation of random effects meta-
analyses. BMJ. 2011,342:d549.

Therneau TM, Grambsch PM. Modeling survival data: extending the cox
model. Verlag: Springer; 2000.

Korn EL, Simon R. Measures of explained variation for survival data. Stat
Med. 1990,9:487-503.

Page 13 of 13

Ready to submit your research? Choose BMC and benefit from:

e fast, convenient online submission

o thorough peer review by experienced researchers in your field

 rapid publication on acceptance

o support for research data, including large and complex data types

e gold Open Access which fosters wider collaboration and increased citations
e maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	The (calibrated) model-based concordance
	The calibrated model-based concordance in clustered data

	Results
	Case study of traumatic brain injury
	Case study design
	Case study results

	Simulation study
	Design of the simulation study
	Main results of the simulation study
	Sensitivity analyses


	Discussion
	Conclusions
	Appendix
	Additional file
	Acknowledgments
	Funding
	Availability of data and materials
	Authors’ contributions
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Publisher’s Note
	Author details
	References

