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ABSTRACT
Objectives: Multimorbidity poses various challenges, and previous research has indicated a causal
relation with depression. As multimorbidity is not curable, the underlying mechanisms are of great
interest. Positive affect is a major resource for coping with chronic conditions and for the preven-
tion of depression. Long-term multimorbidity, however, may deplete positive affect. The purpose
of this paper is to investigate the role of positive affect in the association between multimorbidity
and depressive symptoms.
Method: We used four consecutive waves (2008, 2011, 2014, 2017) of the nationally representa-
tive German Ageing Survey (DEAS) with a total of 1,558 older adults aged 40 and over. To account
for time-varying confounding, exposure-induced mediator-outcome confounding, and reciprocities,
we applied the mediational g-formula with inverse-probability weighting techniques. We also
tested for exposure-mediator interaction to adjust for differences in mediation across the duration
of multimorbidity.
Results: We confirmed a positive longitudinal relation between multimorbidity and depressive
symptoms, both of which were negatively associated with while positive affect. The model without
interaction indicated a share mediated of ca. 18.3% on the total effect of multimorbidity on
depressive symptoms. Addition of interaction led to substantial differences for multimorbidity dur-
ation and levels of positive affect. Associations for long-term multimorbidity (at least two survey
waves) were more substantial, and the share mediated doubled (>40%). Additionally, the direct
effect of multimorbidity on depressive symptoms diminished for short-term multimorbidity.
Conclusion: Strengthening positive affect could reduce depressive symptoms in those facing mul-
timorbidity. This study also discusses methodological challenges in performing longitudinal medi-
ation analysis. We advise researchers to consider the mediational g-formula and exposure-mediator
interaction.
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Introduction

Multimorbidity is the condition of having at least two
chronic and incurable diseases (van den Akker, Buntinx,
Roos, & Knottnerus, 2001). Interest in multimorbidity has
considerably increased over the past two decades, as popu-
lation ageing has led to higher rates of overall morbidity
and multimorbidity (Tetzlaff, Muschik, Epping, Eberhard, &
Geyer, 2017). For instance, in Germany, more than half of
people aged 50 years and over are considered multimorbid,
with increasing prevalence in older age groups (Puth,
Weckbecker, Schmid, & M€unster, 2017). The increase in
multimorbidity poses challenges for healthcare systems, in
terms of higher costs (Glynn et al., 2011), multi-professional
treatments, polypharmacy and coordination demands
(Moffat & Mercer, 2015). Furthermore, multimorbid patients
suffer from various physical and psychological conditions
that may mutually reinforce one another and increase the
risk of depression (for a meta-analysis, see: Read, Sharpe,
Modini, & Dear, 2017).

In general, multimorbidity imposes stressors on the indi-
vidual. Additionally, the incurability of multimorbidity fos-
ters the accumulation of stressors over time. Persistent
exposure to stress increases the likelihood of depression
(Folkman, 2012). In the ‘transactional model’ of Lazarus and
Folkman (1984), the impact of stress is determined by the
perception, appraisal and reaction of it. Primary and sec-
ondary appraisal (appraisal-phase) of the stressor determine
the resource allocation, which then determines the reaction
or coping strategy (coping-phase). Under this lens, multi-
morbidity is a stressor that negatively affects (mental)
health through increased symptoms, loss of physical func-
tioning (Katon, 2003), and increased levels of anxiety,
resulting in decreased quality of life (Gould, O’Hara,
Goldstein, & Beaudreau, 2016).

The critical determinant for the prevention of stress and
depressive symptoms is positive affect, which is the ability
to experience positive emotions despite being exposed to
stressful situations (Ashby, Isen, & Turken, 1999). Applied to
the ‘transactional model’ of Lazarus and Folkman (1984),
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positive affect reduces the perception of stress in the
appraisal-phase. Among older adults, it is especially import-
ant for coping with stress (Ong, Bergeman, Bisconti, &
Wallace, 2006), and for problem-solving (Paterson, Yeung,
& Thornton, 2016). More precisely, it is involved in ‘positive
reappraisal’, ‘problem-focused coping’ and ‘creation of posi-
tive events’ (Folkman & Moskowitz, 2000, pp. 650–651). The
‘broaden-and-build theory’ also supports the importance of
positive affect in successful coping (Fredrickson, 2001;
Fredrickson, Mancuso, Branigan, & Tugade, 2000).
According to this theory, positive affect not only increases
the repertoire of actions, but also helps in acquiring and
maintaining resources required for coping (Fredrickson &
Cohn, 2008). Positive affect is the resource and mechanism
of the coping process (Lyubomirsky, King, & Diener, 2005;
Pressman, Jenkins, & Moskowitz, 2019).

According to the ‘tripartite model of anxiety and depres-
sion’ proposed by Clark and Watson (1991), depression and
anxiety share negative affect, whereas low positive affect
has a discriminatory attribute towards depression. Hofmann,
Sawyer, Fang, and Asnaani (2012) elaborated on the associ-
ation of depression and affect with the ‘emotion dysregula-
tion model’. In this model, dysregulations of affective styles
are antecedents of disorders. In this model, dysregulations in
affect (e.g. low positive affect) are not equivalent to depres-
sion, but rather intermediate mechanisms in the develop-
ment of depression. Similarly, the transdiagnostic
approaches also emphasise the differentiation of anxiety dis-
orders and depression from affect (Nolen-Hoeksema, Wisco,
& Lyubomirsky, 2008; Wilamowska et al., 2010).

Numerous studies have documented positive affect as a
buffering resource for stress (e.g. Sewart et al., 2019;
Tugade & Fredrickson, 2007), which reduces the likelihood
of developing depression (Bos et al., 2013; Garland et al.,
2010; Lindahl & Archer, 2013; Xu et al., 2015) and improves
the treatment of chronic disease (Hart, Vella, & Mohr, 2008;
Schiavon, Marchetti, Gurgel, Busnello, & Reppold, 2016). As
positive affect is an intermediate tangible factor, the dis-
tinction between positive affect and depression is also of
practical relevance when planning interventions to reduce
depression (Boumparis, Karyotaki, Kleiboer, Hofmann, &
Cuijpers, 2016; Sin, Della Porta, & Lyubomirsky, 2011;
Taylor, Lyubomirsky, & Stein, 2017; Vazquez, 2017).

Positive affect is depletable, however. In a longitudinal
study of older adults (aged 75 to 94), Wahl, Drapaniotis, and
Heyl (2014) showed, that loss of functional status decreases
positive affect, even after adjustment for potential reverse-
causality. Similarly, Gana et al. (2016) showed in a longitu-
dinal analysis that health status predicts subsequent levels
of positive affect in older adults. Also, extensive research has
been conducted on the negative impacts of chronic diseases
on personality traits (e.g. Jokela, Hakulinen, Singh-Manoux, &
Kivim€aki, 2014; Stanton, Revenson, & Tennen, 2007).
Especially in settings where stressors persist regardless of
the coping-result, a depletion of positive affect seems plaus-
ible (Moskowitz, Shmueli-Blumberg, Acree, & Folkman, 2012).
Reduction of stress is nevertheless essential for the preven-
tion of progredient deterioration of chronic conditions and
even mortality (Prior et al., 2016).

The combination of persistent shortages of coping
resources, inadequate coping and exposure to stress
increases the vulnerability to inflammatory processes and

diseases (Crestani, 2017; Seeman & McEwen, 1996). This con-
nection helps to explain the bidirectional relation between
multimorbidity and depressive symptoms. One example is
the onset of cardiovascular diseases and depression. Not
only does, depression increase the risk of cardiovascular dis-
eases (Nicholson, Kuper, & Hemingway, 2006), but depres-
sion is also more likely after the onset of cardiovascular
diseases (Williams, 2011). Additionally, there is also some evi-
dence that positive affect mediates the association between
depression and biological correlates, such as heart rate
(Bhattacharyya, Whitehead, Rakhit, & Steptoe, 2008; Steptoe,
Dockray, & Wardle, 2009), blood pressure and cortisol levels
(Bostock, Hamer, Wawrzyniak, Mitchell, & Steptoe, 2011).

To summarise, we argue that positive affect mediates
the association of multimorbidity and depressive symptoms
for three reasons. First, according to the ‘transactional
model’ by Lazarus and Folkman (1984) and the ‘broaden-
built-theory’ by Fredrickson (2001), positive affect is the
most important mechanism for coping with stress. Second,
as demonstrated by Wahl et al. (2014) and Gana et al.
(2016), multimorbidity is accompanied by reductions in
physical health, which deplete positive affect over time.
Third, depletion of positive affect increases adverse out-
comes of the coping process and emotion dysregulations,
thus facilitating depressive symptoms. We evaluate this
process as unidirectional in the cross-section, although we
also acknowledge that longitudinal-wise it is reciprocal.
Reduced positive affect and increased depressive symp-
toms could worsen or even cause multimorbidity. We will
consider the reciprocity further in the method section.

We also test for moderations between multimorbidity
and positive affect (XM-interaction). XM-interaction implies
that the effect of multimorbidity on depressive symptoms
varies (interacts) with the level of positive affect and vice-
versa. In the context of multimorbidity and positive affect,
testing for XM-interaction is especially important, because
the assumption that the mediational process is equal
across all multimorbidity durations is unlikely to be true.
The longer the exposure to multimorbidity, the greater the
depletion of positive affect and thus the degree of medi-
ation. We state the following hypotheses:

H1: Multimorbidity increases depressive symptoms.

H2: Positive affect is a longitudinal mediator of the relation
between multimorbidity and depressive symptoms.

H3: Duration of multimorbidity increases the strength of
mediation by positive affect.

However, the association between multimorbidity, posi-
tive affect and depressive symptoms may be ameliorated
by additional factors. These confounding factors affect at
least two variables of interest simultaneously (Pearl, 2009).
The reciprocal relations between multimorbidity, positive
affect and depressive symptoms can be considered as con-
founding factors. Another confounder of multimorbidity
and positive affect is age. Ageing increases the likelihood
of multimorbidity and reduces positive affect (Charles,
Reynolds, & Gatz, 2001). Additionally, stress-buffering fac-
tors such as social relations may confound the multimor-
bidity depression association through health-behavioural,
psychological or biological pathways (Berkman, Glass,
Brissette, & Seeman, 2000). The underlying conditions of
multimorbidity are also stratified by sex. For instance, men
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face an increased risk of cardiometabolic diseases, and
women face an increased risk of mechanical limitations
(Sch€afer et al., 2012). Women are also more likely than men
to experience depressive symptoms throughout their lives
(Nolen-Hoeksema, 2001). Socio-economic-status (SES)
shapes the social environment and subjective wellbeing
(Pinquart & S€orensen, 2000). More recent research suggests
that SES, in lifetime perspectives, can even contribute to
the development of multimorbidity (Singer, Green, Rowe,
Ben-Shlomo, & Morrissey, 2019). There are other confound-
ing factors at the health-behavioural level. For instance,
regular physical activity, even for the chronically ill, is a
protective factor against the development of depression,
and it increases self-rated health in general (Faß, Pyun, &
Schlesinger, 2020).

The depicted directed acyclic graph (DAG) provides a
further illustration of the theoretical implications
(Pearl, 1995).

Methods

Data

We used data from the German Ageing Survey (DEAS),
which is a cross-sectional and longitudinal nationally repre-
sentative study of people aged 40 and older (Klaus et al.,
2017). Funded by the German Federal Ministry of Family
Affairs, Senior Citizens, Women and Youth (BMFSFJ), the
DEAS is an ongoing survey, started in 1996. Overall the
DEAS consists of six survey time-points (1996, 2002, 2008,
2011, 2014, 2017), each with different samples. For the sur-
vey waves in 1996, 2002, 2008 and 2014, nationally repre-
sentative samples (cross-sections) were drawn. The survey
method consists of computer-assisted personal interviews
(CAPIs) and self-completed questionnaires (drop-off). The
main research areas of the survey are employment and
retirement; health and health behaviour; quality of life; and
subjective wellbeing. The longitudinal design and the main
research areas make the dataset well suited for the aim
of analysis.

To maximise the number of cases and time-points, we
used data from panel participants within four time-points,
spanning nearly a decade (2008, 2011, 2014, 2017). We
excluded the earlier waves (1996 and 2002) from analysis
due to the longer gaps between surveys (6 years) and the
high number of drop-outs. Additionally, in 2008 a new start-
ing cohort joined the panel. The panel participation rate of
the starting sample in 2008 (N¼ 6,205) is about 46% in 2011
(N¼ 2,858), about 41% (N¼ 2,569) in 2014 and about 34%
(N¼ 2,109) between 2014 and 2017. The eligible birth
cohorts were 1923 to 1968. Furthermore, the drop-off ques-
tionnaire had lower participation than the CAPI.

Figure 2 illustrates the sample selection process. The
data restriction criteria were continuous observation since
2008 and uninterrupted participation in the CAPI and the
drop-off questionnaire. As we wanted to inspect changes
of multimorbidity, positive affect and depressive symptoms
within individuals over four points in time, we required
valid values for the primary analysis variables. In total, 125
respondents were removed from the analysis due to miss-
ing or incomplete values for the analysis variables (case-
wise deletion). From the initial 6,089 respondents in 2008,
only 1,558 remained in the final analysis sample in 2017.

Missing panel-participation consent caused the highest
amount of respondent loss.

Measurements: Positive affect, depressive symptoms and
multimorbidity
Since its start, the DEAS has surveyed positive affect with
the PANAS-Scale developed by Watson, Clark, and Tellegen
(1988). The scale ranges from 1 to 5 with pseudo-metric
values. Moreover, the DEAS has continuously surveyed
depressive symptoms based on the 15-item German ADS-K
(Allgemeine Depressions Skala–Kurzform; Hautzinger & Bailer,
1993), which is an adaptation of the CES-D (Radloff, 1977).
On the ADS-K, respondents score from 0 to 42, with higher
values indicating greater depressive symptoms.

In the CAPI, respondents tick on a list the diseases with
which they have been diagnosed. Applicable conditions are
coded as 1, non-applicable ones as 0. Applicable conditions
are summed to a morbidity sum-score. As multimorbidity
can be defined as ‘the co-occurrence of multiple diseases
and medical conditions within one person’ (van den Akker,
Buntinx, & Knottnerus, 1996, p. 69), multimorbidity was
operationalised as a binary measurement, which means
that only individuals with a morbidity sum-score greater

Figure 1. Simplified DAG.
Note: MM¼Multimorbidity; PA¼ Positive affect; DS¼Depressive symptoms. Depicted
time-points t0 and t1. Confounding factors and time-points t2 and t3 omitted for illus-
tration purposes.

Figure 2. Flow chart for the analysis data selection of the German Ageing
Survey (DEAS). Note: Survey time-points are: t0¼ 2008, t1¼ 2011,
t2¼ 2014, t3¼ 2017.
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than two are counted as multimorbid. Using a binary meas-
urement for multimorbidity is common practice in epidemi-
ology (e.g. Barnett et al., 2012; Fortin, Stewart, Poitras,
Almirall, & Maddocks, 2012; Pefoyo et al., 2015) and psych-
ology (e.g. Kristensen, K€onig, & Hajek, 2019; Palladino, Tayu
Lee, Ashworth, Triassi, & Millett, 2016). We set a somewhat
restrictive definition of multimorbidity of more than two
conditions (for reviews on definitions, see Diederichs,
Berger, & Bartels, 2011; Yarnall et al., 2017). Our definition
allows us to distinguish multimorbidity from co-morbidity
(van den Bussche et al., 2011). Table 1 provides a more
detailed description of the diseases counted in the morbid-
ity sum-score.

Measurements: Confounding factors
We selected covariates based on their assumed confound-
ing effect on the longitudinal process. We divided them
into time-varying and time-constant confounders. The
time-constant confounders were sex (binary), age (metric)
and education (ISCED-classification) as a sub-dimension of
SES. The time-varying confounders were social relations, for
which we used the proxy measure of family status (binary),
and health behaviours, measured by smoking status (bin-
ary) and physical activity (categorical). Table 1 also lists the
categories and values of all measurements.

Longitudinal mediation analyses

Our investigation focuses on the mediation of the effect of
multimorbidity ðXÞ on depressive symptoms ðYÞ by positive
affect ðMÞ: Although empirical studies of mediation have a
long tradition (Baron & Kenny, 1986; Hayes, 2009), the con-
ditions under which these analyses can identify direct and
indirect effects have been detailed only recently. These are
often captured under the term ‘sequential ignorability’
(Imai, Keele, & Tingley, 2010) or ‘unconfoundedness
assumptions’ (Pearl, 2014; Shpitser & VanderWeele, 2011)
and require the researcher to measure and adjust for com-
mon causes of the exposure, the mediator and the out-
come. The first three assumptions (A to C) all address
the confounding between exposure, mediator and out-
come. The last assumption (D) states that there must be
no mediator-outcome confounder that is affected by the
exposure, regardless of the observability of such con-
founders, which means that even adjusting for this type
of confounding is insufficient. In longitudinal mediational
settings, however, this type of confounding (D-confound-
ing) is very likely to occur (VanderWeele, Vansteelandt, &
Robins, 2014).

Especially in the setting of multimorbidity, positive affect
and depressive symptoms, D-confounding is inherent due
to the reciprocal process. Figure 1 illustrates D-confound-
ing. Depressive symptoms at t0 (DS-t0) confound the path
between positive affect at t1 (PA-t1) and depressive symp-
toms at t1 (DS-t1) while also being influenced by multimor-
bidity at t0 (MM-t0), which renders the depressive
symptoms at t0 as a D-confounder. Our analysis, therefore,
requires sophisticated methods that specifically account for
D-confounding.

Mediational g-formula

As a solution to D-confounding, VanderWeele and
Tchetgen Tchetgen (2017) proposed the mediational g-for-
mula. This formula cancels the exposure-induced mediator
outcome confounding by simultaneously intervening on
the mediator and fixing its distribution (for a detailed
proof, see: VanderWeele & Tchetgen Tchetgen, 2017,
pp. 921–922).

The practical application of this method follows three
steps: (1) adjustment for D- confounding by inverse prob-
ability weighting (IPW); (2) the estimation of two marginal
structural models (MSM), an outcome model and a medi-
ator model, each weighted by its IPW of step 1; and (3)
multiplication and bootstrapping of the coefficients derived
from step 2.

For the calculation of the IPWs in step 1, we used logis-
tic regressions to estimate the probability of being multi-
morbid at each time-period. We used least-square
regressions for the estimated probability of the level of
positive affect at each time-point, using the previous values
of multimorbidity, positive affect and depressive symptoms
as time-varying confounders. The addition of these previ-
ous values adjusts the weights for the reciprocity. We fur-
ther stabilised the weights as suggested by Robins, Hern�an,
and Brumback (2000). Additionally, we truncated the 1st

and the 99th percentiles to improve stability. In settings
where the occurrences of certain combinations of X , M, Y

Table 1. Overview of measurements used for data analysis.

Measurements Level

Multimorbidity (X): 2008, 2011, 2014, 2017
Cardiovascular Binary
Respiratory Binary
Neurological/nervous Binary
Digestive Binary
Urogenital Binary
Skin diseases Binary
Hormone/metabolic Binary
Blood-related Binary
Congenital Binary
Cancer Binary
Mental disease Binary
Other ailments Binary
Morbidity-Sum-Score Metric
Multimorbidity¼Morbidity-Sum-Score > 2 Binary
Mediator (M): 2008, 2011, 2014, 2017
PANAS positive affect (1–5) Metric
Outcome (Y): 2008, 2011, 2014, 2017
ADS-K/CES-D (0–41) Metric
Time-constant confounders (V)
ISCED-classification Categorical
1¼ low
2¼middle
3¼ high
Sex Binary
0¼male
1¼ female
Age at T0 Metric
Time-varying confounders (D): 2008, 2011, 2014
Smoking status: Binary
0¼ currently not smoking
1¼ currently smoking
Weekly sport participation: Categorical
1¼ daily
2¼more than once a week
3¼ at least once a week
4¼ at least once a month
5¼ rarely
6¼ never
Partnership status Binary
0¼ no partner or living alone
1¼with partner in household
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are implausible to occur, truncation has become a standard
practice for applying IPWs (Cole & Hern�an, 2008). This espe-
cially holds for multimorbidity, as multiple changes are
unlikely during the observation period.

We used these weights for the MSMs of step 2 and
applied generalised linear models with maximum likelihood
optimisation and clustered standard errors at the individual
level. The first MSM is the outcome model (Eq. (1)). This
model estimates the cumulative effect of the multimorbid-
ity ~X and positive affect ~M trajectories on depressive
symptoms; where ~X is the sum of multimorbidity expo-
sures after t0 and ~M is the sum of the positive affect
scores after t0. Equation (1) tests for H1, the direct effect of
multimorbidity on depressive symptoms.

E Y ~xmð Þ ¼ D0 þ D1cumð~x Þ þ D2cumð ~m Þ (1)

The second MSM is the mediator model, which evalu-
ates the effect of the average multimorbidity trajectory on
positive affect. Equation (2) tests the assumption that mul-
timorbidity decreases positive affect. We use the identity
link function because positive affect is continuously meas-
ured.

g�1 E M~x tð Þ� �� � ¼ b0 tð Þ þ b1 tð Þavg ~x tð Þ� �
(2)

In step 3, as shown by VanderWeele and Tchetgen
Tchetgen (2017, pp. 927–928), the interventional direct
effect (IDE) and interventional indirect effect (IIE) can be
calculated using Eq. (3).

IDE ¼ D1T; IIE ¼ b1D2T (3)

The IDE equals the coefficient for multimorbidity
(D1cumð~x Þ) of Eq. (1) multiplied over all time-points T ,
which is the cumulative direct effect of multimorbidity on
depressive symptoms. The IIE is the product of multimor-
bidity’s effect on positive affect ðb1Þ and positive affect
effect on depressive symptoms (D2Þ on all time-periods (TÞ:
Therefore, the IIE captures the quantity of multimorbidity’s
effect on depressive symptoms that proceeds through posi-
tive affect.

H3 assumed that longer durations of multimorbidity
would deplete positive affect more strongly; thus, the
mediation would be different. The mediational g-formula is
flexible towards XM-interactions, which allows for testing
moderated mediation. Equation (4) extends Eq. (1) with an
interaction term, allowing the mediation by positive affect
to be different for the duration of multimorbidity.

E Y ~xmð Þ ¼ D0 þ D1cum ~xð Þ þ D2cum ~mð Þ þ D3cum ~xð Þcum ~mð Þ
(4)

The interventional effects can be calculated through Eq.
(5), as demonstrated by VanderWeele and Tchetgen
Tchetgen (2017, pp. 934–936).

IDE ¼ D1T þ b0D3T2; IIE ¼ b1TðD2 þ D3TÞ (5)

Generally, the interventional effects (Eqs. (3) and (5))
provide an intuitive interpretation. They express the differ-
ence in depressive symptoms if positive affect’s distribution
would have been the same (intervened), irrespective of
multimorbidity status. In some cases, interventional effects
are even of primary interest. This especially holds in the
context of multimorbidity, as positive affect is more tan-
gible than multimorbidity. In this setting, interventional
effects are of practical relevance, because they could
potentially be realised through interventions on positive
affect (VanderWeele & Tchetgen Tchetgen, 2017, p. 921). In
the online supplementary material, we provide step-by-
step Stata code for the estimation of the IPWs and the
interventional effects. The Appendix includes the formulas
used to obtain the set of IPWs (Eqs. (6) and (7)).

Results

Descriptive statistics

Table 2 displays the distribution of the main variables and
age between different nested samples. The starting sample
of Figure 2 is the parent sample, which consists of all indi-
viduals who participated in 2008 (t0). The remained at t3
sample consists of all individuals who were observable in
2008 and in 2017 (t3). The final analysis sample consists of
all the individuals who were consistently observed between
2008 and 2017 with valid entries at each measurement
occasion. We calculated selectivity effects according to
Lindenberger, Singer, and Baltes (2002). The total selectivity
(TS) compares the parent sample with the analysis sample.
The TS decomposes into mortality-associated selectivity
(MAS), which is the selectivity between the remain at t3
sample and the parent sample, and the experimental
selectivity (ES), which is the selectivity between the remain
at t3 sample and the analysis sample. The selectivity effect
sizes can be interpreted according to Cohen (1977).

In total, multimorbidity increased in the parent sample
from 37.5% in t0 to 47.5% in t3. The total selectivity at t0

Table 2. Distributional properties of analysis variables and sample selectivity.

Measures

Parent sample Remained at T3 Analysis sample Selectivity

Mean (%) SD N Mean (%) SD N Mean (%) SD N MAS ES TS

DS T0 6.132 5.933 5994 5.55 5.422 2266 5.643 5.466 1558 �0.098 0.016 �0.082
DS T1 6.407 5.988 3384 5.991 5.732 1956 6.07 5.74 1558 �0.069 0.013 �0.056
DS T2 6.319 5.697 3051 6.029 5.512 2119 5.96 5.362 1558 �0.051 �0.012 �0.063
DS T3 6.525 5.762 2517 6.386 5.634 2264 6.347 5.427 1558 �0.024 �0.007 �0.031
MM T0 37.5% 0.484 6089 32.1% 0.467 2290 32.2% 0.467 1558 �0.112 0.002 �0.110
MM T1 43.3% 0.496 3044 37.6% 0.485 1837 36.9% 0.483 1558 �0.115 �0.014 �0.129
MM T2 44.6% 0.497 2830 41.7% 0.493 2044 41.3% 0.492 1558 �0.058 �0.008 �0.066
MM T3 47.5% 0.499 2290 47.5% 0.499 2290 47.5% 0.5 1558 0.000 0.000 0.000
PA T0 3.523 0.556 6028 3.6 0.5 2272 3.594 0.493 1558 0.138 �0.011 0.128
PA T1 3.537 0.515 3009 3.587 0.481 1828 3.592 0.472 1558 0.097 0.010 0.107
PA T2 3.545 0.524 2795 3.58 0.498 2022 3.574 0.491 1558 0.067 �0.011 0.055
PA T3 3.603 0.498 2278 3.603 0.498 2278 3.599 0.48 1558 0.000 �0.008 �0.008
Age at T0 62.894 11.644 6089 60.498 10.083 2290 60.58 9.827 1558 �0.206 0.007 �0.199

Note: Samples are nested. Remained at T3 are a subsample of parent sample. Analysis sample is a subsample of remained at T3 sample. DS¼Depressive
symptoms; MM¼Multimorbidity; PA¼ Positive affect.

Selectivity calculation based on Lindenberger et al. (2002) MAS¼Mortality associated selectivity; ES¼ Experimental selectivity.
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is �0.110, indicating a low selectivity effect towards less
morbid individuals. Similarly, there is a low selectivity of
age at t0 (TS ¼ �0.199). The TS of depressive symptoms is
<�0.1, indicating only a weak selection towards less
depressed individuals. The TS for positive affect is slightly
higher (0.128 at t0), showing a low selectivity towards indi-
viduals with higher positive affect. In summary, we found a
low selectivity caused by the MAS towards younger, less
morbid individuals with higher positive affect.

Table 3 lists the reliability measure Cronbach’s alpha for
the sum scores of positive affect and depressive symptoms
for all measurement occasions. Overall, the reliabilities of
the sum scores were similar and acceptable, with a
Cronbach’s alpha ranging from 0.830 to 0.850.

To illustrate the difference in mean changes between
the multimorbidity exposure durations, we Z-standardised
the measures of positive affect and depressive symptoms
to a mean of 0 and a SD of 1.

Figure 3 indicates coherent changes for positive affect
and depressive symptoms. Increased exposure duration to
multimorbidity results in decreased positive affect and
increased depressive symptoms over time. The comparison
of the mean differences between those ‘never’ observed as
multimorbid and ‘always’ observed as multimorbid after t0

indicate larger differences in depressive symptoms. Together
both groups represent the majority (63.41%) of observations
in the analysis sample. The differences in mean at t3
between these groups are 0.7 (0.4 to �0.3) for depressive
symptoms and 0.4 (0.2 to �0.2) for positive affect.

Main results

Table 4 displays the distributional properties of the stabi-
lised weights before and after truncation. A high SD and
mean value much larger than 1 indicates an unstable
weight. Unstable weights are often present when the
underlying models are not correctly specified (Cole &
Hern�an, 2008). In Table 4, all weights have mean values
around 1.1, which indicates sufficient stability. Truncation
increased stability further by reducing the SD. No case
received a weight below 0.330 or above 5.26.

All models used the truncated weights. Table 5 shows
the respective coefficients. The estimated coefficients of
the mediator and outcome model are highly significant
(p< 0.001). The outcome model with interaction (M2) has a
significant interaction (p< 0.01) with an appropriate effect
size. The correlation of error terms q between the mediator
and outcome model provides information on the violation

Figure 3. Mean changes of Z-standardised positive affect and depressive symptoms over time and multimorbidity exposure duration.
Note: Changes in Z-standardised positive affect (left side) and depressive symptoms (right side) for the different multimorbidity exposure durations (MM(ED)) over the observation
periods (t). MM(ED) ¼ multimorbidity exposure duration after t0. Bold-black lines represent individuals continuously observed as multimorbid after t0 (#MM(ED) ¼ 3). Dotted lines
represent individuals never observed as multimorbid after t0 (#MM(ED) ¼ 0).

Table 3. Reliability measure for positive affect and depressive symptoms.

Positive affect (10 items) T0 T1 T2 T3

Interitem correlation 0.207 0.187 0.206 0.201
Scale reliability 0.829 0.841 0.854 0.846

Depressive symptoms (15 items) T0 T1 T2 T3

Interitem correlation 0.112 0.126 0.107 0.108
Scale reliability 0.842 0.857 0.841 0.830

Table 4. Properties of calculated weights.

Standard IPWs Mean SD Min Max

IPW for Outcome model Di 1.18 0.883 0.108 9.39
IPW for Mediator model bi 1.08 0.623 0.105 8.96

Truncated IPWs Mean SD Min Max

IPW for Outcome model Di 1.16 0.736 0.338 5.26
IPW for Mediator model bi 1.07 0.539 0.375 4.04

Note: Stabilised weights with truncation of the 1st and 99th percentiles.
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of confounding assumptions and ranges between �1 and
1 (Imai et al., 2010). Values of q 6¼ 0 can indicate the pres-
ence of unobserved confounding. Table 5 shows
that q ¼ �0:096:

Table 6 contains the cumulative interventional effects
with and without XM-interaction. In the model without
XM-interaction (M1), all interventional effects are highly sig-
nificant with an overall effect of 2.934, an indirect effect of
0.537 and a direct effect of 2.397. Thus, the share mediated
amounts to 18.3%. After adding the interaction term in M2,
the indirect effect becomes 0.759 and is highly significant,
but the direct and overall effects are insignificant.

To gain clearer insights into the effects changed by the
XM-interaction we inserted the mean value of cumulative
positive affect (mean ~m ¼ 5:765) into Eq. (5) for the differ-
ent multimorbidity exposure durations. Practically, this
would equal an intervention on positive affect to the mean
value. We then calculated the share mediated relative to
the effect sizes. The results reveal that the indirect and dir-
ect effects increase as exposure durations to multimorbidity
increase (MM(ED) � 2). At two exposure durations (MM(ED)
¼ 2), the indirect effect is 4.365 (p< 0.01) with a share of
the overall effect of 45.4%. At three exposure durations to
multimorbidity (MM(ED) ¼ 3), the indirect effect doubles in
size to 8.732 (p< 0.01). The overall effect is 21.643
(p< 0.001), and the share mediated by positive affect is
about 40.3%. For the ‘once’ or ‘never’ multimorbidity
exposure durations, we omitted the percentage mediated
due to the missing direct and total effects. The comparison
of M1 and M2 in Table 6 reveals that the mediation differs
vastly after the addition of an interaction.

Figure 4 illustrates the difference in the level of medi-
ation between the multimorbidity exposure durations
(MM(ED) � 1 vs. MM(ED) � 2); see also, Fritz and
MacKinnon (2008). It contrasts the linear predictions of the
outcome models from Table 5 (M1 and M2) for the multi-
morbidity exposure duration groups MM(ED) � 1 and
MM(ED) � 2.

Figure 4 also illustrates that equality of mediation for all
exposure durations of multimorbidity is not true. M1, how-
ever, assumes equal mediation for the exposure durations
of multimorbidity, as shown by the parallel linear predic-
tions (dashed lines) at different levels. After inclusion of the
XM-interaction (M2), the predictions are not parallel, as

shown by the difference between the bold lines. In com-
parison to M1, M2 shows a much steeper prediction for
individuals with prolonged exposure to multimorbidity
(bold black line vs. dashed black line). The prediction is less
steep for individuals with short or recent exposure to mul-
timorbidity (bold grey line vs. dashed grey line).

Discussion

Our investigation focused on the longitudinal relation
between multimorbidity, positive affect and depressive
symptoms in older adults (aged 40 and older) living in
Germany. We hypothesised (H1) that exposure to multimor-
bidity increases the risk of depressive symptoms due to
expanded stressor exposure. We argued that positive affect
is the primary mechanism in coping with stress but that it
is also depleted by chronic exposure to stress.
Consequently, we hypothesised (H2) that the stressors of
multimorbidity lead to changes in positive affect. We fur-
ther argued that the depletion of positive affect increases
as the duration of multimorbidity increases. Thus, we
hypothesised (H3) that the degree of mediation is relative
to the exposure duration of multimorbidity.

The major methodological challenge was exposure-
induced mediator-outcome confounding (D-confounding).
We responded to this challenge by using the mediational
g-formula proposed by VanderWeele and Tchetgen
Tchetgen (2017). Additionally, we expanded the mediatio-
nal g-formula with an XM-interaction to test H3. We used
representative data from the German Ageing Survey
(DEAS). Moreover, we observed our analysis population for
nearly a decade within four distinct survey-points. This
enabled us to note individual changes of multimorbidity,
positive affect and depressive symptoms.

The results support all our hypotheses. M1 (Eq. (1)) indi-
cated that the multimorbidity duration had a highly signifi-
cant effect on depressive symptoms, and therefore
supports H1 (multimorbidity increases depressive symp-
toms). M1 also indicated that positive affect had a highly
significant negative effect on depressive symptoms. The
mediator model (Eq. (2)) showed that multimorbidity had a
significant negative effect on positive affect. Positive affect
reduces depressive symptoms and multimorbidity reduces
positive affect. The product of these effects is the indirect
effect (IIE); that is, the effect of multimorbidity on depres-
sive symptoms that is transmitted by positive affect. This
effect is highly significant and amounts to 18.3% of the
overall effect (IOE), and thus supports H2.

However, Figure 4 and M2 revealed that the level of
mediation is relative to the duration of exposure to multi-
morbidity. We found no direct effect on depressive symp-
toms for individuals that were never or only once observed
as multimorbid, thus implying no mediation by positive
affect. In contrast to M1, M2 shows that longer exposure to
multimorbidity has greater significant direct effects on
depressive symptoms and greater significant indirect
effects by positive affect. Likewise, the share mediated by
positive affect more than doubled for individuals with at
least two durations of exposure to multimorbidity.
Consequently, the results confirm H3: The degree of medi-
ation is relative to the duration of exposure to multimor-
bidity. We strongly recommend that mediation analysts

Table 5. Effect size of MSM estimates.

Outcome model (M1) Coef. Z-value C.I.

Multimorbidity D1cumð~x Þ 0.812��� 6.328 0.561; 1.064
Positive-affect D2cumð ~m Þ �1.304��� �10.144 �1.555; �1.052

Mediator model Coef. Z-value C.I.

Constant b0 3.658��� 188.903 3.620, 3.696
Multimorbidity b1avg ~xf g �0.138��� �4.210 �0.202; �0.074

Outcome model with
interaction (M2)

Coef. Z-value C.I.

Multimorbidity D1cumð~x Þ 2.638��� 4.023 1.353; 3.922
Positive-affect D2cumð ~m Þ �0.912��� �5.438 �1.240; �0.583
XM-interaction D3 �0.318�� �2.983 �0.527; �0.109

Note: IPW generalised linear models. Truncated weights applied from
Table 3.

Ranges of cumulative measures: cum ~mð Þ ¼ 0� 10; cum ~xð Þ ¼
0� 3; avg ~xf g ¼ cum ~xð Þ=T:

Error term correlation of mediator and outcome model q ¼ �0:096:�p< 0.05.��p< 0.01.���p< 0.001.
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test for exposure-mediator interaction, because the assump-
tion that the level of mediation is equal across all exposure
groups is hazardous (MacKinnon, Valente, & Gonzalez, 2020).
In the following paragraphs, we will discuss these results
based on data (self-)selection, measurements, alternative
empirical strategies, and theoretical explanations.

The selectivity effects in Table 2 revealed a low selection
towards less morbid and younger older adults with less
positive affect. The selectivity towards less depressed indi-
viduals was relatively low (TS < �0.1). Overall, the selectiv-
ity was mostly caused by attrition in participation at T3
(MAS). Concerning the probability of a type-II error and the
statistical validity of our findings, we evaluate the effect of
this selection on the estimator as conservative.

Theoretical and methodological considerations shaped
the decision on the selection of confounding variables.

One shortcoming is our measure for SES. Education does
not capture all confounding effects of SES. For instance,
old-age poverty might persist irrespective of educational
degree. We added health behaviour and partnership status
as time-varying confounders, but partnership status cap-
tures stress-buffering social dynamics in only a limited way.
Additionally, these factors are especially relevant for ageing
and multimorbidity (e.g. Ellwardt, van Tilburg, Aartsen,
Wittek, & Steverink, 2015; Kristensen et al., 2019).
Empirically, we interpret the correlation of the error terms
from the mediator and outcome model (q ¼ �0:096) as
small; yet, we cannot entirely cancel unobserved confound-
ing out.

The multimorbidity measurement requires more reflec-
tion because of the underlying heterogeneity. To reduce
heterogeneity, we distinguished between co-morbidity and

Table 6. Cumulative interventional effects without and with interaction.

Interventional effects without XM-interaction (M1)
Overall Indirect Direct % Mediated
IIEþ IDE IIE. b1�D2T IDE D1T [IIE/(IDEþ IIE)] �100

Effect-size 2.934��� 0.537��� 2.397��� 18.3���
95% CI lower & upper 2.044, 3.823 0.261, 0.812 1.694, 3.100 7.20, 29.38
Z-value 6.465 3.819 6.679 3.320

Overall Indirect Direct % Mediated
Interventional effects with XM-interaction (M2) IIEþ IDE IIE. b1TðD2 þ D3TÞ IDE D1T þ b0D3T2 [IIE/(IDEþ IIE)] �100
Effect-size �1.649 0.759��� �2.408 –
95% CI lower & upper �4.681, 1.383 0.335, 1.184 �5.610, 0.794 –
Z-value �1.066 3.410 �1.464 –
MM(ED¼ 1) at mean ~m �0.951 1.457��� �2.408 –
95% CI lower & upper �3.847, 1.946 0.653, 2.262 �5.633, 0.816 –
Z-value �0.643 3.551 �1.470 –
MM(ED¼ 2) at mean ~m 9.617��� 4.365�� 5.251��� 45.4���
95% CI lower & upper 6.059, 13.175 1.865, 8.162 3.653, 6.850 29.20, 61.60
Z-value 5.298 3.121 6.438 5.688
MM(ED¼ 3) at mean ~m 21.643��� 8.732�� 12.911��� 40.3���
95% CI lower & upper 11.535, 31.752 2.674, 14.791 7.899, 17.923 27.40, 53.30
Z-value 4.196 2.825 5.049 6.110

Note: MM(ED) ¼ exposure durations to multimorbidity over T.
T ¼ 3 time points after t0ð Þ; mean ~m ¼ 5:765; C.I. calculated by bootstrapping with 10.000 replications.�p< 0.05.��p< 0.01.���p< 0.001.

Figure 4. Difference in mediation between M1 and M2 for different multimorbidity exposure durations.
Note: Presented differences are between the multimorbidity exposure duration groups: MM(ED) � 1 & MM(ED) � 2. M1: mediation model without interaction; M2: mediation model
with interaction. Predictions obtained from Table 5.
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multimorbidity. Yet, different disease profiles impose differ-
ent stressors and coping demands on the individual
(Hopman et al., 2016) and thus have a different impact on
positive affect and depressive symptoms.

Regarding alternative, more conventional methods,
structural equation modelling (SEM) might seem favour-
able. For instance, MacKinnon (2008, pp. 204–206) also
investigated on the longitudinal relation between X, M,
and Y in his ‘autoregressive model III’. Although SEM is a
flexible tool, there are some crucial drawbacks, such as
increased complexity and computability issues in longitu-
dinal settings. More importantly, the SEM approach does
not identify direct and indirect effects if D-confounding is
present (VanderWeele et al., 2014; VanderWeele &
Tchetgen Tchetgen, 2017). Moreover, when dealing with
XM-interactions, conventional methods, such as SEM, are
less efficient than counterfactual methods (MacKinnon
et al., 2020). The additional comparison between naïve and
covariate adjusted models, provided in Table A1 in the
Appendix, shows that the covariate adjusted model yields
biased, overcontrolled, estimates due to the violation of
D-confounding; the naïve model ignores confounding,
resulting in upwardly biased estimates. These comparisons
illustrate the necessity of adequate methods when dealing
with longitudinal mediations.

Concerning the causal implications of our results, we
want to emphasise that ‘(… ) no statistical test can ever
identify the true causal model from the entire set of all
logically possible models’ (Fiedler, Harris, & Schott, 2018, p.
100). However, Fiedler et al. (2018) recommended at least
the inspection of alternative mediators and causal models
when conducting mediation analysis. We tested for two
alternatives, as shown in Table A2 in the Appendix.

An alternative mediator could be health behaviours,
such as sports participation (e.g. Diegelmann et al., 2018).
We performed the same mediation analysis as in M1, but
with weekly sport participation as a mediator and positive
affect as a confounder. We found no indirect effect of
sports participation but there was still a direct effect of
multimorbidity on depressive symptoms.

Another alternative model could be the bidirectional
association between multimorbidity and depressive symp-
toms. We tested this by inverting the temporal order
between multimorbidity and depressive symptoms while
retaining positive affect as the intermediate. Although this
model shows a significant direct effect of depressive symp-
toms on multimorbidity, the model also indicates a lower
overall mediation in terms of significance and effect size.
Additionally, the IPWs are less stable. We cannot entirely
rule out inverse causality; however, we interpret these
results as supportive of reciprocity and thus D-confound-
ing. Prior depressive symptoms confound the current
causal paths of our initial model. Yet, more investigation
on the bidirectional association is required, especially about
the confounding variables and the involved intermedi-
ate processes.

If we view our causal model and results as valid, the
interpretation for health policy is straightforward. A poten-
tial intervention to promote positive affect in older adults
with multimorbidity could reduce their depressive symp-
toms substantially (in the context of HIV, see Moskowitz
et al., 2017). Although the mediation was greater for longer

durations of multimorbidity, we do not explicitly advocate
for interventions for these individuals only. It is crucial to
block the negative impact of multimorbidity on positive
affect before the emergence of depressive symptoms.
Increasing positive affect and reducing depressive symp-
toms are also adequate for the prevention of
chronic diseases.

Our analysis revealed that the longer the exposure to
multimorbidity, the stronger the association with depres-
sive symptoms. Positive affect mediated a substantial pro-
portion of this association when the duration of
multimorbidity was high. Since late-life depression predicts
mortality through various pathways (e.g. van den Berg
et al., 2019), we recommend promoting positive affect in
the early stages of multimorbidity to prevent the develop-
ment of depressive symptoms.
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Appendix

Formulas for IPW calculation

Calculation of inverse probability weight for outcome model:

P̂ M tð Þj ~X tð Þ, ~M t � 1ð Þg P̂ X tð Þj ~X t � 1ð Þ, ~M t � 1ð Þg= P̂ M tð Þ j ~X tð Þ, ~M t � 1ð Þ, ~D t � 1ð Þ, Vg P̂fX tð Þ j ~X t � 1ð Þ, ~M t � 1ð Þ, ~D t � 1ð Þ, V
n oh inn

(6)Calculation of inverse probability weight for mediator model:

P̂ X tð Þj ~X t � 1ð Þg=P̂ X tð Þj ~X t � 1ð Þ, ~M t � 1ð Þ, ~D t � 1ð Þ, Vg
nn

(7)

Model comparison

Alternative causal models:

Table A1. Model comparison naïve vs. adjusted.

Interventional effects naïve model (M3)
Overall Indirect Direct % Mediated
IIEþ IDE IIE. b1�D2T IDE D1T [IIE/(IDEþ IIE)] �100

Effect-size 3.727��� 0.855��� 2.872��� 22.941���
95% CI lower & upper 3.033, 4.422 0.575, 1.135 2.205, 3.539 15.936, 29.947
Z-value 10.520 5.977 8.444 6.418

Overall Indirect Direct % Mediated
Interventional effects adjusted model (M4) IIEþ IDE IIE. b1�D2T IDE D1T [IIE/(IDEþ IIE)] �100
Effect-size 1.587��� 0.079 1.508��� 4.989
95% CI lower & upper 0.912, 2.262 �0.070, 0.229 0.888, 2.128 �5.134, 15.111
Z-value 5.096 1.039 4.766 0.966

Note: T ¼ 3; C.I. calculated by bootstrapping with 10.000 replications.
Naïve model: no confounders included; Adjusted model: confounders directly included as covariates variables in the model.�p< 0.05.��p< 0.01.���p< 0.001.

Table A2. Alternative models and mediators.

Interventional effects Sport as mediator
Overall Indirect Direct % Mediated
IIEþ IDE IIE. b1�D2T IDE D1T [IIE/(IDEþ IIE)] �100

Effect-size 3.164��� 0.109 3.055��� 3.44
95% CI lower & upper 2.339, 3.989 �0.046, 0.264 2.373, 3.738 �1.160, 8.043
Z-value 7.520 1.374 8.453 1.466
IPW-truncated Mean SD Min; Max Stability:
Mediator model 1.07 0.526 0.375; 3.84 Stable
Outcome model 1.13 0.648 0.372; 4.42 Stable

Overall Indirect Direct % Mediated
Interventional effects reversed causal order IIEþ IDE IIE. b1�D2T IDE D1T [IIE/(IDEþ IIE)] �100
Effect-size 0.156��� 0.020� 0.136��� 12.664
95% CI lower & upper 0.123, 0.188 0.003, 0.036 0.098, 0.174 �0.419, 25.747
Z-value 9.427 2.316 0.136 0.058
IPW-truncated Mean SD Min; Max Stability:
Mediator model 6.55 38.1 0.245; 347 Unstable
Outcome model 1.19 0.506 0.411; 3.49 Stable

Note: T ¼ 3; C.I. calculated by bootstrapping with 10.000 replications. Stabilised weights with truncation of the 1st and 99th percentiles.�p< 0.05.��p< 0.01.���p< 0.001.
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