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Introduction

What can researchers do if information from a single data source is insufficient to investigate a particular research question?
An increasing number of researchers then pool, (ex-post) harmonize and analyze survey data from different survey providers
for their research questions (SDR 2020; IPUMS 2020; CLOSER 2020; MAELSTROM 2020; MTUS 2020). They aim to study
heterogeneity between groups over a long period, pick up subtle differences between groups or examine small subgroups. All
these are potential research strategies that lead researchers to combine and harmonize survey data from different providers.

In this context, harmonization refers to procedures aimed at improving the comparability of different surveys and measures
(Granda, Wolf and Hadorn 2010). Both ex-ante and ex-post harmonization have a strong tradition in cross-cultural surveys.
Ex-ante harmonization refers to harmonization during survey design and before data collection. Ex-post harmonization to
harmonization after data collection. While the harmonization of variables is already a complex task (Granda et al. 2010, 331),
the analysis of complex survey data after variable harmonization is not necessarily easier.

Complex surveys are surveys that incorporate a complex sampling design. They are widely used in the social sciences,
and ex-post harmonization projects will most likely also include surveys with complex sampling design. Ignoring the
complex sampling design can lead to biased population inferences not only in population means and shares but also in
regression coefficients (DuMouchel and Duncan 1983; Pfeffermann and Sverchkov 2009). For regression models widely
used in quantitative sociological research, analysts often try to account for the sampling design through additional predictors.
With ex-post survey harmonization, this often becomes impossible since it could require the analyst to harmonize many other
predictors. Besides, these predictors might not be observed for several of the surveys, creating severe missing data problems.
Another possible limitation would be that the sampling variables are not suitable for the analysis due to their associations
with focus variables (Lumley 2010, 105). However, there is a second option to account for the complex sampling design: it is
possible to estimate a survey-weighted regression. In this article, we explore this second option in the context of harmonized
complex survey data and compare different approaches for regression analyses of survey data after ex-post harmonization
and how to incorporate survey weights and survey weighting.

The idea of combining or pooling data has also surfaced in areas other than sociology and cross-cultural studies. The
terms to describe the general idea of combining data differ widely between disciplines and even projects; terms used include,
for example, individual person data (IPD) meta-analysis (MA) in medicine and psychology mainly (Riley, Lambert and
Zaid 2010; Burke, Ensor and Riley 2017), mega-analysis (Boedhoe et al. 2019) or just merely describing the strategy as
“pooling raw data” (Korn and Graubard 1999). The IPD MA literature, in particular, proposes two general approaches for the
regression analysis of pooled raw data: (1) synthesizing regression coefficients estimated from the single data sets (two-stage
approach) or (2) estimating a regression on the combined data sets (one-stage approach). We study which method is more
suited for the analysis of complex survey data after ex-post harmonization. We draw on the methodological literature on
IPD meta-analysis and related research on combining data from rolling or periodic sampling (Kish 1979; Kish and Verma
1986; Kish 1999) and analyzing data from complex cross-cultural surveys (Joye, Sapin and Wolf 2019). We show that the
distribution of survey weights in the respective data set will play an important role when applying these two meta-analytical
approaches. We demonstrate that unless the coefficient of variance for the survey weights is small, the assumption of known
within-study variances for two-stage analysis is problematic and can result in biased point estimates, while the one-stage
analysis remains unaffected.

Our article starts with an introduction to IPD MA and its two main approaches. Also, we give an overview of survey-weighted
regression. We then use Monte Carlo simulations to evaluate the performance of different meta-analytical approaches. We
also exemplify the difference between two-stage and one-stage approaches with a real-world example about same-sex couples
and family satisfaction in Germany.

Regression analysis of complex survey-based data after ex-post harmonization

Overview

Two approaches for IPD meta-analyses For regression analyses of complex survey-based data, we will draw on two different
analysis approaches developed for individual participant data (IPD) meta-analysis, one-stage and two-stage meta-analysis.

These distinct ways of conducting an IPD MA have emerged over the last few years. The more common approach, which
is also closer to a more classical (aggregate person data) meta-analysis, is the so-called two-stage approach. Meta-analysts
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first analyze each of the 𝑘 = 1, . . . , 𝐾 studies separately to obtain study-specific effect sizes. They then combine the 𝐾
independent effect sizes by calculating a weighted (often inverse error-variance based) average. The second approach is the
so-called one-stage IPD MA approach. Here the combined data is analyzed simultaneously. This flexible approach requires
further modeling decisions like the possible inclusion of separate intercepts for different surveys or the addition of random
intercepts or slopes. These one-stage analyses with random effects are special cases of hierarchical or multi-level models
(Simmonds et al. 2005).

Regarding the comparability of these two approaches, one-stage and two-stage approaches often lead to similar estimates of
treatment effects (Olkin and Sampson 1998; Stewart et al. 2012). However, one-stage analyses improve the power of detecting
effects for continuous and binary data (Lambert et al. 2002; Simmonds et al. 2005). Power is also higher for detecting
nonlinear relationships between continuous treatment and outcome and the discovery of treatment-covariate interactions if
researchers use one-stage approaches (Simmonds and Higgins 2007). Burke et al. (2017) give an overview of previous results
and a list of ten key reasons why one-stage and two-stage approaches may lead to different results in practice. We will add
another reason to that list, connected to the variances of survey weights.

Literature Review Few authors have tackled the topic of combining complex survey data from an (ex-post) survey
harmonization or (IPD) meta-analytical perspective. Roberts and Binder (2009) briefly discuss the two main meta-analytical
approaches, one-stage, and two-stage meta-analysis, in the context of survey data. They stress to either frame the research
question in a design based or model-based way. Fox (2011) proposes a methodological framework for combining survey
data and a comparison of this framework with the one by Cochran (1997) for the combination of experiments. Korn and
Graubard (1999) suggest methods to adjust survey weights when pooling surveys with different numbers of observations.
Besides, survey methodologists and statisticians have combined data from surveys though they generally do not refer to it as
meta-analysis. For instance, Leslie Kish focused on combining data from rolling or periodic samples and non-overlapping
probability samples from the same population (Kish 1979; Kish and Verma 1986; Kish 1994, 1999).

Prospectively planned pooled analyses such as extensive international cross-cultural studies are usually not called meta-
analyses, although they also are a method for summarizing the evidence. Joye et al. (2019) discuss the pooling and weighting
of surveys in the context of harmonized cross-cultural studies. Following Kish, statisticians have tackled different types and
aspects of pooling data. While Cochran (1997) and Fuller and Burmeister (1972) concentrated on combining sub-populations,
Kalton and Anderson (1986) and Skinner and Rao (1996) among others worked on the topic of multiple frames for the same
target population. Lohr and Raghunathan (2017)) and Fox (2011) provide overviews over other related topics like dual-frame
problems, statistical matching, combining survey data with data from other surveys, small-area-estimation or re-weighting
data with several samples.

As a next step, we look at possible analytical options for combining complex survey data after survey harmonization.
Afterward, we explore the performance of these approaches in our simulation of weighted pooled survey data.

Two-stage IPD meta-analytical approaches

We start by presenting the two-stage (meta-analytical) approach for analyzing pooled data. Suppose each study 𝑘 (𝑘 = 1, ..., 𝐾),
that we want to include into our analysis, has 𝑛𝑘 observations 𝑖 (𝑖 = 1, . . . , 𝑛𝑘 ). We are interested in the effect of a single
independent variable on the dependent variable. A simple approach would be to estimate regressions in each study separately
and then, in the second stage, to combine the effect sizes obtained in the first stage (Burke et al. 2017, 856).

If we follow this approach, we estimate regression coefficients for every survey. We can either estimate a weighted or
an unweighted estimate (DuMouchel and Duncan 1983). Likelihood inference is the standard estimation approach in most
software and also in the survey package in R (Lumley 2016) that will be used in the following. In case of the incorporation of
inverse-probability weights, this leads to a pseudolikelihood (for details see Rabe-Hesketh and Skrondal 2006; Binder 1983;
Pfeffermann 1993; Pfeffermann and Sverchkov 2009).

After estimating the regression coefficients for the different surveys, we reach the second stage of the two-stage analysis
(Burke et al. 2017, 857). In this stage, we combine the regression coefficients, similar to a classical meta-analysis. If we
assume between-study homogeneity, the weight of each survey point estimate depends solely on the variance of its estimate
(a so-called fixed-effect model).
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Lumley and Scott (2017, 268/269) discuss estimating variances of the weighted regression coefficients. We use the
recommended sandwich delta-method (White 1982; Binder 1983), which is implemented in the survey package for
generalized linear models. Researchers should note that it does not acknowledge the weighting’s random component (if
the weighting is not solely by design). In large samples, this random component can be ignored.

In some cases, it may be reasonable to assume that a common effect exists (for example, medical studies using the same
treatment for a very similar group of patients, measuring the same outcome, etc.) and estimating a fixed-effect (FE) model.
However, such an assumption of homogeneity can rarely be made for most studies (Viechtbauer 2007), especially in the
social sciences. Studies are likely to have systematic differences, e.g., between measurements used (Elliot, Raghunathan and
Schenker 2018). With strong study heterogeneity, random-effects (RE) models are considered more appropriate for the second
stage of the analysis. The underlying assumption is that there is not one common effect for all the studies, but instead, one
assumes a distribution of effects across studies.

When calculating the combined RE estimate, we again take an inverse-variance weighting approach, but we now incorporate
an estimate of the between study-variance 𝜏2 (Borenstein et al. 2009, section 2).

There are many methods of estimating 𝜏2, for example, the method of moments estimator of DerSimonian and Laird (1986,
2015), also called DL estimator. For continuous outcomes, Veroniki et al. (2016, 55) advocate using REML estimation as a
preferable alternative to the DL estimator, which we also use in the following simulations.

After covering the basics of the two-stage approach, we now move on to one-stage analysis. A one-stage analysis is more
complicated but also more flexible.

One-stage IPD meta-analytical approaches

When conducting a one-stage analysis, we first combine surveys and then analyze the combined data set. An abundance of
modeling options characterizes the one-stage (IPD meta-analytical) approach. For all included predictors, separate fixed or
random study effects can be included.

We start with the simplest model, the one-stage model without separate fixed or random study effects. Let us still assume
we have 𝐾 studies for the IPD MA with 𝑛𝑘 (𝑖 = 1, . . . , 𝑛𝑘 ) observations each. We are interested in the effect of the independent
variable 𝑋 on the dependent variable 𝑌 .

1. One-stage model without separate fixed study effects (linear model):

𝑦𝑖𝑘 = 𝛼 + 𝛽𝑥𝑖𝑘 + 𝑒𝑖𝑘 , 𝑒𝑖𝑘 ∼ 𝑁 (0, 𝜎2) (1)

Here we treat the data as if they came from one large survey. We do not model study heterogeneity. However, it is
generally not recommended to treat the combined studies as one big survey, ignoring the clustered structure. Researchers
instead include fixed or random study effects for that reason (see the next models).

2. One-stage model with separate fixed study effects:
Adding a separate fixed intercept term 𝛼𝑘 per study allows for different survey means in the dependent variable (when
controlling for the independent variable(s)) and the clustering of observations in studies (Burke et al. 2017, 859).

𝑦𝑖𝑘 = 𝛼𝑘 + 𝛽𝑥𝑖𝑘 + 𝑒𝑖𝑘 , 𝑒𝑖𝑘 ∼ 𝑁 (0, 𝜎2) (2)

It is also possible to allow varying slopes for the surveys by adding interaction effects of survey indicators and
independent variables. This can be done for one or more surveys in the meta-analysis.

3. One-stage model with one or more random study effects:
The separate fixed study effects for the intercept can also be replaced with a random effect, e.g., when one is interested
in the baseline intercept 𝛼 or in a measure of between-study heterogeneity (Burke et al. 2017, 859). Another advantage
is that we reduce the number of parameters compared to the fixed effects model (instead of estimating a fixed effect for
each survey, we only estimate two parameters 𝛼 and 𝜏2

𝛼). One should note that the inclusion of random effects demands
a sufficiently high number of included surveys (Snĳders and Bosker 1993).

𝑦𝑖𝑘 = 𝛼𝑘 + 𝛽𝑥𝑖𝑘 + 𝑒𝑖𝑘 , 𝑒𝑖𝑘 ∼ 𝑁 (0, 𝜎2), 𝛼𝑘 ∼ 𝑁 (𝛼, 𝜏2
𝛼). (3)
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As in the fixed effect case, it is possible to add random study effects for the independent variables, i.e., random slopes,
too. The random slope model allows the explanatory variable to have a different effect for each study. One can also
assume a separate residual variance per study. Readers should be aware that the inclusion of weights into multi-level
models like the RE one-stage model here is still an unresolved research question (see Asparouhov (2006), Carle (2009)).
For more modeling, estimation and software options in the context of one-stage (IPD meta-)analysis see the articles by
Debray et al. (2015) and Burke et al. (2017).

Survey weights and the use of survey weights in regression analysis

Design, nonresponse and post-stratification weights In this section, we very briefly introduce the three types of survey weights
most widely used in practice: design weights, nonresponse weights, and post-stratification weights. For the calculation of a
design weight for an observation 𝑖; we use the inverse of the probability 𝑝𝑖,𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 to be selected (Horvitz and Thompson
1952 and Lumley 2010, 4): 𝑤𝑖 = (𝑝𝑖,𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛)−1. Nonresponse weights are closely related to sampling weights. Units are
weighted by the inverse of their response propensities 𝑝𝑖,𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 (Little and Vartivarian 2003). 𝑝𝑖,𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 can be estimated
if researchers have information about respondents and non-respondents as in the European Social Survey (Blom 2009, 29).
There is ongoing research about the use of such nonresponse weights (Blom 2009; Kreuter et al. 2010; Krueger and West
2014).

Many surveys (Little and Vartivarian 2005, 161) do not provide design weights or nonresponse weights but instead post-
stratification or calibration weights. Post-stratification weights are used to adjust the sample to known population totals
(Lumley 2010, 136). Post-stratification is also called cell weighting or adjustment weighting. This weighting approach can
be considered when the distribution of auxiliary variables (e.g., sex, age groups) is known in the population and differs from
those in the sample. Post-stratification grows more complicated with the number of post-stratification variables. If the joint
distribution of the variables is not known but only the marginal distributions, it is necessary to use alternative closely related
techniques like calibration (Deville and Särndal 1992). These challenges and the procedures used for calibration (e.g., raking)
are not the focus of this article; for an overview, see Lumley (2010, 139).

Survey-weighted regression analysis - Hybrid models To gain familiarity with the topic of survey-weighted regression, we
will briefly examine survey-weighted regressions with just one data set in this section. We then move on to the case with
pooled complex survey data. For the moment, we concentrate on three simple cases: (1) a simple linear regression meeting
the Gauss-Markov assumptions and observations drawn with exogenous sampling, i.e., independent from the error term (2)
a simple linear regression where we are faced with endogenous sampling, also called selection on unobservables and (3) a
linear heterogeneity of effects model where data points have different sampling probabilities depending on the groups. While
in the first case, the use of weights is usually discouraged; it can be beneficial in the second and third cases.

Case 1: We start with a simple linear regression meeting the Gauss-Markov assumptions and exogenous sampling. We
are interested in the regression of a variable 𝑌 on 𝑋 . For the moment, we only have data from one survey. Let us assume
that the population from which this survey was drawn has different strata 𝑠, and the population units have differing sampling
probabilities depending on the strata 𝑠. The coefficient 𝛽 is the same in all strata. The error term has a normal distribution
with mean 0 and variance 𝜎2, 𝑒, and the strata are independent. Since the sampling is only dependent on the strata, it is also
independent of the error term 𝑒 and exogenous. Like the sampling probabilities, the means of 𝑋 may differ per strata (see
Figure 1 (a)).

However, the Gauss-Markov (GM) assumptions are still met and thus there is no reason to prefer the weighted estimate
to the ordinary unweighted estimate. As an example, the unweighted OLS estimate 𝛽 is already approximately unbiased and
has minimum variance among all linear approximately unbiased estimators (DuMouchel and Duncan 1983, 536). While the
weighted coefficients are also approximately unbiased, they are not the best linear approximately unbiased estimates (BLUE),
whereas the OLS estimates are (Verbeek 2004, 16-17). Let us now move on to cases where weights are indeed needed for
approximately unbiased estimates.

Case 2: Again, we want to estimate a simple linear regression of𝑌 on 𝑋 . However, this time the sampling is endogenous, e.g.,
depending on the unobservable error term. For this reason, endogenous sampling is also called selection on unobservables.
Estimates not weighted for the endogenous sampling are biased (Solon, Haider and Wooldridge 2013).
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A classic example of endogenous sampling is oversampling, which depends on the covariates of the substantial model
(the independent variables) and the dependent variables and, therefore, the error term. For example, a researcher attempts
to estimate a regression model of family income on years of education. If high-income families with a low number of
years of schooling were oversampled compared to middle and low-income families with the same number of years, then the
error term is correlated with the sampling probabilities, and the regression estimates will be biased. We have visualized this
situation in Figure 2 (a). Less transparent points represent higher sampling probabilities. One can easily see that the regression
line estimated without weights will have a higher intercept than the population regression line in red. Plus, in the case of
heterogeneous variance for the error term, endogenous sampling can shift the slope estimate as well (see Figure 2 (b)).

In the case of endogenous sampling, one needs to use inverse-probability weights to achieve consistent estimates (Solon
et al. 2013, 17). However, we have to note that estimating nonresponse or post-stratification weights correcting for all the bias
is highly unrealistic. The bias reduction depends on two associations: (1) on the correlation between the response propensity
and the response propensities predictors and (2) on the correlation between the error term and the response propensities
predictors (Little and Vartivarian 2003). Unfortunately, these correlations are often not very high (Kreuter et al. 2010, 405).

Case 3: Last but not least, we want linear heterogeneity of effects model where data points have different sampling
probabilities depending on the groups (see Figure 1 (b)).

It is not possible to give general recommendations for which estimate, unweighted 𝛽 or weighted 𝛽𝑤 , to use when assuming
a model with heterogeneous coefficients. Neither 𝛽 nor 𝛽𝑤 are generally approximately unbiased estimates of the average
coefficient 𝛽 (DuMouchel and Duncan 1983, 537). Solon et al. (2013, 19) show that there are two reasons why the unweighted
estimate does not identify the average population effect 𝛽. The first is easy to understand. Let us assume that the effect of
children on partnership quality is more negative in urban areas than in rural areas. If we oversample rural areas, we would
not expect the unweighted estimate of the average coefficient to be the same as the average population effect. This is the first
source of bias in case of an unweighted estimate. But Solon et al. (2013, 20) provide another reason why the OLS estimate is
not consistent. Extreme values of the independent variables can have a particularly large influence on the estimates. Therefore,
the unweighted average also depends on the difference in the within-strata variance of the independent variables. The weights
deal with the first source of bias but not the second. If the within-variances are equal in all strata, WLS is thus consistent, and
OLS is not. As Solon et al. (2013, 20) notice, this is the “knife-edge special case” and not true in general. They recommend
comparing weighted and unweighted estimates to get an idea of possible bias.

Adding additional covariates to the model would be another possibility to account for nonresponse or oversampling and
remove bias (Pfeffermann and Sverchkov 2009, 461). However, the covariates might not be available in some cases, but only
the weights (Solon et al. 2013, 15-17). The inclusion of additional covariates might complicate the interpretation of focus
model parameters (Sterba 2009, 727), for an example see also Pfeffermann and Sverchkov (2009, 463). Also, in the case
of harmonized surveys, conditioning on observed selection/nonresponse variables will be especially difficult since they are
likely to differ between surveys. Therefore, we strongly prefer hybrid models that are primarily model-based and account for
disproportionate selection through weighting instead of conditioning on all complex sampling features (see Sterba (2009) for
a comparison of the model-based, design-based, and hybrid framework).

Conclusion Out of the three cases we covered – (1) a simple linear regression meeting the Gauss-Markov assumptions and
with exogenous sampling, (2) a simple linear regression where we are faced with endogenous sampling, and (3) a linear
heterogeneity of effects model with different sampling probabilities depending on strata – we only need to use survey-weighted
regressions in the latter two. In the first case, survey weighting only leads to an inflation of the variance of the regression
coefficients. However, whether a study falls under (1) is usually uncertain and therefore recommended to compare weighted
and unweighted estimates.

Survey-weighted regression analysis - The meta-analytical case With pooled data sets, it is easy to see that the need for
survey weighting in case of endogenous sampling and heterogeneity of effects models (or a combination of these problems)
does not simply vanish in the meta-analytical case. To make this explicit, let us remember that each data set is first analyzed
separately in two-stage models. If these models’ unweighted coefficients are biased, the combined coefficient will be biased,
too (except in the unlikely case in which these biases cancel each other out).

For practical applications, this still leaves us with the question if we even need to use survey weights due to nonresponse or
effect heterogeneity. Bollen et al. (2016) provides a review of various diagnostic tests used to determine if survey weights are
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necessary for regression analysis. These tests can be divided into two groups: the first group of tests examines the difference
between weighted and unweighted regression coefficients; the second one whether, conditional on the independent variable
(Pfeffermann 1993; Asparouhov and Muthen 2007), the dependent variable, and the weights are correlated (DuMouchel and
Duncan 1983; Fuller 2009; Pfeffermann and Sverchkov 1999). However, one should note that these tests were developed for
OLS/WLS regression with a single data set.

Plus, it is uncertain and unlikely that all the surveys fall into the case of exogenous sampling and no effect heterogeneity.
This problem is especially pressing with real complex surveys. Surveys can have multiple aspects of over-sampling across
various stages, or it is unclear whether the outcome variables are exogenous. We recommend comparing weighted and
unweighted estimates in all cases to get an idea of possible bias.

A comparison of one-stage and two-stage approaches in case of pooled complex survey data

Introduction to the simulation design

After having gained an overview of different (meta-analytical) strategies and survey-weighted regressions, we will now further
explore the use of survey weights in the context of regression analysis of complex survey data after ex-post harmonization. We
look at practical problems and questions that arise when conducting a regression analysis with weighted observations after
pooling: Do survey-weighted one-stage and two-stage analysis perform differently? Is it possible to include random effects
into the survey-weighted analysis, especially if we have to assume study heterogeneity?

When evaluating the performance of different analytical approaches, researchers, in general, look at the bias, the variance,
the root mean square error (RMSE), and the coverage of these approaches. While bias, variance, and RMSE should be as small
as possible, coverage should be around 0.95 in the case of standard 95%-confidence intervals. In our case, it is cumbersome
to derive these four measures analytically for our multitude of approaches. Therefore, we turn to Monte Carlo simulations.
We focused on relatively simple simulation scenarios, to attribute any differences in performance to the (meta-analytical)
method, rather than getting caught up in complexities of the data. An overview of the data settings, the implemented sampling
procedures, and the meta-analytical approaches we used are given in Tables A1 and A2.

Surveys are homogeneous, except for Simulation Nr. 3 and 4. In these, we extensively covered the inclusion of random
effects to model study heterogeneity.

Methodological decisions and differences between one-stage/two-stage meta-analysis

State of the Art In the following, we focus on the differences between the two general approaches – one-stage vs. two-stage
analysis. All in all, one-stage meta-analyses are more flexible in accommodating different assumptions, and they offer the
more exact likelihood specification. Furthermore, two-stage meta-analytical results are easily biased when few studies and
few participants/events are at hand (Burke et al. 2017, 863). In these cases, bias arises since the assumptions that the study
effects have a normal sampling distribution and that their variances are known cannot be upheld (Stĳnen, Hamza and Özdemir
2010).

We will now add another new reason why in practice, a one-stage analysis might outperform a two-stage analysis. We will
demonstrate in our next simulation that with a moderately high coefficient of variance for the weights, the assumption of
known within-study variances is highly problematic and can result in biased point estimates.

Simulation and Results In this section, we conduct two different simulations. We use two different heterogeneity of slope
models for data generation. While the sampling is endogenous for both of them, we change the range of sampling probabilities,
therefore changing the variance in the inverse-probability weights. In Simulation Nr. 1 (see Table A1), the coefficient of
variation𝐶𝑉 for the weights amounts to ca. 0.76. This𝐶𝑉 value is not unrealistic; it corresponds to the coefficient of variation
for the weights in the second wave of the German family survey ‘Familiensurvey’ (Deutsches Jugendinstitut (DJI) 2003). The
coefficient of variation 𝐶𝑉 for the weights in Simulation Setting Nr. 2 is smaller, it is only half this size.

Examining the results and comparing one-stage and two-stage meta-analytical results, we see that our weighted two-stage
slope estimates are biased in case of a high CV, whereas the weighted one-stage estimates are approximately unbiased (see
Figure 3). The two-stage results are only approximately unbiased, when - all other things being equal - we have a low variance
for the weights.
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To understand the mechanism behind this non-intuitive result, we take a closer look at the single-survey estimates and their
estimated variances. If we look at the distribution of the survey-weighted error terms from several surveys, we see that some
of the surveys have bumps at negative values of the error term (see Figure 4 (a)).

This happens when observations with low inclusion probability are included. Since these observations have very high
inverse-probability weights, they also drive up the variance estimate. Simultaneously, point estimates are lower in these
cases, since the highly influential observations drag the point estimate down. If we now weight the point estimates by their
variance estimates in the second stage, the point estimates which are smaller and have larger variance estimates get a lower
(meta-analytical) weight than the larger point estimates with smaller variance estimates (see Figure 4 (b)). Therefore, we
overestimate the coefficient in our two-stage meta-analysis. The extent of the bias will depend on the correlation between
the added variance due to the weights and the point estimates. Providing corrections of the variance is difficult. If we used
our knowledge that the variance before weighting is equal for all surveys in our simulation, we could get an approximately
unbiased estimate. Still, in real-world applications, we do not know the distribution between the two variance sources.

Fox (2011, 128) also notes that the weighting procedure leads to a higher variance of the estimates. She proposes adjusting
the meta-analytical weight by the design effect. Kish (1965) showed that the design effect can be decomposed into the
variation in weights (unequal weighting effect) and the component that is attributable to the stratification/clustering of data
(stratification/clustering effect). We only want to correct for the variation in weights. However, as Lê, Brick and Kalton
(2002) noted, the canonical decomposition of the design effect provided by Kish (1965) is not a good approximation when
weights are post-stratified or calibrated. Moreover, the decomposition depends on the assumption of constant within-strata
(within-survey) variances, a potentially unrealistic assumption.

Instead of correcting the two-stage meta-analytical weights, we recommend using a one-stage meta-analysis, especially in
the case of a high coefficient of variation for the weights. E.g., a high coefficient of variation for the weights will often occur
in the case of post-stratification with many sparsely occupied cells. However, we acknowledge that this might not always be
possible, e.g., if researchers want to include information on strata/primary sampling units into their model (Rabe-Hesketh
and Skrondal 2006). This would further complicate a one-stage meta-analytical model and is an important argument in favor
of two-stage models.

Transformations of survey weights

We have investigated the general questions of when to use survey weights in analyses with pooled complex survey data.
Our study also demonstrated that a one-stage meta-analysis offers some advantages. We will now concentrate on study
heterogeneity, which requires special attention when including survey weights in a one-stage meta-analysis.

We take a look at study homogeneity/heterogeneity and introduce a transformation needed in the case of study heterogeneity.
We speak of study homogeneity when all studies in a meta-analysis were undertaken in the same way with the same
measurement, target population, etc. However, we will seldom be able to assume study homogeneity. If this assumption is
violated, e.g., the studies used different measurements for the same construct, or the target population differs slightly between
surveys, we have to deal with and model so-called study heterogeneity (Viechtbauer 2007).

Study heterogeneity is a problem since reflecting the heterogeneity of the studies in our analysis may be complex and
challenging. However, it is often crucial since variables and target populations will somewhat differ between included surveys.
A conventional approach is to use a model with random effects for the surveys. This can be done regardless of whether we
estimate a one-stage or two-stage analysis. Estimating a two-stage analysis with random effects or including a random effect
in a one-stage analysis is equivalent to assuming that the true coefficient is not the same for all studies. Instead, the true
coefficient has a distribution over surveys. Researchers often choose a normal distribution for this distribution (Burke et al.
2017, 859).

Unfortunately, the use of random effects is tricky in the case of a weighted one-stage analysis. It is known that weights
cannot be used in their ‘raw’ form in weighted multilevel/hierarchical analysis since the point and standard error estimates
will be biased (Asparouhov 2006, 442, 445). Asparouhov (2006), building on earlier work by Pfeffermann et al. (1998),
recommended two methods ‘A’ and ‘B’ (see Equation 4 and 5) for transforming the weights (Asparouhov 2006, 443).
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Method ‘A’ scales the weights so that the transformed weights sum to the cluster sample size (in our case the survey sample
size 𝑛𝑘 ):

𝑤∗
𝑖𝑘 = 𝑤𝑖𝑘

(
𝑛𝑘

Σ𝑖𝑤𝑖𝑘

)
. (4)

Method ‘B’ scales the weights so that the transformed weights sum to the effective sample size:

𝑤∗
𝑖𝑘 = 𝑤𝑖𝑘

(
Σ𝑖𝑤𝑖𝑘

Σ𝑖𝑤
2
𝑖𝑘

)
. (5)

‘A’ and ‘B’ become equivalent when cluster sizes and cluster sample sizes are constant (Asparouhov 2006, 445). Method
‘A’ seems to be better suited if we want to examine regression coefficients, and method ‘B’ is recommended when we are
interested in estimates of heterogeneity (Carle 2009, 10).

Asparouhov (2006, 444) stressed that in the weighted multi-level analysis, we only need to use level-1 weights. This
is because level-1 (individual observations) and level-2 (clusters/surveys) weights appear in different places in the pseudo
maximum likelihood (Carle 2009, 2). In our case, we exclusively have level-1 weights in a one-stage analysis, since the studies
do not have weights in a one-stage analysis and we do not have to worry about separating level-1 and level-2 weights.

We should, however, check if the ratio between the weights from different studies is meaningful, that is, to be interpreted
in the usual sense of oversampling (Asparouhov 2006, 444). E.g., if observation A in survey A has a weight of two and
observation B in survey B a weight of four, the probability with which A was drawn should be half of B’s probability. As
demonstrated in Korn and Graubard (1999), this is generally not the case if we have different numbers of survey observations
for surveys drawn from the same population, and these survey weights are not standardized around one. In these cases, it
will be necessary to standardize the weights using the simplest transformation that Korn and Graubard (1999, see Equation
8.2-6 on page 283) proposed. However, one should again be aware of the assumption of a common population in this case.
Researchers should be able to describe this population. The weights after transformation sum up to the population size and
can be interpreted in the usual sense of oversampling.

Multilevel models that incorporate survey weights use a pseudo maximum likelihood (PML) approach, and the transformed
weights 𝑤∗

𝑖𝑘
are included then into the PML (see Rabe-Hesketh and Skrondal 2006, 806). Carle (2009) compares a variety of

software programs and software implementations as for example Stata’s gllamm. Statas mixed command fits linear mixed-
effects models and offers both transformation methods (options ‘size’ for method ‘A’ and ‘effective’ for method ‘B’). In
𝑅 there is a workaround with the function scale_weights from the sjstats-package (Luedecke 2018). The function
scale_weights offers both transformation methods ‘A’ and ‘B’ recommended by Asparouhov (2006). After transforming
the weights, the researcher then can include these weights as frequency weights in the lmer-function from the package lme4
(Bates et al. 2015). The lmer-function then uses a penalized least squares method for maximum likelihood fitting. Another
critical point is that even Carle (2009, 3) and Asparouhov (2006) concede that the transformation ‘A’ and ‘B’ are not ideal
and recommend analyzing with both scaling methods and then comparing the results.

Simulation and Results We conducted the two simulations Nr. 3 and 4 to explore modeling study heterogeneity and the
inclusion of random effects in a weighted one-stage analysis. In Simulation Nr. 3, we created 25 artificial populations, each
with a different intercept. These finite populations come from a theoretical super-population. Each finite population has five
strata. These five strata have different intercept components in the data generating model (but are equal over all populations).
The sampling probability also differs by strata. We draw an equally sized survey from each of the populations. What is crucial
is that we now have study heterogeneity, which has to be reflected in the meta-analytical model. In this simulation, we compare
the weighted one-stage analysis, which does not model the study’s heterogeneity (no random effect), and different one-stage
analysis incorporating either a random intercept or a random slope. Of course, we also compare the two transformation
approaches (Method ‘A’ and ‘B’).

Moving on to the results for the first simulation with heterogeneous intercepts between studies (see Table 1), we see that
the RMSE for the intercept (the intercept now differs between super-populations) is slightly better for the weighted one-stage
MA with RE than without RE. The intercept coverage is above 0.95 for all weighted approaches. However, the coverage is
below 0.9 for the slope of the one-stage RE model (which does not differ between super-populations). We could not find
differences between the two transformation methods for our case (Method ‘A’ and ‘B’, see Equation 4 and 5). This was to be
expected since our study sample sizes are constant.
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What is intriguing is that we cannot determine a difference in bias between the unweighted and weighted estimates for the
between-study standard deviation estimate 𝜏 (see Figure 5). This is because the super-population distribution for the intercept
is independent of the sampling procedure in our case. However, remember that the weights are still needed for approximately
unbiased point estimates.

Social-science researchers are often interested in estimating the influence of one variable on another and are therefore often
concentrating on slope estimates. Consequently, we created another simulation (Nr. 5), where we again created 25 artificial
populations but now with a different slope per study instead of a different intercept.

The results (see Table 2) are similar to the first simulation. When we include a random effect for the slope into our
meta-analysis, the coverage for the slope is very high, but not satisfying for the common intercept. Including an RE for the
intercept instead of a slope RE does not solve the problem; the slope coverage is meager.

To sum up, better results for the parameters affected by study heterogeneity go hand in hand with less preferred results for
common homogeneous parameters, if one includes RE into the meta-analytical model.

Practical example: Same-sex couples and their satisfaction with family life in Germany

We will conduct a brief example using data from three surveys in Germany. We are interested in the satisfaction with family
relationships for people in a same-sex relationship versus other peoples in relationships. Previous research is not conclusive
on whether a person in same-sex relationships experiences family relationships differently than other persons in relationships
and/if people in same-sex couples potentially experience unique stressors regarding their family relationships (Cramer and
Roach 1988; Willoughby et al. 2008; Baiocco et al. 2014; Lampis et al. 2020).

Our example will use German survey data to examine family satisfaction of same-sex and opposite-sex couples from
three German surveys. The data sets used are the first wave of the pairfam panel, the second wave of the Generations and
Gender survey (Gauthier et al. 2018), and the wave “ba” of the Socio-economic Panel (SOEP). The German Family Panel
pairfam (“Panel Analysis of Intimate Relationships and Family Dynamics”) was launched in 2008 and is a multi-disciplinary,
longitudinal study for researching partnership and family dynamics in Germany (Brüderl et al. 2017). The Generations
and Gender Survey (GGS) is a longitudinal study intended to provide information about the relationships between children
and their parents and relationships in couples (Ruckdeschel et al. 2006). The German Socio-Economic Panel (SOEP) is a
longitudinal panel that started in 1984 and includes questions on household composition, occupation, employment, earnings,
health, and life satisfaction (Goebel et al. 2019).

These surveys all included questions on (1) the sex of the current partner (which allowed to identify people in same-sex
and opposite-sex relationships) and (2) satisfaction with family life (in case of the GGS they asked after the satisfaction with
the relationship to various family members whose average we took for the satisfaction with the family). The surveys/panel
wave data were all conducted between 2008 and 2010.

We do not have direct information on the sexual orientation of respondents. However, as already mentioned, we can infer
who is living in a same-sex partnership since respondents were asked for their partner’s sex. Concerning the legal situation
in Germany, in 2008/2010 (and since 2001), same-sex couples could enter a civil partnership but not marriage. This lasted
until 2017, when marriage was also opened for same-sex couples in Germany.

Our target population is people in Germany older than the age of 15 who are either married, in a civil partnership, or
have been in a partnership for longer than six months (LATs or cohabitation). We will reflect the subsampling (people in
relationships) in the variance estimation of the survey-weighted regression (West, Berglund and Heeringa 2008). We also
reflect the fact that while the original target populations of the three survey are largely overlapping between the GGS (people
in Germany aged 20-83) and SOEP (people in Germany older than 16), pairfam has a particular population (cohorts born
1971-73, 1981-83, and 1991-93, ergo 15-17, 25-27 and 35-37 years old).

We will mirror the various overlaps through composite factors that are also often used in dual-frame surveys for weighting.
We used the composite factor based on the numbers of observations of the various studies proposed by (Xia et al. 2010),
which is very similar to the transformation Korn and Graubard (1999) recommends for raw weights from different surveys.
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Concerning the two-stage analysis, in the first stage, we estimate simple linear regressions of the family satisfaction
regressed on the same-sex partnership indicator (and an intercept) for each survey separately. We use a fixed-effect (meta-
analytical) model for the second stage (with the estimated regression coefficients from the first stage as effect estimates) since
the number of surveys is low.

The one-stage analysis model has three separate intercepts for each of the three different surveys and the same-sex
partnership indicator as independent variables. We used the survey package (Lumley 2016) for the weighted estimation of
the one-stage model and the first stage of the two-stage models.

The estimated (meta-analytical) coefficients can be seen in Table 3, the estimated coefficients for the three surveys in
the first stage of the two-stage approach are available in the appendix (see Tables A3, A4 and A5). We see quite a big
difference between the two estimates. The two-stage model is strongly driven towards 0 by the estimate from the GGS, which
is not significantly different from 0. Since its standard error is of the same order as those of SOEP and pairfam, it greatly
influences the two-stage model. Of course, survey weighting is not the only source of difference between the one-stage and
two-stage coefficients (see Burke et al. (2017)). Factors that also (could) influence the estimates are the clustering of estimates
in surveys, the specification of residual variances, and the “unbalanced” samples (regarding the proportion of same-sex
couples). However, the coefficient of variation is also non-negligible, 77% for the GGS, for pairfam 85% and 106% for the
SOEP (after correcting for the overlap).

After this applied real-world example, we will now conclude with our most important results and conclusions.

Discussion

Results

We have answered several crucial questions about the inclusion of survey weights in the regression analysis of complex
surveys after ex-post harmonization. We first dealt with the problem of when survey weights should be included in the
analysis. Survey weights are required for approximately unbiased estimates in the case of endogenous sampling. They are
also helpful in the case of heterogeneity of effects models when strata differ not only in their sampling probability but also
their coefficients. However, weights can also increase the variance of estimates.

Researchers should also be aware that nonresponse or post-stratification weights have to be highly correlated with the
sampling/inclusion probability to reduce statistical bias (Little and Vartivarian 2003; Kreuter et al. 2010). These correlations
will seldom be large in practice. Therefore, the weights will only mitigate part of the bias.

Another crucial topic is the difference between the one-stage and two-stage approaches. Burke et al. (2017) gave ten general
recommendations for the use of one-stage or two-stage IPD meta-analyses and reasons why results may differ between the
two methods. We added another one to that list: If we have a medium to high coefficient of variation of the survey weights,
the assumption of known within-study variances cannot be upheld for the two-stage meta-analytical approach. Two-stage
meta-analytical estimates will be biased.

Afterward, we directed our attention to study characteristics like study size and study homogeneity/heterogeneity. Another
point that we covered is the inclusion of random effects in a one-stage analysis. Carle (2009) and Asparouhov (2006)
demonstrated that even the performance of RE models with transformed weights is not always optimal. We confirmed this
observation.

Limitations and Future Research

The question of using weights will concern many analyses in the social sciences with survey data. In our simulations, we
explored linear regressions since researchers are most familiar with these models. More research has to be conducted to check
if conclusions that we have drawn for linear models are also applicable to other models from the class of generalized linear
models, e.g., logistic regressions. Another interesting class of models would be survival models, e.g., proportional hazards
models.

We also only briefly covered the topic of the inclusion of weighted one-stage meta-analysis with random effects. We were
able to draw valuable lessons from the neighboring field of weighted multi-level analysis. However, optimal scaling methods
are not yet available (Asparouhov 2006; Carle 2009) for weighted RE models like one-stage RE analysis. A comparison of
the different software implementations is another topic to be covered.
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Last but not least, we only covered the use of survey weights to avoid bias. Weighting is, however, also used in regressions
to correct for heteroscedasticity and improve efficiency. Plus, we did not cover replicate weights, which are often provided
instead of survey weights in order to guarantee data confidentiality. Replicate weights also allow computing jackknife variance
estimates. The use of weights to improve efficiency in meta-analyses would be yet another research question.

Conclusions

This article has conducted first explorations into the field of weighted analysis of pooled complex survey data. We have
identified several settings where survey weights are needed to achieve approximately unbiased estimates. Most intriguingly
for practitioners, we found differences in performance between the two main (meta-)analytical approaches - one-stage and
two-stage analysis. In a two-stage analysis, bias can be introduced through the weighting procedure. Fortunately, by avoiding
the step of estimating point and variance estimates for the single surveys, a weighted one-stage analysis remains approximately
unbiased. Even though we recommend using the one-stage analysis approach in the case of weighted complex survey data,
researchers should take care when pooling the data. Transformation will be required if studies are heterogeneous. Plus,
incorporating PSUs/strata information in a one-stage analysis may prove very difficult. And as in other analyses, choosing an
appropriate model remains of high importance.
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Tables

Intercept Slope
Bias SE RMSE Cov. Bias SE RMSE Cov.

One-stage weighted 0.02 5.81 5.81 0.97 0.01 0.64 0.64 0.94
One-stage RE (int.) w. A 0.57 5.36 5.39 1.00 0.01 0.53 0.53 0.82
One-stage RE (int.) w. B 0.57 5.36 5.39 1.00 0.01 0.53 0.53 0.82

Table 1. Performance measures. For simulation setting see Simulation Nr. 3 in Table A1. Description of all analysis models in Table A2.

Intercept Slope
Bias SE RMSE Cov. Bias SE RMSE Cov.

One-stage weighted 0.07 2.73 2.73 0.95 0.01 0.43 0.43 0.96
One-stage RE (int.) w. A 0.07 2.73 2.73 0.93 0.04 0.42 0.42 0.65
One-stage RE (int.) w. B 0.07 2.73 2.73 0.93 0.06 0.43 0.43 0.63
One-stage RE (slp.) w. A 0.05 2.01 2.01 0.89 0.08 0.33 0.34 1.00
One-stage RE (slp.) w. B 0.05 2.01 2.01 0.89 0.08 0.33 0.34 1.00

Table 2. Performance measures. For simulation setting see Simulation Nr. 4 in Table A1. Description of all analysis models in Table A2.

One-stage model, weighted observations
GGS Intercept 8.41∗∗∗

(0.03)
pairfam Intercept 8.67∗∗∗

(0.03)
SOEP Intercept 7.85∗∗∗

(0.04)
Same-sex Partnership −0.81∗∗∗

(0.23)
Num. obs. 17579

Two-stage model (only coefficient for SSP shown), weighted observations
Same-sex Partnership −0.40∗∗

(0.17)
∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05

Table 3. One-stage and two-stage meta-analysis with data from from GGS wave 3, pairfam wave 1, SOEP wave “y” (In all three surveys
subsamples were taken: persons in partnerships).
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Figure 1. (a) Exemplary data setting with different means per strata (altered colors) but same data-generating model for the dependent
variable. (b) Exemplary data setting with different slopes per strata. Points with the same color belong to the same strata.
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Figure 2. (a)Exemplary data setting with heterogeneous Y. Less transparent points represent higher sampling probabilities. The solid line
is the regression line of 𝑌 on 𝑋 in the population. The dashed line is the estimated unweighted regression line for a sample drawn with
unequal sampling probabilities. (b) Exemplary data with different endogenous sampling probabilities. Less transparent points represent
higher sampling probabilities. The solid line is the regression line of 𝑌 on 𝑋 in the population. The dashed line is the estimated unweighted
regression line for a sample drawn with unequal sampling probabilities.
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Figure 3. Density plot of slope point estimates. 1000 Monte Carlo repetitions. For simulation setting see Simulation Nr. 1 in Table A1.
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Figure 4. (a) Kernel ‘density’ plot of weighted error terms for five different surveys. The area under the curves sum up to the population
size. For simulation setting see Simulation Nr. 1 in Table A1. (b) Scatter plot of slope point estimates against standard error estimates for
500 surveys. For simulation setting see Simulation Nr. 1 in Table A1.
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Figure 5. Density plot for between-survey intercept deviation estimate 𝜏. For simulation setting see Simulation Nr. 3 in Table A1.
Description of all analysis models in Table A2.
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(Intercept) 8.67∗∗∗
(0.03)

Same-sex Partnership −1.00∗∗
(0.35)

Num. obs. 7229
∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05

Table A3. Data taken from pairfam wave 1, subsample filter: people in partnerships. Subsampling was accounted for in the estimation.

(Intercept) 8.39∗∗∗
(0.03)

Same-sex Partnership 0.10
(0.26)

Num. obs. 2686
∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05

Table A4. Data taken from GGS wave 2, subsample filter: people in partnerships. Subsampling was accounted for in the estimation.

(Intercept) 7.85∗∗∗
(0.04)

Same-sex Partnership −0.73∗
(0.35)

Num. obs. 7664
∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05

Table A5. Data taken from SOEP wave “y”, subsample filter: people in partnerships. Subsampling was accounted for in the estimation.


