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Abstract
Objective: To investigate whether inverse probability of participation weighting (IPPW) using register data on sociodemographic and
disease history variables can improve external validity in a cohort study with selective participation.

Study Design and Setting: We fitted various IPPW models by logistic regression using register data for the participants (n 5 1,111)
and nonparticipants (n 5 1,132) of a Swedish cohort study. For each of six diagnostic groups, we then estimated (1) weighted disease prev-
alence proportions and (2) weighted cross-sectional associations (odds ratios) between sociodemographic variables and disease prevalence.
Using register data on the remaining individuals of the entire study population of men and women aged 50-64 years (n 5 22,259), we
addressed how the choice of variables used for IPPW influenced estimation errors.

Results: Disease prevalence proportions were generally underestimated in the absence of IPPW but became markedly closer to pop-
ulation values after IPPW using sociodemographic variables. We found limited evidence of selective participation bias in association es-
timates, but IPPW improved external validity when bias was present.

Conclusions: IPPW using sociodemographic register data can improve the external validity of disease prevalence estimates in cohort
studies with selective participation. The performance of IPPW for association estimates merits further investigations in longitudinal settings
and larger cohorts. � 2018 Elsevier Inc. All rights reserved.
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1. Introduction

Improved methods for causal inference have attracted
attention in a diverse number of fields over the last decades,
including epidemiology [1]. Meanwhile, clinical trials often
suffer from poor external validity [2,3], and the problem ex-
tends to epidemiological studies [4e8]. In both cases,
nonrandom selection into the study sample, or selective
participation, can introduce generalizability bias in descrip-
tive public health measures, associations, and causal
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estimates [9,10]. Despite this, issues relating to external
validity have received considerably less attention in epide-
miologic research than those relating to internal validity.

In this article, we examine if inverse probability of
participation weighting (IPPW) using external register data
can improve external validity in cohort studies. The
method, sometimes more generally referred to as inverse
probability of sampling weighting [11], uses external data,
for example, socioeconomic indicators, on the participants
and nonparticipants of a study to estimate the propensity
score for participation. Weighted analyses are then conduct-
ed using IPPW based on the inverse of the estimated pro-
pensity score, resulting in a weighted sample that is more
similar to the target population (given that the invited indi-
viduals are a random subset of this population) [10,12]. The
approach shares many traits with inverse probability of
treatment weighting (IPTW) [13,14], the primary difference
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What is new?

Key findings
� Our empirical validation of inverse probability of

participation weighting (IPPW), which involved
using register data to correct for selective participa-
tion in a Swedish cohort study, confirmed that the
approach can decrease the effects of selective
participation.

� By varying the covariate sets in the propensity
score model and comparing the weighted estimates
to known population parameters, we found that
weighting on a set of sociodemographic variables
reduced the estimation error of disease prevalence
estimates to levels that were close to those ob-
tained by unbiased random sampling.

� The errors were generally smaller for unweighted
association estimates than for prevalence esti-
mates, but IPPW decreased the error in at least
one instance when selective participation bias ap-
peared to be present.

What this adds to what was known?
� Previous methodological studies have demon-

strated the validity of the method under certain
modelling assumption, but this is the first study
to assess the accuracy of the approach in a popula-
tion-based cohort in register data with a true target
population benchmark.

What is the implication and what should change
now?
� Our results imply that IPPWmodels constructed us-

ing sociodemographic characteristics can improve
the generalizability of population-based cohort
studies suffering from selective participation.

being that the latter is used to minimize treatment selection.
In particular, it shares a similar core assumption: that there
is no selection into participation based on unobserved vari-
ables (conditional exchangeability; see references [11,15]
for details). In most applications, it is impossible to know
whether this assumption holds.

Previous research related to ours includes studies detail-
ing the use of IPPW in randomized experiments
[10,12,15,16], how to combine survey weighting and IPTW
[17], and other methodological contributions [11,18e22],
as well as applications to health surveys and cohort studies
[9,23,24]. The survey literature also provides related
methods aimed at estimating population totals, such as
poststratification and calibration to correct for survey
nonresponse [25,26]. However, this literature provides little
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practical guidance regarding which variables to include in
the participation model when applied to cohort studies with
selective participation. Is it sufficient to weight on demo-
graphic characteristics such as age and sex, or are indica-
tors of socioeconomic status (SES) required? Can
additional adjustments for disease history, if such data are
available, further improve the estimates? Would the recom-
mendations be the same for estimation of association mea-
sures as for estimation of disease prevalence proportions?

The Nordic countries are well known for their high-
quality population and health care registers with
individual-level data on the entire population, which can be
linked to cohort members and nonparticipants through per-
sonal identification numbers [27]. Registers may therefore
serve as a useful source for variables to include in the partic-
ipation model. In this article, we use individual-level register
data on a Swedish populationebased cohort with docu-
mented selective participation [28], and on the entire study
population, in an attempt to answer the questions posed pre-
viously. The data include a wide range of sociodemographic
variables and disease history records on several diagnostic
groups. These unique data allow us to assess the external val-
idity of our estimates directly by comparing them to the true
(register-based) prevalence proportions and associations
observed in the target population. Hence, we can estimate
if the conditional exchangeability assumption holds in
various models. Specifically, we study systematic errors in
(1) disease prevalence estimates and (2) cross-sectional asso-
ciation estimates (odds ratios [ORs]) between sociodemo-
graphic variables and disease prevalence, with regard to
IPPW based on different sets of register variables.
2. Materials and methods

We used data from a pilot cohort study, pilot-SCAPIS
(Swedish CArdioPulmonary Bio-Image Study), which
was conducted in Gothenburg, Sweden, in 2012. One of
the primary purposes of SCAPIS is to improve prediction
of cardiopulmonary diseases by measuring rich phenotype
data [29]. An extensive set of sociodemographic and dis-
ease history variables from Swedish registers has been
linked to the cohort (see Section 2.1 for details). In this
article, we focus only on the latter, as the analysis requires
information on the true values in the study population
(which is not available for cohort-specific data).

Recruitment to pilot-SCAPIS was based on a stratified
random sample that had been drawn from six residential
areas (three areas with high and three with low SES). The
target population consisted of all residents in these areas
between 50 and 64 years of age (N 5 24,502). Invitations
were sent to randomly selected residents within each area.
The residents in the low-SES areas had a higher probability
of being invited (12-13%) as compared to the residents in
the high-SES areas (6-7%) (this sampling strategy was
adopted to account for the expected lower response rates
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among low-SES populations). In total, 2,243 individuals
were invited to participate in the cohort, 1,111 of which
agreed to participate (50% response rate). A previous study
found that participation in the cohort varied with regard to
residential area, country of birth, civil status, education,
occupational status, and disposable income, whereas dis-
ease history was less predictive of participation [28].

2.1. Data

We used an anonymous, individual-level data set for the
entire target population (N 5 24,502), constructed and
matched to the cohort by Swedish register authorities (Statis-
tics Sweden and the National Board of Health andWelfare). It
contained indicators of invitation to and participation in pilot-
SCAPIS, as well as register data on residential area, sociode-
mographic variables, and disease history. Data on country of
birth, civil status, education, occupational status, income, sick
leave, and retirement for 2011 were obtained from the Longi-
tudinal integration database for health insurance and labor
market studies (LISA) [30]. The disease history variables,
which were obtained from the National Patient Register
[31], included data on both inpatient and outpatient care dur-
ing 2000-2011. We considered six diagnostic groups: (1) car-
diovascular disease (CVD; ICD-10 codes I20-I25, I48, I50,
I61-I64) or chest pain (R074); (2) cancer (C00-C97); (3)
chronic obstructive pulmonary disease (COPD; J40-J47); (4)
diabetes (E10-E14); (5) psychiatric disease (F20-F25, F28-
F34, F38-F48, F60-F69); and (6) alcohol or substance abuse
(F10-F19).We used this information to estimate disease prev-
alence, in this case defined as any occurrence of the disease
requiring inpatient or outpatient care during the last 12 years
before recruitment. Clearly, this is an imperfect measure of
current disease status, but the same problem occurs both in
the study population and in the sample, and our main concern
here was that the information is comparable between the two.

2.2. Analysis

The analysis consisted of two main parts. First, we esti-
mated IPPWusing different sets of register variables.We then
used these weights to estimate weighted disease prevalence
proportions and compared these estimates to the true propor-
tions in the studypopulation.Next,we examined the impact of
IPPWon the estimation errors for the cross-sectional associa-
tion between a crucial socioeconomic indicator, educational
attainment, and the disease prevalence proportions. This type
of relationship is particularly interesting because education is
often correlated with participation in cohorts [32,33],
including pilot-SCAPIS [28] and is a known correlate of
health-related behaviors and outcomes [34,35].

2.2.1. Participation modeling
We fitted a series of logistic regression models to estimate

the propensity score for participation pi in the cohort, itera-
tively varying the variable set to examine the performance of
different options, using data from the invited sample
(n 5 2,243). We then predicted pi to construct an inverse
probability of participation weight 1=pi for each individual
i in the participant sample (n 5 1,111) [15]. To correct for
the stratified sampling scheme, wemultiplied 1=pi with sam-
pling weights based on the inverse of the sampling probabil-
ity within each area. In total, we fitted five different
participation models, each accounting for the following:

1. sampling for invitation;
2. age and sex;
3. all individual-level sociodemographic variables

(including age and sex, and sampling weights);
4. disease history variables (as well as age and sex, and

sampling weights); and
5. all variables in (3) and (4).

The rationale behind each model is as follows. Model 1
served as a baseline to examine the extent of the estimation
error when we only accounted for the stratified sampling
scheme (recall that individuals from low-SES areas had a
higher probability of being invited to participate). It reflects
the expected impact of selective participation if simple
random sampling had been used to invite individuals to
the study, which we believe is of greater general interest
than the specific sampling scheme used in pilot-SCAPIS.
Model 2 accounts for age and sex, which is a potentially
interesting case that addresses whether there might be a
need for obtaining additional register data on nonpartici-
pants. Models 3-5 include variables from different registers
to address if register linkage is necessary for improving
external validity or if one data source is sufficient.

When estimating model 4, we iteratively refit the partic-
ipation model, always leaving out the disease history vari-
able for which we were estimating prevalence or
associations. We did this to mimic a scenario in which reg-
ister data are used to correct for selective participation bias
in study-specific variables.

2.2.2. Error analysis
Let yU denote the true target population prevalence pro-

portion for disease y, and bym denotes the estimated preva-
lence based on IPPW model m. For a particular y and m,
the percentage error can then be defined aswhich we used
to quantify estimation error as an estimate of bias. Here,
an εy;m that differs significantly from zero implies that the
model may be biased. To determine statistical significance,
we estimated 95% percentile bootstrap confidence intervals
(CIs) using the boot package for R [36,37], re-estimating
the entire procedure (including the participation models)
within each of 5,000 bootstrap resamples to account for un-
certainty in the weights.

To evaluate the overall performance of each model, we
averaged the absolute percentage error,

��
εy;m

��, over all disease
history variables (we did not use εy;m to this end, as negative
and positive errors can cancel each other out). In this case,��
εy;m

�� can be interpreted as a measure of accuracy, which is



57C. Bonander et al. / Journal of Clinical Epidemiology 108 (2019) 54e63
the sum of bias and precision. The precision part varies de-
pending on, for example, sample size and populationvariance,
and is thus case specific. As such, there is no natural null hy-
pothesis for accuracy (in contrast to bias). To solve this prob-
lem, we constructed an empirical null by drawing 10,000
random samples of size n5 1,111 (the number of participants
in pilot-SCAPIS) to obtain a stable estimate of the expected
accuracy in an unbiased scenario with perfect participation.
This null can also be interpreted as the expected, case-
specific precision under zeromean bias, given the sample size
and variables under study, which served as a benchmark to
compare with the overall performance of the IPPW models.

Following the same procedure as for the disease preva-
lence estimates, we then examined how the bias and accu-
racy of association estimates were affected by IPPW by
studying the association (measured in log-odds) between
low educational attainment (primary education vs. second-
ary or university education) and each disease variable. We
estimated unadjusted ORs, as our primary concern was
generalizability, not internal validity.
3. Results

3.1. Summary of register data

Data on most variables deviated more strongly from the
target population values among the cohort participants than
in the originally invited (stratified random) sample
(Table 1). Such deviations can be seen for both socioeco-
nomic characteristics and disease prevalence estimates,
which were generally underestimated when based on the
cohort participants alone. Using sampling weights to ac-
count for the stratified sampling scheme alleviated the
problem in the originally invited sample, as expected. How-
ever, the errors remained large among the participants.

3.2. Errors in estimated prevalence proportions

We present the percentage errors (estimated bias) in dis-
ease prevalence estimates from different participation
models, along with 95% bootstrap CIs, in Fig. 1. The sam-
pling weight model (model 1) underestimated the preva-
lence of alcohol and substance abuse, diabetes and
psychiatric disease, and overestimated the prevalence of
cancer. The point estimates of CVD and COPD were also
lower than in the target population, but they did not differ
significantly from the population proportions.

IPPW weighting using age and sex (model 2) did not
bring about further improvement than model 1, which
might be expected, given the marginal differences in age
and sex between the participant sample and the population
observed in Table 1. However, after weighting on sociode-
mographic variables (model 3), the estimates that differed
significantly in model 1 were generally closer to the popu-
lation counterparts, and their CIs now contained the true
values. The disease history model (model 4) exhibited a
similar performance as models 1 and 2 and using sociode-
mographic variables and disease history variables together
in the full model (model 5) only marginally affected the
estimated bias as compared to model 3.
3.3. Errors in association estimates

We present unadjusted prevalence ORs for the association
between low educational attainment and the six disease his-
tory variables in Table 2, alongwith group-specific prevalence
estimates. Before turning to the error analyses, we first show
the estimates based on the sampling weight model (model 1)
in comparison to estimates obtained from model 3.

The ORs in the target population imply that the odds of
disease are higher among individuals with low educational
attainment, except for cancer, where the odds are lower
(Table 2). We note that the sample ORs were overestimated
for most disease variables. However, the only instance in
which the CI did not contain the true population OR (in
model 1) was the estimate for alcohol or substance abuse.
The corresponding OR with IPPW (model 3) differed less
pronouncedly. The group-specific prevalence estimates
changed quite meaningfully in some instances (especially
for psychiatric disease), but their relative difference re-
mained roughly the same (Fig. 2). We note that while the
point estimates generally changed, and were closer to the
population ORs on average (see section 3.4), the overall con-
clusions regarding the direction and approximate size of the
association from a study estimating these models would have
remained the same with or without IPPW. Results for in-
come, country of birth, and occupational status give rise to
similar conclusions as for education (Appendix Table A1).

The error analyses, which also included the other IPPW
models, confirmed that the error (in the log-OR) was largest
for alcohol or substance abuse (Fig. 3). This estimate
differed significantly from the population value in IPPW
models 1, 2, and 4, whereas the estimated bias was smaller
in models 3 and 5.
3.4. Average model performance

We present the mean absolute percentage errors in prev-
alence proportions and association estimates, averaged over
all studied diseases, in Fig. 4. As can be seen there, the CIs
for models 3 and 5 covered the random sampling bench-
mark, whereas the other models did not. This is true for
both prevalence proportions and association estimates,
although the accuracy gain was more apparent for the prev-
alence estimates. Using prevalence ratios as an alternative
association measure yielded almost identical results, but
the average deviation in accuracy from the random sam-
pling benchmark was smaller (nonsignificant in all models)
on the prevalence difference scale (Appendix Figure A1).
We also present the results in terms of absolute errors
instead of percentage errors in Appendix Figures A2-A4
(the conclusions are identical to the main results).



Table 1. Prevalence in the target population on all register-based variables included in the study compared to estimates based on the two (invited,
participant) samples from the pilot-SCAPIS, with and without sampling weights

Characteristics

Target (N [ 24,502) Invited (n [ 2243) Participants (n [ 1111)

Unweighted
Sampling
weights Unweighted

Sampling
weights

% % Errora % Errora % Errora % Errora

Sociodemographic variables

Age, years

50e54 33.9 32.4 �4 31.5 7 29.5 �13 29.3 �14

55e59 31.8 32.9 3 33.9 7 34.6 9 35.1 10

60e64 34.3 34.7 1 34.6 1 35.9 5 35.6 4

Female 48.5 50.3 4 50.5 4 50.1 3 52 4

Country of birth

Sweden 66.1 56.0 �15 65.8 0 68.8 4 77 16

Nordic 5.4 7.4 36 6.1 13 7.7 42 6.1 13

EU 5.6 6.7 19 5.4 4 5.1 �8 4 �29

Non-EU 7 9.6 37 7.1 1 6.6 �6 4.5 �36

Outside Europe 16 20.4 28 15.6 3 11.8 �26 8.5 �47

Living single 39.3 44.9 14 41 4 37.4 �5 33.9 �14

Low-SES area 45.7 63.2 38 45.7 0 49.7 9 32.6 �29

Education

Primary/missing 22.3 26.1 17 22.1 �1 17.4 �22 14.5 �35

Secondary 46.1 45.1 �2 44.2 �4 46.7 1 45.2 �2

University 31.6 28.8 �9 33.7 7 35.9 14 43 28

Occupational status

Employed 70.6 64.6 �8 71.2 1 77.8 10 82.5 17

Unemployed 10 11.0 10 10 0 8.8 �12 7.8 �22

Sick leave 5.4 7.2 34 5.3 �2 3.2 �42 2.1 �61

Retired 14 17.2 23 13.6 �3 10.2 �27 7.6 �46

Disposable income

Q1 24.9 31.3 26 25.7 3 18.7 �25 14.8 �41

Q2 24.9 28.0 13 25.5 2 27.6 11 24.4 �2

Q3 24.9 23.0 �8 24.8 0 28.4 14 29.1 17

Q4 24.9 17.7 �29 23.9 �4 25.3 02 31.6 27

Disease history

Cardiovascular diseaseb 14.1 14.69 4 13.1 �7 13.7 �3 12.3 �13

Cancer 7.6 8.13 7 8.7 14 9.4 23 9.6 26

Chronic obstructive
pulmonary disease

3.3 3.71 12 3.2 �3 3.2 �2 2.7 �18

Diabetes 4.4 5.40 23 4.4 0 3.5 �20 3 �32

Psychiatric disease 9.7 10.81 11 9.2 �5 7.7 �20 6.4 �34

Alcohol or substance abuse 3.8 4.29 13 3.7 �3 2.3 �38 2 �47

Average absolute percentage error

All variables 16 4 16 24

Sociodemographic 17 3 14 23

Disease history 12 5 18 28

a Percentage error compared to the true population value.
b Including chest pain.
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4. Discussion

Our results imply that IPPW using sociodemographic
register data can improve the external validity of disease
prevalence estimates. Study participation rates are gener-
ally higher in high-SES populations [38], and selective
participation bias can occur if these factors are related to
the study variables of interest. If this is the case for a



Fig. 1. Percentage error in the estimated target population prevalence, by disease group and participation model, with 95% percentile bootstrap
confidence intervals (5,000 resamples).
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particular cohort, the approach studied here may be useful
for improving the generalizability of study results. Howev-
er, before generalizing our results to other settings, some
unique features of the studied cohort are worth noting.
For instance, weighting only on age and sex (model 2)
did not improve generalizability to the target population.
This is not surprising, given that these factors appear to
have had a minimal impact on participation in the studied
cohort. This question may therefore be worth investigating
in other cohorts, perhaps with greater age spans. Another
result that may be specific to our studied age group is that
the cancer prevalence proportion was overestimated in the
participant sample, in contrast to the other diseases history
variables considered. This result is probably due to the fact
that three common cancer diseases (with relatively high in-
cidences also in the age span up to 64 years) are more
frequently diagnosed in groups with high SES: cutaneous
malignant melanoma and breast and prostate cancers
(because mammography screening and prostate-specific an-
tigen testing are more common in high-SES groups)
[39e41].

Although our results concerning association measures
also suggest that IPPW using sociodemographic register
data can correct for selective participation (when present),
the overall conclusions are not as obvious as for the preva-
lence estimates. We only found one instance that required a
correction to begin with but our general impression is that
these analyses may have been hampered by low statistical
power to detect heterogeneity in association estimates be-
tween different population groups. It is important to keep
in mind that the effects of IPPW on bias may vary between,
and within, populations. Given that the participation model



Table 2. Simple logistic regression results for the association (prevalence odds ratios) between low educational attainment and disease history in six
diagnostic groups, comparing inverse probability of participation weighted estimates to OR in the target population

Disease history

Target Sampling weight model (1) Sociodemographic model (3)

Prevalence (%) Association Prevalence (%) Association Prevalence (%) Association

Low educ. Mid/high educ. OR Low educ. Mid/high educ. OR (95% CI) Low educ. Mid/high educ. OR (95% CI)

CVDb 18.0 12.9 1.48 18.5 11.2 1.81 (1.14, 2.76) 18.5 12.3 1.61 (1.02, 2.45)

Cancer 6.2 8.0 0.76 7.3 9.9 0.72 (0.38, 1.20) 7.6 9.4 0.82 (0.43, 1.39)

COPD 4.8 2.9 1.69 6.5 2.1 3.26 (1.46, 6.71) 7.7 2.2 3.78 (1.63, 7.86)

Diabetes 7.1 3.6 2.05 6.6 2.4 2.95 (1.28, 5.92) 6.5 2.7 2.47 (1.08, 4.93)

Psychiatric
disease

13.0 8.8 1.54 11.2 5.7 2.06 (1.16, 3.37) 14.9 7.6 2.12 (1.18, 3.49)

Alcohol or
substance
abuse

6.4 3.0 2.23 7.4 1.0 7.58a (3.11, 18.79) 6.7 1.7 4.08 (1.66, 10.36)

Abbreviations: CI, confidence interval; CVD, cardiovascular disease; COPD, chronic obstructive pulmonary disease.
a 95% percentile bootstrap confidence interval does not contain the target population odds ratio.
b Including chest pain.

Fig. 2. Prevalence proportions of six disease history variables (in log-odds) by educational attainment, comparing the sampling weight and socio-
demographic models to the values obtained from the target population data.
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Fig. 3. Percentage error from the target population log-odds ratio for low educational attainment, by disease outcome and participation model, with
95% percentile bootstrap confidence intervals (5,000 resamples).
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is correctly specified, IPPW should reduce bias in settings
with large variations in exposure effect size across the vari-
ables that influence participation (i.e., effect modification
by these variables) [17]. The results obtained here could
simply indicate that there is little heterogeneity in the
measured associations due to the factors affecting participa-
tion in pilot-SCAPIS. It is therefore important to address
the selection model carefully on a case-by-case basis
(directed acyclic graphs may be useful as guidance in such
applications [28,42]).

Our study estimated (period) prevalence of various dis-
eases, based on register data collected at baseline, and
the results are not necessarily generalizable to longitudi-
nal contexts. It will be of interest to address external val-
idity when analyzing longitudinal follow-up data of the
cohort, considering associations with incidence and
mortality rates. Mortality rates often differ between par-
ticipants and nonparticipants in cohort studies [4e8],
and to which extent the IPPW method can improve the
external validity of risk estimates for mortality requires
additional research.

Finally, we also point out that the sampling scheme for
recruiting cohort members may influence selective partici-
pation bias. For example, in a situation where invitation
is done randomly, instead of applying oversampling in
low-SES residential areas as in pilot-SCAPIS, unweighted
estimates may show worse external validity because over-
sampling populations with lower participation rates can
partly counter the error (as seen in Table 1). In this case,
using sampling weights on their own may do more harm
than good because they effectively remove this correction.
This illustrates the importance of considering how the



Fig. 4. Mean absolute percentage error for all six studied disease history variables by estimate type and participation model with 95% percentile
bootstrap confidence intervals (5,000 resamples), compared to a random sampling benchmark without selective participation (vertical line).
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sampling method influences selective participation bias in
cohort studies.

In conclusion, the IPPW method shows promise in cor-
recting for estimation errors caused by selective participa-
tion (when present). Our study suggests that access to
sociodemographic register data may be sufficient to
improve external validity, but the benefits of the method
should be investigated further using clinical exposures
and prospective outcomes, as well as in larger cohorts,
which is part of our planned work.
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