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Multiple imputation was a valid approach to estimate absolute risk from a
prediction model based on caseecohort data
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Abstract
Objective: To compare weighting methods for Cox regression and multiple imputation (MI) in a caseecohort study in the context of
risk prediction modeling.

Study Design and Setting: Based on the European Prospective Investigation into Cancer and Nutrition Potsdam study, we estimated
risk scores to predict incident type-2 diabetes using full cohort data and caseecohort data assuming missing information on waist circum-
ference outside the caseecohort (|90%). Varying weighting approaches and MI were compared with regard to the calculation of relative
risks, absolute risks, and predictive abilities including C-index, the net reclassification improvement, and calibration.

Results: The full cohort comprised 21,845 participants, and the caseecohort comprised 2,703 participants. Relative risks were similar
across all methods and compatible with full cohort estimates. Absolute risk estimates showed stronger disagreement mainly for Prentice and
Self & Prentice weighting. Barlow and Langholz & Jiao weighting methods and MI were in good agreement with full cohort analysis. Pre-
dictive abilities were closest to full cohort estimates for MI or for Barlow and Langholz & Jiao weighting.

Conclusions: MI seems to be a valid method for deriving or extending a risk prediction model from caseecohort data and might be
superior for absolute risk calculation when compared to weighted approaches. � 2017 The Author(s). 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

The caseecohort study design, initially proposed by
Prentice [1], has been successfully applied in epidemio-
logic research, particularly in the context of expensive or
unfeasible exposure measurements in the full cohort, such
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as genotyping or biochemical measurements [2,3].
Different weighting methods for Cox regression analyses
were proposed to account for this design; the most
commonly used methods being Prentice, Barlow, and Self
& Prentice weighting [4,5]. However, there remains uncer-
tainty how caseecohort designs can be used in the context
of the development or extension of risk prediction models,
for which valid estimation of absolute risk is an essential
prerequisite. An alternative approach to weighted Cox
regression of analyzing caseecohort data is multiple impu-
tation (MI) [6,7], assuming missing at random mechanism
for missing data of full cohort participants not selected
for the caseecohort. This approach was proposed in 2011
along with its application in the context of risk prediction
modeling [8]. Subsequently, other studies further developed
this approach to determine measures of risk prediction or
absolute risk estimation [9]. However, they did not provide
a score equation for absolute risk estimation from a
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What is new?

Key findings
� Estimates from multiple imputation including rela-

tive and absolute risks, C-index, calibration, and
net reclassification improvement were similar or
superior to weighted caseecohort estimates when
compared to full cohort estimates.

What this adds to what was known?
� Previous studies did not compare different weight-

ing approaches with multiple imputation, espe-
cially when applied to 90% missing data; in
contrast to previous studies with simulated data,
this study is based on empirical data and measures
of predictive ability, model improvement, and ab-
solute risks were computed.

What is the implication and what should change
now?
� As proof-of-concept, multiple imputation should

be the preferred method for deriving or extending
risk prediction models based on data from this
empirical example of a caseecohort study, espe-
cially for providing an equation to calculate abso-
lute risks.

caseecohort prognostic modeling, in terms of survival
analysis; only to generally missing predictor values, MI
was applied but not to missing predictor values due to a
caseecohort study design [10e12]. Previous studies rather
mainly focused on relative risk estimation or model fit per-
formance measures, also including discrimination or reclas-
sification [13e15]. However, calibration or the method how
absolute risk was estimated was not sufficiently addressed
for caseecohort settings. So far, studies did not show
how the results can be used to provide a scoring rule and
to calculate absolute risks. With regard to the amount of
missing values, MI has successfully been applied to rare
diseases [10] and to about 50% missing values in prog-
nostic research; however, a maximum for deriving valid
and unbiased results with MI was not determined so
far [11,12].

Thus, although the application of MI to caseecohort
data appears promising in the context of risk prediction
modeling based on caseecohort data, a comparison of
different methods with commonly large fraction of missing
information is lacking. The aim of this study was therefore
to systematically investigate different Cox regression
weighting methods for risk prediction modeling and MI
as a proof-of-concept applied to real data of the caseeco-
hort study nested within the European Prospective Investi-
gation into Cancer and Nutrition (EPIC)-Potsdam study
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which is constructed with |10% of the original cohort.
Relative risk estimation, absolute risk estimation, discrimi-
nation, calibration, and reclassification will be compared
across methods for a scenario with an assumed missingness
of |90% of a continuous predictor.
2. Methods

2.1. Study population

Data were used from the Potsdam part of the European
Prospective Investigation into Cancer and Nutrition (EPIC-
Potsdam) study, a prospective cohort study comprising par-
ticipants from the general adult population from Potsdam
and surrounding municipalities. Recruitment was per-
formed from 1994 to 1998 achieving an overall study sam-
ple of 27,548 men and women mainly aged 35e65 years
[16]. Baseline assessment included a personal interview
and a lifestyle questionnaire; the diet was assessed with
a validated semiquantitative foodefrequency questionnaire
taking into account the usual diet in the period of the last
12 months. In physical examinations in the study center,
body height, body weight, waist circumference, or blood
pressure were measured with a standardized protocol. A to-
tal of 26,444 participants agreed on blood drawing.
Follow-up assessment was performed every 2e3 years
[17] with response rates of 96%, 95%, 91%, and 90% in
follow-up rounds 1, 2, 3, and 4 (by August 2005). System-
atic information sources for incident cases were self-
reports of a T2D diagnosis, T2D-relevant medication,
and dietary treatment due to T2D during follow-up.
Furthermore, we obtained additional information from
death certificates or from random sources, such as the tu-
mor centers, physicians, or clinics that provided assess-
ments from other diagnoses. Although self-reports of
T2D were generally reliable [18], by including other sour-
ces of information, we even improved the completeness of
case ascertainment. Once a participant was identified as a
potential case, disease status was further verified by
sending a standard inquiry form to the treating physician.
Only physician-verified cases with a diagnosis of T2D (In-
ternational Classification of Diseases, 10th revision code:
E11) and a diagnosis date after the baseline examination
were considered confirmed incident cases of T2D. Family
history of diabetes was assessed in the fifth follow-up
round [19].

For the analysis, participants with prevalent diabetes
(n 5 1,554), nonverified incident diabetes status
(n5 13), missing follow-up (n5 589) or baseline covariate
information (n 5 225), implausible occupation status
(n 5 1), or missing information of family history of dia-
betes (collected during follow-up, n 5 3,321) were
excluded. The remaining analysis sample included 21,845
participants.

To compare full cohort with caseecohort analyses, we
assumed a scenario in which waist circumference is
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available only in a caseecohort and not for participants
outside the caseecohort. To do so, we relied on an existing
caseecohort nested within the full cohort of EPIC-
Potsdam, for the measurement of biomarkers [20]. Based
on the 26,444 participants who gave blood, a subcohort
of 2,500 participants (about 10%) was randomly drawn,
by that being representative for the full cohort [21], and
all incident diabetes cases were included (n 5 820). After
the same exclusions as described previously (n 5 529) as
well as caseecohorterelated exclusions of biomarker avail-
ability (n 5 14), 2,078 participants in the subcohort and
693 incident diabetes cases remained for analysis; 68 cases
within the subcohort (internal) and 625 cases outside the
subcohort (external). All variables except for waist circum-
ference had no missing values left.
2.2. Statistical analysis

As proof-of-concept, we compared different weighting
methods and MI for the caseecohort analysis and
compared results with the full cohort analysis.

The risk prediction model which was used in this anal-
ysis was the German Diabetes Risk Score (GDRS), a nonin-
vasive diabetes risk prediction model based on data from
the EPIC-Potsdam study [19,22]. The 5-year risk of devel-
oping diabetes can be calculated using information on the
following risk factors: age (years), body height (cm), waist
circumference (cm), prevalent hypertension (yes/no), phys-
ical activity (sports, biking, and gardening in hours/week),
smoking behavior (former smoking with !20 cig./day,
former smoking with �20 cig./day, current smoking with
!20 cig./day, current smoking with �20 cig./day), whole
grain intake (bread, rolls, or muesli in 50 g portions/day),
intake of red meat (150 g portions/day), coffee consump-
tion (150 mL portions/day), and family history of diabetes
(one parent with diabetes, both parents with diabetes, a sib-
ling with diabetes). As we have previously described for the
GDRS based on a full cohort analysis, hazard ratios (HRs)
and corresponding 95% confidence intervals (CIs), beta co-
efficients and allocated score points, mean score points, and
baseline survival were estimated from Cox regression
[19,23] with predictors being risk factors at baseline. The
underlying time scale for the Cox model was time until dia-
betes diagnosis for incident cases and time under study
(from baseline to last follow-up) for noncases. For full
cohort analysis, individual risks were calculated using the
following equation [23]:
P Diabetesð Þ51� 0;99061
exp

�
Scorepoints�474:17096591

100

�

Proportional hazards assumption was tested for all pre-
dictors in the GDRS by correlation analysis of Schoenfeld
residuals with different time variables and graphical illus-
tration. Additional interaction terms were tested in the
model if necessary.
2.2.1. Differently weighted Cox proportional hazards
regression for caseecohort analysis

For the caseecohort analysis, different weighting ap-
proaches were applied to Cox regression to adjust for the
sampling fraction and overrepresentation of incident cases:
Barlow weighting [5], Prentice weighting [1], Self & Pren-
tice weighting [4], and the approach proposed by Langholz
& Jiao [9]. The main differences between these methods are
the contributing time before and at failure of cases and the
weights given to cases inside and outside the subcohort. In
contrast to the other approaches, Langholz & Jiao assume
the same weights for all cases before or at failure and all
subcohort members; weighting with the inverse of the
log-transformed sampling probability is then applied to
the Breslow estimator for pseudolikelihood estimation
and computation of the cumulative hazard function. Based
on these approaches, HRs and 95% CIs, baseline survival
function, and mean score points were estimated to be able
to calculate absolute risks; the equation presented previ-
ously for the full cohort risk score was adapted in terms
of baseline survival and mean score points. Proportional
hazards assumption was tested for all weighting methods
according to Schoenfeld residuals tests and graphical eval-
uation as proposed by Xue et al. for caseecohort studies
[24]; if unclear, interaction with time was additionally
tested in the model.

2.2.2. Multiple imputation
The multiple imputation procedure was applied to the

same data set as for the full cohort analysis (21,845 partic-
ipants), imputing waist circumference for all participants
outside the caseecohort described previously. For the
imputation process, varying numbers of imputations
(m 5 10, 20, 30, 40) and two different imputation models
were used. The minimum or ‘‘simple’’ imputation model
included only the covariates of the established diabetes pre-
diction model (GDRS risk factors) plus follow-up time and
the outcome variable, whereas a more complex imputation
model included additionally variables univariate correlated
(r O 0.20) with waist circumference (body mass index, sex,
beer consumption, meat, and processed meat intake) from a
predefined set of potentially contributing variables (diet,
anthropometry, education, or occupation). To evaluate the
performance of the MI process, we calculated the fraction
of missingness and relative efficiency [25] for waist
circumference directly after MI was applied and, again,
for all risk factors in the analysis model after analyzing
the imputed data and combining them using Rubin’s rules
[26]. For the combination of estimates from several
imputed data sets, the application of Rubin’s rules means
to calculate the average of the estimates and a variance es-
timate based on within-imputation variance and between-
imputation variance to account for uncertainty of the impu-
tation. To determine the individual risks for the GDRS
based on MI, we summarized the MI estimates from Cox
regression as the average of the baseline survival after
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complementary log-log transformation over all imputations
as proposed by Marshall et al. [13] and as the average of the
mean score points from each imputed data set and applied
these values in the presented equation. Based on these pa-
rameters, the individual risks were calculated in each
imputed data set using the respective regression coefficients
from the imputation. Based on these individual risks, per-
formance of the GDRS was first determined by imputation
and finally summarized as the average (Rubin’s rules).

2.2.3. Calculation of performance measures
Performance was evaluated in terms of discrimination

and calibration. The discrimination was evaluated in terms
of the C-index or Harrell’s C for survival estimates as pro-
posed by Pencina et al. [27], and calibration was illustrated
graphically in a calibration plot as well as calibration-
in-large by comparing mean predicted risk in the full cohort
with the observed event rate [28,29]. For model improve-
ment, net reclassification improvement (NRI) for four risk
categories (!2%, 2e5%, 5e10%, �10% risk), and
C-indices were evaluated for a basic model without waist
circumference (C-index1) and an extended model with
waist circumference (C-index2) reflecting the GDRS. The
NRI is calculated by classification into predefined risk
categories using the basic model and the extended model.
Proportions of upward and downward movements accord-
ing to case status are summarized as the NRI [30].

The performance in the full cohort analysis was
described with no need of adaptation to design; for calibra-
tion, also the P-value of the HosmereLemeshow test (HL
test) [31] was determined, and for calibration-in-the-large,
observed event rate and mean predicted risk were
presented.

For MI, C-index and NRI were determined in each
imputed data set separately and combined as the mean (Ru-
bin’s rules); the calibration plot includes estimates from all
imputations overlapping.

For the caseecohort analyses, we evaluated the perfor-
mance based on caseecohort individual risk estimates as
described before, and additionally, a weighted version of
the C-index was determined taking into account the sam-
pling fraction for the caseecohort study as proposed by
Ganna et al. [14]. Also, a weighted version for the NRI
was proposed, however, for unstratified caseecohort study
data, this is computed similarly as for full cohort studies.
Instead, we excluded cases outside the subcohort who
become cases after 5 years and thereby counting for non-
cases as proposed by Sanderson et al. [32]; by this, we ac-
count for the artificially increased risk among noncases and
a more valid standard error can be calculated. For all ap-
proaches, NRI was presented as the overall value, the single
components and corresponding 95% CIs as proposed by
M€uhlenbruch et al. [33]. To account for the overrepresenta-
tion of the cases due to design and the resulting high
observed risks, evaluation of calibration by use of a calibra-
tion plot was restricted to the subcohort only.
2.2.4. Agreement with full cohort estimates
To compare the individual risks derived from all

different approaches with full cohort risk estimates, we
calculated the median error by subtracting the full cohort
risk in each individual and averaging it over the whole
study sample. A negative value indicated underestimation
on average and a positive value an overestimation on
average. For further evaluating the agreement with the full
cohort estimates, we compared risk distributions and illus-
trated the agreement via plotting the respective estimates
against the full cohort estimates; a diagonal line indicated
perfect agreement, values below the line overestimation,
and values above underestimation.

All statistical analyses were performed with SAS
(version 9.4, Enterprise Guide 6.1, SAS Institute Inc., Cary,
NC, USA). For the computation of the Langholz & Jiao
caseecohort estimates, the published SAS macro was used
[9], the imputation was performed with the SAS procedures
PROC MI and PROC MIANALYZE, the C-index was
computed with the SAS code published by Liu et al. [34],
and the NRI was computed using parts of a published
SAS macro %nriidi by Lars Berglund and adaptation to
MI. For testing proportional hazards assumption based on
Schoenfeld residuals, the SAS macro %schoen was used
which was published by Mayo Clinic and created and
modified by Erik Bergstralh, Terry Therneau, and Ryan
Lennon [35].
3. Results

Baseline characteristics for the full cohort, random sub-
cohort, and incident diabetes cases are shown in Table 1,
showing a clear comparability of the full cohort with the
subcohort and a more adverse risk profile for participants
developing diabetes during the study period.

Proportional hazards assumption was neither violated in
full cohort analysis nor in any of the weighted caseecohort
analyses (data not shown).
3.1. Multiple imputation

From the imputation step for the |90% of missing infor-
mation of waist circumference, a fraction of missingness of
84e87% was observed when using a simple imputation
model; this was decreasing with a higher number of impu-
tations (Fig. S1A/Appendix at www.jclinepi.com). The
relative efficiency increased with increasing imputations,
being 92% for m 5 10 and 98% for m 5 40 imputations.
Using a more complex imputation model improved the
imputation step: the fraction of missingness decreased to
57% (m 5 40) while the relative efficiency increased to
almost 99% (m 5 40) (Fig. S1B/Appendix at www.
jclinepi.com). Because of this strong improvement, only
the MI results from the more complex imputation model
will be presented hereafter. Fig. S2/Appendix at www.
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Table 1. Baseline characteristics of the EPIC-Potsdam study population for the full cohort, random subcohort, and incident diabetes cases

Risk factor Full cohort (N [ 21,845) Subcohort (N [ 2,078) Incident cases (N [ 693)

Age (yr) 49.0 (15.0) 49.0 (16.0) 56.0 (11.0)
Females (%) 62.7 62.7 42.9
Body height (cm) 167 (12.3) 167 (12.4) 169 (12.3)
Waist circumference (cm) 84.5 (19.0) 84.5 (19.0) 100 (15.5)
Prevalent hypertension (% yes) 30.1 30.5 57.7
Smoking behavior (%)

Former smoker (!20 units/d) 23.2 23.6 24.4
Former smoker (�20 units/d) 8.55 9.00 19.9
Current smoker (!20 units/d) 14.2 14.0 11.1
Current smoker (�20 units/d) 4.95 5.25 8.37

Sports, biking, and gardening (hr/wk) 4.50 (6.50) 4.50 (6.00) 4.50 (7.00)
Whole grain intake (bread, roles, muesli;

50 g portion/d)
0.61 (1.34) 0.67 (1.39) 0.44 (1.09)

Coffee consumption (150 mL portion/d) 2.00 (2.00) 2.00 (2.00) 2.00 (2.00)
Red meat intake (150 g portion/d) 0.23 (0.20) 0.24 (0.21) 0.28 (0.27)
Family history of diabetes (%)

One parent with diabetes 21.6 21.9 30.0
Both parents with diabetes 2.32 2.26 5.34
A sibling with diabetes 5.06 4.67 11.3

Abbreviation: EPIC-Potsdam, European Prospective Investigation into Cancer and Nutrition Potsdam.
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jclinepi.com shows the HRs and corresponding 95% CIs
from different numbers of imputations; there was almost
no difference of the estimates. After combining the MI es-
timates of the whole analysis model with Rubin’s rules
(Figs. S3 and S4/Appendix at www.jclinepi.com), the frac-
tion of missingness for waist circumference decreased to
less than 25% and the relative efficiency increased to
greater than 97% when compared to the imputation step
before. For an increasing number of imputations, only
slight changes could be observed, and for m 5 10 imputa-
tions, already a good performance of the imputation pro-
cedure in terms of fraction of missingness and relative
efficiency was found. Therefore, we will present these esti-
mates exemplary for all imputations when comparing it to
caseecohort and full cohort estimates further on.
Fig. 1. Comparison of relative risks (HRs) derived from full cohort estimatio
Hazard ratios (HRs) were derived from Cox regression based on full cohort a
with Prentice weighting (square), with Barlow weighting (triangle), with Self
gray dot) and multiple imputation (MI) for missing waist circumference in t
tation model with m 5 10 imputations assuming waist circumference info
weighted caseecohort analyses.
3.2. Cox proportional hazards regression

In Fig. 1, HRs and 95% CIs are presented from full
cohort analysis, differently weighted caseecohort ana-
lyses, and MI. The estimates were similar and of similar
precision for all approaches for most continuous vari-
ables including waist circumference; only for red meat
intake, the variation was stronger for the caseecohort
weighting approaches. For the binary variables, a better
agreement between MI and full cohort estimates was
observed; weighted caseecohort estimates were gener-
ally similar to full cohort and MI estimates; however,
slight to strong difference was observed for hyperten-
sion, current smoking (!20 units/day), and for the infor-
mation of both parents with diabetes. However, in
n, different caseecohort weighting methods, and multiple imputation.
nalysis with all available information (diamond), caseecohort analysis
& Prentice weighting (star) and with Langholz & Jiao weighting (dark

he full cohort (light gray dot). MI was based on a more complex impu-
rmation to be only available in the caseecohort study also used for
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general, there was no difference between the varying
weighting approaches.
3.3. Comparison of performance measures

Table 2 gives an overview of performance measures
determined for the prediction models using different ap-
proaches. When comparing discrimination in terms of the
C-index across all approaches, MI resulted in almost iden-
tical values for the original GDRS (C-index2) and for a
model without waist circumference (C-index1) when
compared to full cohort estimates. In contrast, all weighting
methods resulted in estimates different from full cohort.
Although Prentice, Barlow, and Self & Prentice methods
provided identical estimates for discrimination, the
weighted version of the C-index in the caseecohort setting
with Langholz & Jiao weighting differed and yielded small-
er deviations from the full cohort estimate compared to the
other weighting methods. Differences in discrimination be-
tween C-index1 and C-index2 were comparable across all
approaches (0.074 for full cohort, 0.075 for MI, 0.061 for
Langholz & Jiao weighting, 0.060 for remaining weighting
approaches). The weighted C-indices however showed
closer estimates to full cohort and MI with differences in
discrimination of 0.099 for Langholz & Jiao weighting
and 0.072 for the remaining weighting approaches.

For the NRI, we observed a stronger variation across the
different approaches. Full cohort analysis resulted in an
overall NRI of 0.338 (0.276e0.401) with a stronger
improvement among cases compared to noncases with
0.278 (0.216e0.341) and 0.060 (0.053e0.067), respec-
tively. In contrast, Prentice and Self & Prentice weighted
caseecohort analysis resulted in a comparable overall
NRI with a stronger improvement among noncases
compared to cases. The closest estimates provided Barlow
and Langholz & Jiao weighted caseecohort analysis
and MI.

The calibration plots showed very good agreement be-
tween predicted and observed risks for the full cohort anal-
ysis, MI, and for Barlow and Langholz & Jiao weighted
analysis (Fig. 2A and C). Prentice and Self & Prentice
weighted analyses showed strong overestimation of pre-
dicted vs. observed risks (Fig. 2B), and MI (Fig. 2B)
showed similar calibration to full cohort analysis. The HL
test was significant for all approaches; for MI, a combined
test was not performed. Mean predicted risks derived from
Langholz & Jiao weighting, Barlow weighting, and MI
were 0.02, whereas Prentice and Self & Prentice weighting
showed mean predicted risks of 0.15 and 0.16. The
observed event rate was 0.02 (Table 2).
3.4. Agreement with full cohort absolute risk estimates

When comparing absolute risk determined in the full
cohort with risks from the varying approaches based on
different survival estimates and mean score points, we
found very good agreement for predicted risks derived
from Barlow weighting and Langholz & Jiao weighting,
whereas Prentice and Self & Prentice weighting showed
a severe disagreement (Fig. 3). Accordingly, the median er-
ror (p5; p95) was lowest for Barlow and Langholz & Jiao
weighting with �0.0001 (�0.007; 0.014) and highest for
Prentice and Self & Prentice weighting indicating strong
overestimation with 0.111 (0.011; 0.642) and 0.101
(0.010; 0.599), respectively. Predicted risks were in good
agreement with full cohort risk estimates (Fig. 3), indepen-
dent of the number of imputations (Fig. S5/Appendix at
www.jclinepi.com). However, variation was stronger for
MI than for Barlow and Langholz & Jiao weighted ap-
proaches median error for MI: 0.0003 (�0.0138; 0.0103).
The risk distributions from different approaches displayed
in Fig. 4 further illustrate the disagreement of Prentice
weighted and Self and Prentice weighted estimates with a
strong disagreement of the distributions when compared
to full cohort analysis; distribution of risks derived from
Barlow or Langholz and Jiao weighting was similar to full
cohort risk distribution. Results from MI provided a
slightly steeper distribution of individual risks with a
smoother tail compared to full cohort distribution of risks;
still, this difference was small.

Highlighting the strong influence of the differently esti-
mated survival functions from weighted caseecohort ana-
lyses on absolute risk calculation, we compared risk
distributions and agreement with full cohort risks when us-
ing the survival estimate from the full cohort analysis. To
do so, we used coefficients from weighted analyses and
0.99061 as survival from full cohort analysis in the equa-
tion for calculating absolute risks. Fig. S6/Appendix at
www.jclinepi.com shows that all risk distributions for
weighted caseecohort analyses were almost identical and
very similar to the distribution in the full cohort. Also the
agreement with full cohort estimates was very good
(Fig. S7/Appendix at www.jclinepi.com), confirming the
strong influence of the survival estimate for absolute risk
calculation.
4. Discussion

We compared different approaches applicable to
analyze caseecohort data in the context of developing
and extending risk prediction models. We observed that
estimates of relative risks were generally similar for differ-
ently weighted Cox regression approaches and MI for case-
ecohort data compared to full cohort analysis. With regard
to absolute risk estimation and performance measures such
as C-index, calibration, or NRI which were based on these
estimates, we found good agreement between MI results
and results from full cohort analysis, whereas weighted
Cox regression approaches showed generally lower
discrimination measures and only comparable results for
the weighted C-index. Slight to large difference for NRI,
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Table 2. Overview of performance measures for prediction modeling after application of full cohort, weighted caseecohort and multiple imputation
methods to the data

Performance
measure

Full cohort
analysis

Caseecohort analysis with weighted estimators
Multiple imputation

(MI)

Prentice
weighting

Self & Prentice
weighting

Barlow
weighting

Langholz and
Jiao method

MI with m [ 10
imputations

Discrimination
C-index1
(95% CI)

0.767
(0.688, 0.837)

0.708
(0.622, 0.787)

0.708
(0.622, 0.787)

0.708
(0.622, 0.787)

0.708
(0.622, 0.787)

0.766
(0.687, 0.837)

C-index2
(95% CI)

0.841
(0.771, 0.901)

0.769
(0.687, 0.841)

0.769
(0.687, 0.841)

0.768
(0.687, 0.841)

0.769
(0.687, 0.841)

0.841
(0.770, 0.901)

Weighted
C-index1
(95% CI)

- 0.745
(0.718, 0.772)

0.745
(0.718, 0.772)

0.745
(0.718, 0.772)

0.745
(0.718, 0.772)

-

Weighted C-
index2
(95% CI)

- 0.817
(0.793, 0.841)

0.817
(0.793, 0.841)

0.817
(0.793, 0.841)

0.844
(0.819, 0.867)

-

Reclassification
NRI (95% CI) 0.338

(0.276, 0.401)
0.380

(0.339, 0.421)
0.418

(0.377, 0.460)
0.338

(0.271, 0.406)
0.341

(0.273, 0.408)
0.326

(0.263, 0.389)
NRInoncases
(95% CI)

0.060
(0.053, 0.067)

0.348
(0.322, 0.374)

0.393
(0.367, 0.419)

0.060
(0.038, 0.083)

0.065
(0.042, 0.087)

0.121
(0.114, 0.128)

NRIcases
(95% CI)

0.278
(0.216, 0.341)

0.032
(0.001, 0.064)

0.026
(�0.007, 0.058)

0.278
(0.215, 0.342)

0.276
(0.213, 0.340)

0.205
(0.143, 0.268)

Calibration
Graphical
evaluation

Good Poor Poor Good Good Good

Calibration
plot

Strong
overestimation
across all risk
groups

Strong
overestimation
across all risk
groups

Slight
underestimation
in higher risk
groups

Slight
underestimation
in higher risk
groups

Very similar
to full cohort

Calibration-in-
the-large
Observed

event rate
0.02

Mean
predicted
risk

0.16 0.15 0.02 0.02 0.02

Agreement
with full
cohort
risk
estimates

- No agreement;
severe
overestimation

No agreement;
severe
overestimation

Very good
agreement;
stronger
variation
in the
upper risks

Very good
agreement;
stronger
variation in
the upper risks

Good agreement;
stronger variation
in the upper risks

Median error
(P5; P95)

- 0.111
(0.011; 0.642)

0.101
(0.010; 0.599)

�0.0001
(�0.007; 0.013)

�0.0001
(�0.007; 0.014)

0.0003
(�0.0138; 0.0103)

HL test P ! 0.001 P ! 0.001 P ! 0.001 P ! 0.001 P ! 0.001 -

Abbreviations: CI, confidence interval; NRI, net reclassification improvement; HL, HosmereLemeshow.
C-index1 reflects the C-index for the prediction without waist circumference and C-index2 for the original German Diabetes Risk Scores (GDRS);

this refers also to the weighted C-index.
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risk distributions, or calibration were found for Prentice
and Self & Prentice weighting methods; Barlow and
Langholz & Jiao weighting methods showed similar find-
ings to full cohort and MI analysis.

For a comparison of weighted estimators with true full
cohort estimators, we used an assumed scenario with
missing values for waist circumference for participants not
included in the caseecohort study. Relative risks (HRs) from
weighted Cox regression analyses were generally similar to
full cohort analysis which is in line with previous findings
[8,14,15]; however, a comparison of weighting methods by
Onland-Moret et al. [36] found the Prentice’s method to be
closest to full cohort relative risk estimates which is in
contrast with our findings. The influence of the chosen
method on relative risk estimates of other predictors in the
model was stronger for weighted analyses than for MI, espe-
cially for binary variables. In line with previous studies
[8,15,37], MI estimates were in good agreement with the full
cohort estimates for all variables; however, MI was applied
to a large amount of missing values for a single continuous
variable, and our findings may not be generalizable to binary
or categorical predictors.



Fig. 2. Calibration plots for the GDRS determined for differently weighted risks from caseecohort analysis, full cohort risks, and risks derived from
multiple imputation. (A) Predicted 5-year risks were determined using score points, mean score points, and the baseline survival derived from full
cohort analysis (black solid line), a caseecohort analysis with Barlow weighting (black dotted line), and with Langholz & Jiao weighting (gray solid
line). Predicted 5-year risks were plotted against observed risks in 10 equally sized groups. For weighted analysis, calibration was determined in the
subcohort. (B) Predicted 5-year risks were determined using score points, mean score points, and the baseline survival derived from caseecohort
analysis with Prentice weighting (dark gray solid line), with Self and Prentice weighting (black dotted line). Predicted 5-year risks were plotted
against observed risks in 10 equally sized groups. For weighted analysis, calibration was determined in the subcohort. (C) Predicted 5-year risks
were determined using score points, mean score points, and the baseline survival derived from a full cohort analysis using multiple imputation with
m 5 10 imputations with the more complex imputation. GDRS, German Diabetes Risk Score.
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Comparing MI and weighted caseecohort analyses, pre-
vious findings rather indicate more precision and more
likely unbiased estimates with MI than with weighted case-
ecohort analyses [8,15,37]. Although the authors of these
studies recommended building an analysis model based
on weighted estimators and reanalyzing the data using MI
[8,15], they also highlighted the comparability and useful-
ness of MI in the context of risk prediction modeling. Later
on, Keogh and White suggested applying full cohort ana-
lyses with MI for caseecohort studies for survival analysis
[37]. In line with this, we could confirm the usefulness of
MI in our proof-of-concept study, especially when
providing an equation for the calculation of absolute risks
for practical usage. When calculating absolute risks, the
main driving factor appears to be the baseline survival; this
could be illustrated in the present study by comparing cali-
bration plots, risk distributions, and evaluating the agree-
ment with full cohort risks between the different
approaches. Although discrimination was identical across
all weighting methods indicating that the baseline survival
does not affect discrimination, differences were found for
calibration and reclassification between the varying weight-
ing approaches. By further comparing risk distributions and
agreement of full cohort and weighted estimates based on
survival estimates from caseecohort and from full cohort
analysis, we showed that agreement was very good when
using full cohort survival rather than caseecohort survival,
highlighting the impact of the correct baseline survival esti-
mation. In contrast to our findings, Ganna et al. found un-
biased estimates and a good agreement with full cohort



Fig. 3. Agreement of absolute 5-year risk estimates from full cohort analysis with differently weighted caseecohort estimates and multiple impu-
tation (m 5 10). Absolute 5-year risks were determined using score points derived from beta coefficients multiplied with risk factor values (linear
predictor) and survival estimates from Cox regression using full cohort, differently weighted caseecohort analyses, or multiple imputation (MI,
m 5 10) based on the more complex imputation model including more variables than the analysis model. For MI, results were combined with Ru-
bin’s rules. The following equation was used for absolute risk estimation: P(diabetes) 5 1 � S0

exp(score points � mean score points) with S0 being the
estimated baseline survival function of the respective approach. Individual 5-year risks from caseecohort or mean individual 5-year risks from
10 for MI were plotted against the full cohort risk estimates. A diagonal line implies perfect agreement; values above imply underestimation
and values below overestimation.
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estimates from weighted analyses [14]. Nevertheless, they
suggest to calculate absolute risks based on the baseline
hazard or survival from the randomly sampled subcohort,
similar to the approach proposed by Langholz and Borgan
for caseecontrol settings [38]. The most appropriate
methods, however, appear to be the computations proposed
by Barlow or by Langholz & Jiao [9] or MI. These methods
yielded results close to full cohort analysis for the C-index,
calibration, calibration-in-the-large, NRI, risk distribution,
and agreement with mean errors close to 0. However, adap-
tion to the methods was applied such as restricting calibra-
tion to the subcohort only and excluding cases appearing



Fig. 4. Distribution of absolute 5-year risks derived from full cohort estimation and different caseecohort weighting methods (A) and from multiple
imputation (B). (A) Absolute 5-year risks were derived from beta coefficients and survival estimates from Cox regression in a full cohort analysis
(black solid line), a caseecohort analysis with Barlow weighting (black dotted), with Prentice weighting (black dashed line), with Self and Prentice
weighting (gray dotted line), and with Langholz & Jiao weighting (gray dashed line) multiplied with risk factor values (linear predictor). (B) Absolute
5-year risks were derived from beta coefficients and survival estimates from Cox regression in a full cohort analysis (black solid line), and a full
cohort analysis using multiple imputation withm5 10 (gray solid line),m5 20 (black dashed line),m5 30 (gray dotted line), andm 5 40 (black
dotted line) imputations with the more complex imputation model including additional variables when compared to the analysis model. The
following equation was used: P(diabetes) 5 1 � S0

exp(score points � mean score points) with S0 being the estimated baseline survival function of the
respective approach. The illustration was limited to 10% of 5-year risk as the distribution became stable and for discriminating the separate risk
distributions.
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after 5 years, who count as noncases for reclassification,
and increase the absolute risks for this group artificially
[32]. Compared to MI, Prentice and Self & Prentice weight-
ing methods showed severe disagreement compared to full
cohort analysis with systematic overestimation of individ-
ual risks resulting in poor calibration and calibration-in-
the-large and stronger deviation of NRI when compared
to full cohort estimates. A good calibration was observed
for Barlow and Langholz & Jiao weighting, being similar
to MI and the full cohort estimates; this was confirmed with
evaluation of calibration-in-the-large.

With regard to discrimination and reclassification,
Ganna et al. [14] found similar estimates for weighted
performance measures and real estimates from the full
cohort, though differences were observed in the study
by Marti et al. [15] and in our study. In particular,
although Marti et al. reported higher predictive abilities
from caseecohort estimation, in the present study, we
observed lower values for discrimination with the
weighted C-index being closer to full cohort estimates
than the unweighted. Similar results for the weighted
and full cohort C-index were also reported by Sanderson
et al. [32]. The differences between the studies might be
explained by the different scenarios, that is, empirical vs.
simulated data, different subcohort sizes or unstratified
vs. stratified sampling. This highlights the influence of
the study itself and the extent to which results can or
cannot be transported to other situations.

With regard to the MI procedure, compared to a simple
imputation model, we observed that with a well-defined
imputation model, the relative efficiency increases, the
fraction of missingness decreases, and the number of impu-
tations needed decreases. However, we investigated only a
limited set of variables potentially contributing to the
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imputation of waist circumference based on prior knowl-
edge rather than using all information from the whole data
set; we also used an arbitrary cutoff for the correlation co-
efficient with 0.20. A more detailed analysis of potentially
useful information with the aim to find the perfect imputa-
tion model would require much more time and computation
effort. The interdependency of the number of imputations
and the fraction of missingness or relative efficiency was
already displayed by Graham et al. [25]. Marti et al. also
highlighted that the relative efficiency is a function of the
fraction of missingness and the number of imputations
[8]. In many situations, 5e10 imputations appear to be suf-
ficient to get valid results. In our study, with a very large
proportion of missing values (|90%), no further increase
in accuracy or validity was observable after 10 imputations.
Similarly, Keogh and White found no substantial differ-
ences for more than 10 imputations, although their study
was based on a small subcohort sampling rate (5%). How-
ever, the major drawback of applying MI is that the result
of the imputation process is highly sensitive to changes in
any specification of this process, for example, the definition
of a correct imputation model and the order of the variables
in the imputation model for computation of the imputation
process. We ordered the variables by increasing amount of
missing values so that MI is based on less already imputed
data for other predictors. We cannot rule out that our spec-
ifications had an impact on prediction. Yet, results were
similar compared to a more simple imputation model, and
therefore, we assumed the impact to be limited. Still, our
results as proof-of-concept for this empirical study cannot
be evaluated from a more general perspective but rather
need to be specifically interpreted based on all definitions
for the imputation process. Therefore, it is pivotal to
specify all assumptions and each step for the imputation
process beforehand.

One limitation of this study is that we used an empirical
example to compare the different estimates with true esti-
mates rather than using simulated data. This might limit
the extent to which the results can be generalized to other
studies. However, using this approach on empirical data,
we were able to compare the different methods with true
data and this is also frequently used for analyses in contrast
to simulated data. Furthermore, only the unstratified case-
ecohort study design was displayed, and the application
to other study designs such as stratified caseecohort or
caseecontrol study cannot be evaluated. For NRI, we also
need to take into account the several concerns [39] related
to the number of risk categories, choice of risk cutoffs
[40,41], the problematic statistical test and reliance on the
P-value, or the inflated positive values for NRI due to over-
fitting [33,42,43]. In conclusion, these findings support the
application of MI to facilitate a full cohort analysis for risk
prediction modeling when information is collected in case-
ecohort settings, usually with a high amount of missing in-
formation. Especially for the calculation of absolute risks
and the following evaluation of discrimination,
reclassification, or calibration, MI might be superior to
weighted caseecohort analysis.
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