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Abstract 

Background This study takes on the challenge of quantifying a complex causal loop diagram describing how pov-
erty and health affect each other, and does so using longitudinal data from The Netherlands. Furthermore, this paper 
elaborates on its methodological approach in order to facilitate replication and methodological advancement.

Methods After adapting a causal loop diagram that was built by stakeholders, a longitudinal structural equation 
modelling approach was used. A cross-lagged panel model with nine endogenous variables, of which two latent 
variables, and three time-invariant exogenous variables was constructed. With this model, directional effects are 
estimated in a Granger-causal manner, using data from 2015 to 2019. Both the direct effects (with a one-year lag) 
and total effects over multiple (up to eight) years were calculated. Five sensitivity analyses were conducted. Two 
of these focus on lower-income and lower-wealth individuals. The other three each added one exogenous variable: 
work status, level of education, and home ownership.

Results The effects of income and financial wealth on health are present, but are relatively weak for the overall 
population. Sensitivity analyses show that these effects are stronger for those with lower incomes or wealth. Physi-
cal capability does seem to have strong positive effects on both income and financial wealth. There are a number 
of other results as well, as the estimated models are extensive. Many of the estimated effects only become substantial 
after several years.

Conclusions Income and financial wealth appear to have limited effects on the health of the overall population 
of The Netherlands. However, there are indications that these effects may be stronger for individuals who are closer 
to the poverty threshold. Since the estimated effects of physical capability on income and financial wealth are more 
substantial, a broad recommendation would be that including physical capability in efforts that are aimed at improv-
ing income and financial wealth could be useful and effective. The methodological approach described in this paper 
could also be applied to other research settings or topics.
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Background
Introduction
The relationship between poverty and health has long 
been recognised. In 1924, a study on health differences 
between different groups of economic status states that 
“[t]hese data afford statistical evidence of what has in 
general been accepted, viz, that there is more sickness 
and a higher death rate among the poor than among 
the well-to-do” [1], p. 13. This indicates that as early as 
hundred years ago now, the existence of a relationship 
between poverty and health had been well-established.

In a broader context, poverty is regarded as one of the 
most prominent social determinants of health (SDoH) [2, 
3]. SDoH are described by the World Health Organiza-
tion as “the conditions in which people are born, grow, 
work, live, and age, and the wider set of forces and sys-
tems shaping the conditions of daily life” [4]. They are 
influential factors in shaping health outcomes [2, 5, 6], 
ubiquitous, and understanding them is therefore of great 
value for advancing public health. In order to study how 
SDoH affect health outcomes and how these outcomes 
may potentially be influenced, models containing causal 
mechanisms are warranted. Merely testing for correla-
tions between a SDoH and health outcomes brings lit-
tle understanding of what is actually happening and the 
correlations may largely be explained by confounders. 
Conversely, simply adding control variables to an analy-
sis is likely to ‘close off’ (i.e. completely eliminate and 
disregard) mechanisms through which the SDoH affects 
health outcomes and therefore result in grossly underes-
timating effects [7]. Modelling the causal mechanisms of 
SDoH is difficult and subjected to two main challenges.

The first challenge is how to formulate a theoreti-
cal model that reflects expectations about real-world 
dynamics before moving towards quantification [8]. We 
addressed this first challenge in an earlier phase of this 
research project as we constructed a causal loop dia-
gram (CLD) (an extensive, qualitative model of a system) 
using the participatory method of group model building 
with system dynamics [9]. The model from this study is 
focused on the relationships between poverty and health 
and provides the conceptual starting point for the pre-
sent study.

The second challenge lies in quantitatively estimating 
the interrelationships between the variables from a CLD 
that depicts a complex system. In the present study, we 
wanted to know how SDoH can have an impact on health 
– and vice versa – through pathways involving multiple 
variables. As indicated, this was done using a CLD that 
was constructed in a previous study [9], but adaptations 
were needed for this model to be quantifiable. One dif-
ficulty in this is that the pathways between SDoH and 
health outcomes usually involve a number of interrelated 

variables and (sometimes ambiguous) relationships 
between those variables [10]. The complexity that results 
from having more than just a few (both independent and 
dependent) variables in a model – often with time lags 
[6] – makes quantifying them difficult. Such a complex 
set of interrelationships is one of the reasons why the ties 
between a SDoH and health outcomes can be consid-
ered to constitute a wicked problem [11]. The process of 
quantifying the interrelationships between poverty and 
health as modelled in the CLD in the previous study [9] is 
described in this paper.

The variables in the model will often not only affect 
other variables, but also indirectly influence themselves, 
which means that there is simultaneity. Simultaneity is 
understood as X influencing Y, while Y in return influ-
ences X [12], forming a feedback loop. Considering 
feedback loops is important for understanding how a sys-
tem as a whole behaves over time and central to system 
dynamics [13]. For a qualitative conceptual model, this 
poses no fundamental methodological difficulties. How-
ever, for a quantitative model, such reciprocity violates 
the assumption of independence between the errors of 
the predictor and of the outcome variable [14] that sta-
tistical methods such as (multiple) regression depend on. 
Furthermore, all arrows in a CLD imply causal effects, so 
it is therefore crucial to use methods that can be used to 
make inferences about causal direction and not just show 
correlations.

The issues mentioned above can be addressed or cir-
cumvented using longitudinal structural equation mod-
elling (SEM) [15]. SEM includes a range of methods 
suited for estimating complex model structures. While 
cross-sectional SEMs are, as noted by Uleman et al. [16], 
not suited to properly deal with feedback loops and with 
causal direction, longitudinal SEMs do incorporate tem-
poral precedence and can circumvent those problems. 
This is done based on the logic that if B happens after A, 
it is not possible for B to cause A, which is further elabo-
rated on in step 3 in the methods section of this paper.

The body of literature on the relationships between 
poverty and health is quite extensive.. The relationships 
between the financial side of socioeconomic position 
(SEP) and health have been the topic of a number of stud-
ies that use longitudinal SEM (e.g., [17–19]), and espe-
cially in the (health) economic literature there have been 
many studies estimating causal relationships between 
SEP and health using longitudinal designs (see e.g., [20] 
for an overview). Existing studies tend to focus on either 
one direction – the effect of SEP on health (behaviour) 
or vice versa (e.g., [21]), sometimes using instrumen-
tal variables (e.g., [22, 23]) – and usually focus on direct 
relationships between SEP and health without speci-
fying mechanisms [24]. This is a suitable approach for 
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studying to what extent the two affect each other. How-
ever, the goal of the present paper is also to elaborate on 
how poverty and health affect each other. In order to do 
this, mediating variables specifying mechanisms and a 
feedback loop structure can be used. This study demon-
strates an approach that addresses both difficulties men-
tioned in this introduction section (obtaining a complex 
conceptual model and quantifying it) by combining sys-
tem dynamics, longitudinal SEM, a number of variables 
in feedback loops, and mediation analysis.

Research question
The research question for this study is: ‘how and to what 
extent do poverty and health affect each other and are 
these findings in line with a CLD constructed by stake-
holders?’ An additional aim of the study is providing an 
account on how this study’s methodological approach 
can be employed, which is intended as a starting point for 
others who might be interested in using it as well. While 
this study explicitly considers poverty and health, the 
approach itself is highly generally applicable and could be 
used for other SDoH as well and even outside of health-
related research.

While many of these methodological elaborations are 
aimed at other researchers who are interested in quanti-
fication of SDoH, there are two other intended audiences 
for this paper. One audience consists of researchers who 
are not necessarily involved with quantitative research, 
but are interested in the topic of poverty and health, or 
SDoH in general. Most of this article will likely hold value 
for this group as well, though especially steps 3 and 4 of 
the Methods section may contain more information than 
is required. A final intended audience is that of policy-
makers. We think that especially Table  2 (including the 
extended one in Additional file 3) and the Discussion sec-
tion contain insights that may be useful for this audience.

Methods
In this section, we describe the basic steps that were 
taken and the challenges encountered during adapting 
and quantifying the CLD, and how various issues were 
resolved. Some of the more technical considerations that 
are part of the steps of this methodological approach can 
be found in Additional file 1.

Population and setting
The setting in which this study is conducted is the 
country of The Netherlands and the population is 
defined as all inhabitants of The Netherlands. The CLD 
that is taken as conceptual model for quantification 
(Fig.  1) was built in the Dutch city of Utrecht, where 
there is particular regard for both poverty and health 

and involvement of stakeholders from societal practice 
in this process. The national level of analysis for quan-
tification was chosen because of data availability and 
potential generalisability of results.

Data and sample
Individual-level data were used for quantification of the 
model, because the effects also occur on this level [25]. 
These data were derived from two datasets. The first of 
the two datasets is a large Dutch national survey, the 
Longitudinal Internet studies for the Social Sciences 
(LISS) panel, which contains data on thousands of indi-
viduals (exact sample size depends on the topics and 
wave selected – the health dataset from 2015 includes 
6,009 respondents, for example) from all over The 
Netherlands [26]. A number of topics in this panel are 
relevant for this study, such as health, social integration 
and leisure, and other variables regarding personality 
and behaviour. Longitudinal datasets containing vari-
ables on all of these topics, which is essential for this 
study, are very scarce. For the original sample and first 
two replacement recruitments (2007–2012), random 
sampling was used. The third and fourth replacement 
recruitments (2013–2017) were drawn using stratified 
sampling, in an effort to maximise the sample’s repre-
sentativeness. A comparison of population and sample 
characteristics is available [27]. The second dataset that 
is used is the official Dutch national registry data, man-
aged by Statistics Netherlands (CBS) [28], which is used 
to complement the LISS survey data. These are data on 
all persons who officially live in the country, are longi-
tudinal and cover the entire population with only little 
missing data. This data source was mainly used because 
it holds accurate and objective information on financial 
data, both on the individual and household levels.

The analyses in this study have been conducted using 
annual data from 2015 to 2019 from both datasets. For 
2014 and several previous years, there were various cru-
cial variables missing from the data, which is why 2015 
was chosen as the first year for the analysis. The years 
2020 and onwards were excluded from analysis because 
the outbreak of the coronavirus was assumed to influ-
ence the variables in the study in an idiosyncratic way 
that could not be controlled for. For an individual to be 
included in this study’s sample, just one of the ques-
tions on mental health or physical capability in any of 
the five included survey waves has to be answered and 
there has to be data on their financial position for at 
least one of those five years. No further exclusion crite-
ria were applied. This resulted in a sample size of 6,581 
individuals.
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Steps to a quantified model
Quantification of the model can be roughly divided into 
five steps: adapting the CLD, measurement models and 
operationalisation, selecting the type of model, building 
the structural model, and interpretation of results. These 
steps were not as chronological and separated from each 
other as may seem from the descriptions below, but more 
of an iterative process with decisions made in later steps 
sometimes making it necessary to return to earlier ones 
to make adjustments. Constructing the measurement 
models and operationalising the variables were taken 
together as one step, as they are so interwoven that they 
were largely done at the same time. Figure 2 visualises the 
steps in a flowchart.

Adapting the CLD for quantification (step 1) The stake-
holders’ CLD had to be simplified before quantification 
was possible. As there will be a limit to the number of 
variables that can be taken into account in such a quan-
tified model, some decisions had to be made: which 
variables should be included and which are to be omit-
ted, or merged, in favour of simplification? In the vali-
dation phase in the previous study, after the CLD was 
constructed by stakeholders who were heavily involved 

Fig. 1 The causal loop diagram constructed using group model building in the previous study [9]

Fig. 2 Flowchart showing the five steps of the quantification process
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in practice and policy regarding poverty and health, a 
meeting with scientific experts was organised (see that 
study for more details [9]). In this meeting, experts were 
asked to highlight core elements of the model and to 
name any alterations they would expect to be necessary 
for the model to better reflect reality. Their input was 
helpful while adapting the model to make it quantifiable 
in the present study and led to making the distinction 
between physical and mental health. Furthermore, vari-
ables that were part of many and major feedback loops 
were given priority over variables that were not part of 
any or only ‘peripheral’ feedback loops. This led to a first 
version of a simplified CLD (Fig. 3). This version contains 
the variables of mental health, physical health, poverty, 
healthy behaviour, social contacts, participation in soci-
ety, shame, and work status. The variable of stress was 
taken as being part of mental health – as stress is one of 
the items that will make up the latent variable of men-
tal health, as will be further explained in the next two 
sections. The variables of home ownership and level of 
education were also mentioned by the experts as being 
potentially influential and are included in separate sensi-
tivity analyses.

Measurement models and operationalisation of variables 
(step 2) Measurement models

This study makes use of observed variables as well as latent 
constructs (in this paper, the terms latent variable, latent 
construct, and underlying construct are used interchangea-
bly). Some variables are considered to be directly observable: 
the measurement is the actual value of the variable and not 
just an approximation of it. In this study, the variables age 
and sex could be regarded as being measured directly.

Latent constructs are variables that cannot be directly 
observed and measured, because they are comprised 
of more than is directly measurable. Mental health is an 
example of such a variable that cannot be captured in just 
one observed indicator; it contains multiple facets and is a 
complex construct. A one-item operationalisation might 
simply consist of a respondent’s self-rated mental health, 
but this is not a direct measurement of mental health 
itself. Neither are more specific survey items pertaining to 
the respondent’s mental health. Such operationalisations 
would be accompanied with fair amounts of measure-
ment error [29]. This measurement error would attenuate 

Fig. 3 An adaptation of the causal loop diagram, based on comments from scientific experts and literature
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the variable’s relationships in quantitative models, mean-
ing that all estimates of effects tend to be biased – all 
effects would be weakened. By using multiple indicators 
together – indicators that are expected to be influenced 
by the latent variable – a more complete picture of the 
respondents overall mental health was given and meas-
urement error removed. In this study, mental health and 
physical capability were included as latent variables, using 
confirmatory factor analysis (CFA) [30]. See Fig.  4 for a 
schematic depiction of the latent variable of mental health 
and Additional file 2 for a more detailed description of the 
operationalisation of these two latent variables.

In some other cases, more practical reasons led to the 
choice to not construct a latent variable for a particular var-
iable. Acceptable multiple indicators measuring the varia-
bles of satisfaction with social contacts and satisfaction with 
leisure time were not found in the available data. Additional 
elaboration on what is required for multiple indicators to be 
deemed acceptable and reliable can be found in Additional 
file 1. For the construct of poverty, which theoretically and 
logically consists of multiple facets that do not indicate 
one common underlying construct, neither option (single 
item or latent variable) seemed acceptable. In response to 
this, both income and assets were included as single items 
measuring separate (observed) variables covering two dif-
ferent aspects of the construct. A person who has either a 
high income and few assets, or much financial wealth but 
little or no income, will normally not be seen as living in 
poverty. For this reason, the decision was made to include 
both variables in the model. Separating a construct into 

multiple single-item variables was also done for unhealthy 
behaviour. CFA showed that the available items were not 
suited for constructing one latent variable, and using a sin-
gle observed variable would not be adequate either. There-
fore, three separate observed variables were included as 
proxy variables for unhealthy behaviour: Body Mass Index 
(BMI, as a proxy for diet and physical activity), alcohol use, 
and smoking.

Operationalisation of variables

Below, brief descriptions of the items that were used for 
operationalising each variable are given. A more detailed 
overview can be found in Additional file 2. The items taken 
from LISS data are mental and physical health indicators, 
social contacts, health behaviour, and leisure time. The 
CBS data used were income, assets and debts, employment 
status, and migration status. The variables age and sex 
were operationalised using both LISS and CBS data.

Physical health was eventually included in the form of 
the more limited construct of physical capability (Addi-
tional file 1 details why this was done), meaning whether 
and how easily someone is capable of executing several 
specific physical tasks. For physical capability, four indi-
cators relating to activities of daily living were used, with 
an ordinal scale from 0 (“not” [capable]) to 4 (“without any 
trouble”). These items measure the difficulty with which 
respondents can walk up a flight of stairs, wash or bathe 
themselves, walk 100  m, and carry a bag of 5  kg. Those 
four items were chosen because they are similar to items 
from the SF-36 questionnaire [32] and all have high factor 
loadings when put in a CFA, indicating that they measure 
the same underlying construct. The latent variable of men-
tal health was measured with five observed variables, each 
with an ordinal scale from 0 to 5 (from “never” to “continu-
ously", with the category reflecting the best mental health 
coded as 5). The five items that were used considered feel-
ing down, gloominess, calmness, happiness, and anxiety – 
all five of the indicators used in the MHI-5 questionnaire 
[31]. As physical capability and mental health are both 
latent variables, they have no native scales. However, the 
observed indicators from which the latent variables are 
inferred, of course do have scales and the latent variables’ 
scales are derived from theirs [33] (see Additional file 1).

The variables of income and financial wealth are taken 
to be observable and measured using single indicators. 
For income, household income was adjusted for house-
hold size and composition – by using equivalence fac-
tors as provided by Statistics Netherlands [34] – and 
then expressed in percentages of the low-income thresh-
old, which is corrected for inflation annually [35]. To 

Fig. 4 Measurement model (CFA) for latent variable mental health 
at one time point, using the five MHI-5 items [31]. The error terms 
of the indicators ‘e1’ to ‘e5’ are also shown, as well as the residual ‘r1’ 
for the latent variable
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illustrate, in 2015, the threshold was €1,030 for a one-
person household and €1,930 for a household consisting 
of a couple with two children. Finally, these percentages 
were divided by 100 so that a score of 1 means an income 
of exactly one time the low-income threshold. Financial 
wealth was operationalised as total household assets 
minus household debts (not corrected for household size 
or composition) – excluding assets and debts relating 
to the respondent’s own home, as these are not directly 
spendable. It was then corrected for inflation, so that it 
is expressed in ‘2015 euros’. Then, it was divided by the 
median value for 2015, which is €21,414, so a value of 1 
indicates one time the median household wealth of 2015. 
This was done to improve comparability and obtain simi-
lar standard error sizes across variables. Finally, in order 
to limit the impact of extreme outliers, cut-off points 
were placed at both plus and minus 50 times the median 
value, which limited the scores (and with that the impact) 
of the wealthiest individuals, fluctuating between 1.1 to 
1.3 percent of the sample for each year.

For satisfaction with social contacts and satisfaction 
with leisure time, single-indicator measurements were 
used. Respondents were asked to indicate their satis-
faction with both constructs on a scale of 0 (“not at all 
satisfied”) to 10 (“completely satisfied”). BMI was calcu-
lated using self-reported height and weight. Alcohol use 
was operationalised as the number of days per week a 
respondent drinks. Smoking was recoded into an ordinal 
variable with three categories: no smoking, smoking up 
to 5 units (cigarette, cigar, or pipe) per week, and smok-
ing over 5 units per week.

All exogenous variables included in the models are 
time-invariant, which mean they are fixed and stay the 
same over the years. Operationalisations for these vari-
ables – age, sex, and migration background, and work 
status (also see point 4 of this section), level of education, 
and home ownership for the sensitivity analyses – can be 
found in Additional file 2.

At the end of the operationalisation phase, the model 
constructed in this study contains the variables mental 
health, physical capability, income, financial wealth, satis-
faction with social contacts, satisfaction with leisure time, 
BMI, alcohol use, and smoking (see Fig. 5). The variables 
shame and participation in society were excluded, due to 
various issues. Participation in society has a conceptual 
overlap with the variables of satisfaction with social con-
tacts and work status, which would have become prob-
lematic. Additionally, data availability was an issue for 
both shame and participation in society. Age, sex, and 
migration background were included as control variables.

Selecting the type of longitudinal SEM model and the 
estimator (step 3) The type of SEM that was used in 
this study is a cross-lagged panel model (CLPM), follow-
ing Orth et al.’s discussion on different types of longitu-
dinal SEM and their different purposes and interpreta-
tions [36]. A CLPM considers both between-subject (i.e. 
between-person) and within-subject (i.e. within-person) 
variance together, which can be an advantage if one is 
interested in long-term effects. In addition, a CLPM can 
relatively easily capture the strength of each separate 
effect in a single coefficient, and can be used to cautiously 
model Granger-causal relationships. Granger-causality is 
based on the logic that because a variable logically can-
not influence any variable’s past values, the directional-
ity of effects can be ascertained, under the assumption 
that there are no omitted confounding variables [37]. 
Of course, there may still be omitted confounding vari-
ables, so an actual causal relationship between the vari-
ables cannot be ascertained. Lastly, the estimator selected 
for this study’s models is weighted least squares, which 
is suitable because of the presence of ordinal endogenous 
observed variables. More on choosing an estimators can 
be read in Additional file 1.

Building the structural model and invariance testing 
(step 4) A SEM can consist of two parts: a measure-
ment model that constitutes any latent variables (and 
is optional) and a structural model that reflects how 
the variables in the model affect each other. The struc-
tural model in this study uses annual data, which means 
that every time interval has the length of one year. For 
instance, mental health in 2016 (t1) can be influenced by 
mental health in 2015 (t0) and income in 2015. Figure 6 

Fig. 5 Final CLD structure with all variables and hypothesised effects 
that were eventually quantified. The three variables that are used 
to indicate unhealthy behaviour (BMI, alcohol use, and smoking) are 
not shown separately in this diagram for simplicity’s sake
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shows a simplified diagram with just these two variables 
at three time points; the full model with all nine endog-
enous variables over five time points would be too large 
and cluttered to meaningfully depict.. The influence a 
variable has on its own subsequent value is the autore-
gression (a and b in Fig. 6); the influences it has on other 
variables are cross-lags (c and d in Fig. 6). All effects in 
the models in this study are entered as linear effects, in 
order to keep their complexity manageable, but it is pos-
sible to enter nonlinear effects into similar models. In 
Additional file  1, more elaboration on the CLPM struc-
ture and its components can be found. Lastly, there can 
still be confounders present in the model, which is the 
reason why the results can be interpreted as Granger-
causal and not causal effects. If there are no confounders, 
it would be an actual causal effect, but this is not testable 
and probably not realistic in any real-world applications. 
As is the case with ordinary regression models, includ-
ing variables in the model that are expected to influence a 
relationship of interest decreases the likelihood of impor-
tant missing confounders. Since an aim of the stakehold-
ers’ CLD was to attempt to identify and incorporate the 
most relevant variables on this topic, the SEM based on 
that CLD is likely to ‘control’ for at least some influential 
confounders.

Putting equality constraints over time on the regression 
coefficients (the relationships labelled with the same let-
ter in Fig.  6.) did not decrease the fit of our model and 
were therefore retained. For the structural model, two 

further considerations are important: whether a variable 
is endogenous (dependent, or ‘Y’) or exogenous (inde-
pendent, or ‘X’) and what the level of measurement of 
the variables is. All three of these topics are discussed in 
Additional file 1.

In addition, multiple sensitivity analyses were run. 
Their purpose is two-fold: they show whether effects 
are similar across models with different configurations 
of structural model or different subpopulations, and in 
doing so can also help shed some light on what may have 
caused results that were not the same as in the CLD. The 
primary model includes data on a sample drawn from 
the entire population of The Netherlands. It is however 
plausible that effects could be different for individuals in 
households with lower incomes or wealth. For this rea-
son, separate analyses were run with two subsets of the 
sample. The first is the group whose household income 
is 2.5 times the low-income threshold (€30,900 for a one-
person household in 2015) or less in at least two of the 
measurement years. The second group consists of those 
with a household financial net wealth (excluding worth of 
one’s home and mortgage) of two times the full sample’s 
median wealth (€41,828 in 2015) or less, in at least one 
measurement year. These thresholds are as low as they 
could be while retaining samples that are large enough to 
allow the model to be estimated.

In the CLD that was constructed by stakehold-
ers, employment status was included as an exogenous 

Fig. 6 Two-variable CLPM structure with one latent variable and one observed continuous variable at three time points. The error terms (e) 
of the observed indicators are allowed to covary over time (not shown for simplicity’s sake). The residuals (r) are allowed to covary with the residuals 
of other variables at the same time point
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variable (here meaning: not being part of the model’s 
feedback loops); whereas in the subsequent scientific 
expert meeting, the expectation was formulated that 
work status (having paid work) would have an important 
role in the system [9]. However, including it as an endog-
enous variable was problematic: due to its dichotomous 
nature, latent-response scales could not be linked over 
time. In order to do so, at least two thresholds would be 
needed [38], while a dichotomous variable has only one. 
Following the stakeholders’ CLD, a sensitivity analy-
sis that includes work status as an exogenous and time-
invariant variable was done. This was not done in the 
primary model, as the variable may well be influenced 
by the other variables in the model, as suggested in the 
scientific expert meeting [9]. If it is indeed part of any 
mediation mechanisms, it would not be truly exogenous, 
which could be problematic because it could largely ‘filter 
out’ effects where work status is a mediator [7]. However, 
the sensitivity analysis can be used to indicate possible 
confounding influences from work status. Two similar 
separate sensitivity analyses were then also conducted 
with the variables of level of education and home owner-
ship added as exogenous variables, as a check to see how 
including them might affect the model. Information on 
the operationalisations of these variables can be found 
in Additional file 2. Finally, satisfaction with leisure time 
was included in the model partly because it was men-
tioned by the stakeholders building the CLD, but also 
because it may account for some of the (adverse) effects 
from work status.

Interpretation of the model (step 5) After estimating the 
model, it is used for two purposes: interpreting the direct 
and indirect effects from one variable to other variables 
and testing the expected effects from the adapted CLD 
that was primarily based on expectations held by stake-
holders (Fig. 5). Direct effects, the effects that were esti-
mated in the SEM, exclusively consider a one-year time 
lag and no mediation via other variables in the model and 
therefore provide only a limited part of the overall pic-
ture. Including indirect effects enables the calculation of 
total effects (the sum of the direct effect and all indirect 
effects) from one variable on another, which are depend-
ent on the length of the time frame that is selected. In 
this study, effects were calculated for until eight years 
after the model start point. Although it is possible to cal-
culate effects beyond that, the assumption that extrapo-
lation over time is indeed valid would get increasingly 
difficult to defend as the time frame gets longer. This is 
why the longest time frame used in this study is eight 
years, which is twice the interval between the first and 
last observed time point. Total effects are calculated for 
each permutation of variables. Additionally, this is done 

for the effect of a variable on itself at later time points. 
Effect sizes are shown using unstandardised and stand-
ardised coefficients.

Unstandardised (‘raw’) coefficients are expressed in 
their own units and are therefore not directly compara-
ble to each other. These coefficients do, however, usu-
ally have real-world meaning: for instance, an increase of 
once the low-income threshold (€12,360 for a one-person 
household in 2015) could lead to an increase of β times 
the median wealth (€21,414 in 2015) in a subsequent year, 
where β is the unstandardised coefficient. In order to get 
a feeling for the magnitude of the effects, one has to keep 
in mind the units in which the variables are expressed. 
These can be found earlier in this methods section, under 
the sub-heading ‘Operationalisation of variables’, and 
in Additional file  2. Standardised coefficients are also 
reported, as is usual.

Using the results as a test of the a priori expected 
effects from the CLD is relatively more clear-cut than 
interpreting the coefficients by themselves, but still 
warrants attention. A CLD is constructed having direct 
effects in mind, so a comparison between the CLD and 
direct effects is in order. However, as described earlier, 
total effects show more of the full picture than direct 
effects do, so it seems useful to also involve these in the 
interpretation. Additionally, there are unstandardised 
and standardised coefficients that do not necessarily pro-
duce the same qualitative conclusions, and five sensitivity 
analyses were also run in this study. We opted to compare 
the CLD with expected relationships (Fig. 5) to unstand-
ardised and standardised total effects from all six models 
and to the standardised direct effects from the primary 
model. This is done in the next section.

Results
Total effects between the main variables of interest
The primary model and all sensitivity models were esti-
mated for a one-year lag (the direct effects) up to an 
eight-year lag. The primary model indicates good fit 
(robust model fit indices: CFI 0.966, TLI 0.966, RMSEA 
0.037, SRMR 0.046), as do the sensitivity analyses (fit 
indices available in Additional file  3). In the text below, 
unstandardised and standardised regression coefficients 
from this model are presented. For brevity’s sake, this is 
done only for the lag that shows the strongest effect, but 
for the main variables of interest, the full results from 
the primary model with comparison to expectations are 
shown in Table  1. A summary of effects between these 
variables from the primary model and the five sensitiv-
ity analyses can be found in Table 2. The results from all 
models for all estimated effects and model fit indices are 
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provided in Additional file 3. The raw lavaan (the model-
ling software package used in this study [39, 40]) output 
for the primary model can be found in Additional file 4, 
and the polychoric correlation matrix for all observed 
variables in this model in Additional file 5.

Mental health in this model is clearly affected by physi-
cal capability. The (unstandardised and standardised) 
effect of physical capability on mental health increases 
steadily over time and is strongest after eight years (.131 
and .145). This indicates that a one-unit increase in phys-
ical capability leads to an increase of .131 points on the 
latent mental health variable. Income has a smaller effect 
on mental health, with .039 and .045 after eight years. 
The unstandardised effect is over twice as strong for the 
lower-income group (.082), but the standardised effect is 
similar (0.054) to that in the primary model. The effect of 
financial wealth on mental health is very small (.002 and 
.013 after two years).

Physical capability in turn is influenced by mental 
health, which has a modest but clear effect on it, with 
.089 and .081 after seven years. The effect of income on 
physical capability is small in the primary model (.020 
and .020 after three years). It is much stronger in three 
sensitivity analyses, especially the analysis with only the 
lower financial wealth group (.091 and .079 after eight 
years). The unstandardised effect of financial wealth on 
physical capability is small, but seems much larger when 
standardised (.015 and .112 after eight years). The latter 

is likely a result of the much larger standard deviation 
of financial wealth, which illustrates why it is generally 
advisable to not only interpret standardised effects.

Income is most strongly affected by physical capability, 
with an effect of .199 and .191 after eight years. Mental 
health displays a small effect on income (.016 and .014 
after eight years). In the analysis with only the lower 
financial wealth group, this effect is a little over twice 
as strong (.038 and .040 after eight years). For financial 
wealth on income, the unstandardised coefficient again is 
small, but the standardised coefficient more substantial 
(.122) – once more a coefficient that is likely inflated by 
the larger standard deviation of financial wealth.

Financial wealth displays a prominent influence from 
physical capability, even though the direct effect was not 
modelled, with coefficients of 1.888 and .246 after eight 
years. This effect is decidedly less prominent in some of 
the sensitivity analyses, but is still strong in all of them. 
Mental health has a negative effect on financial wealth of 
-.587 and -.069 after eight years. This is the only one of 
the effects between the four main variables that shows 
the opposite of what was expected beforehand. The sen-
sitivity analyses all show a moderately to almost entirely 
diminished effect (though it does remain negative in all 
of them), which suggests that this unexpected effect may 
largely be explained by the elements added in these anal-
yses, such as work or education. Lastly, for the effect of 
income on financial wealth, the coefficients are .239 and 

Table 2 Summary of standardised total effects from all models at their peaks within eight years, with comparison to expectations 
from the CLD

+ + Decidedly positive: .100 or higher, sign of effect was expected

+ Positive: .050 to .100, sign of effect was expected

- - Decidedly negative: -.100 or lower, sign of effect was expected

- Negative: -.100 to -.050, sign of effect was expected

- -* Decidedly negative: -.100 or lower, sign of effect was unexpected

-* Negative: -.100 to -.050, sign of effect was unexpected

X (predictor variable) Y (outcome variable) Primary model Sensitivity analyses

Low income Low wealth Work status Education Home 
ownership

Physical capability Mental health  + +  + +  + +  + +  + +  + + 
Income Mental health  + 
Financial wealth Mental health

Mental health Physical capability  +  + +  + +  +  +  + + 
Income Physical capability  +  +  + 
Financial wealth Physical capability  + +  +  + 
Mental health Income

Physical capability Income  + +  + +  + +  + +  + +  + + 
Financial wealth Income  + +  + + -*  + +  + +  + + 
Mental health Financial wealth -* -* - -*
Physical capability Financial wealth  + +  + +  +  +  + +  + + 
Income Financial wealth  + 
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.032 after two years, after which it shows a clear decrease 
to almost zero after eight years. This suggests short-term 
returns which are cancelled out in the long run. This 
decrease is much less strong in nearly all of the sensitivity 
analyses.

Notable total effects of and on other variables
Some of the effects involving other variables in the model 
also warrant being mentioned, because they are either 
strongly in line or in contradiction with the formulated 
expectations. In the primary model, effects that are 
clearly in line with the expectations are those of physi-
cal capability on smoking (negative), smoking on physi-
cal capability and on financial wealth (both negative). 
The results from the primary model seem to contradict 
expectations in the effects of income and mental health 
on smoking (both positive) and of BMI on smoking and 
alcohol use (both negative). Not all of these effects are 
the same in all of the sensitivity analyses. More detailed 
model results can be found in Additional file 3.

Comparing standardised direct effects to expectations
In the adapted CLD, 50 direct effects were predicted 
(treating BMI, alcohol use, and smoking as separate 

variables). The standardised estimates for these effects 
are shown in Fig.  7, along with the effects between the 
variables making up ‘unhealthy behaviour’. For clarity’s 
sake, only the endogenous variables are shown in this fig-
ure. Of the 50 predicted effects, 27 effects are significant 
and in line with prior expectations, 17 are non-signifi-
cant, and six are significant and opposite to expectations.

Four variables and their effects on each other were 
found to be crucial in the interrelationships between 
poverty and health: mental health, physical capability, 
income, and financial wealth. Of the 11 expected effects 
between these variables, seven are significant and in line 
with expectations and four are non-significant. Between 
mental health, physical capability, income, and finan-
cial wealth, only five of a possible 11 direct effects are 
significant (and all in line with expectations). These are 
the effects of mental health on physical capability and 
vice versa, physical capability on income and vice versa, 
and financial wealth on mental health. A possible direct 
effect of physical capability on financial wealth was not 
included in the original CLD and therefore not estimated.

Fig. 7 Model with standardised direct effects from the primary model. The three coefficients accompanying every arrow from and to 
unhealthy behaviour indicate individual relationships with BMI, alcohol use, and smoking, in that order. There were no predictions in the CLD 
regarding the relationships between these variables making up unhealthy behaviour (the box in the bottom right corner), so these were 
not compared to any prior expectations
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Discussion
Summary of results
Regarding the research question – ‘how and to what 
extent do poverty and health affect each other and are 
these findings in line with a CLD constructed by stake-
holders?’ – there are two clear insights that can be high-
lighted in summary. First, improving physical capability 
seems to be very beneficial to both financial wealth and 
income, as well as to mental health and healthy behav-
iour. Second, income and especially financial wealth 
seem to have limited effects on the health of the overall 
population. However, there are indications that income 
and financial wealth are more important for the health 
of people in lower-income and lower-wealth groups and 
their effects may be even stronger for people living in 
poverty.

Interpretation of model results
In the primary model, most effects between mental 
health, physical capability, income, and financial wealth 
are modest to small. The clearest exceptions to this are 
the effects from physical capability on the other three 
variables, though one should keep in mind that a change 
of 1 unit on the scale of physical capability is a relatively 
large change due to its small standard deviation. Never-
theless, a one-unit change of physical capability leads to 
a predicted .12 unit increase in mental health, a .20 unit 
increase in income (approximately €2,500 annually for a 
one-person household) and a 1.9 unit increase in finan-
cial wealth after eight years (approximately €43,000 for a 
household), which seems substantial. All of these effects 
remain substantial in all sensitivity analyses. This sug-
gests that improving physical capability may be an effec-
tive way to improve both mental health as well as income 
and financial wealth. The effects of income on financial 
wealth and that of mental health on physical capability 
are also relatively substantial and stable, and in line with 
expectations.

Conversely, among the main variables of interest, there 
are two results from the primary model that were unex-
pected based on the CLD. First, the estimated effects of 
income and financial wealth on the health variables in the 
population as a whole are smaller than one might expect. 
The effect of income on mental health is much more 
strongly positive in the lower-income group; the effect of 
income on physical capability is also much stronger in the 
model with only the lower-income group but especially 
in that with only the lower-wealth group. These findings 
indicate that income may not be too consequential in 
determining the mental health and physical capability of 
the well-to-do part of the population, but is important for 
those who have a lower income or less financial wealth. 
Money may simply have more value for health per euro 

for these groups. Unlike the effects of income, the effect 
of financial wealth on mental health and physical capabil-
ity is small in all models, and only the effect on physical 
capability in the standardised model seems substantial. 
It could be that this is different for even more specific 
groups, for example those with an income below the low-
income threshold, but this was not tested in this study. 
Second, the negative effect of mental health on financial 
wealth is the opposite of what was expected based on 
the CLD. However, this effect has mostly dissipated in 
the sensitivity analysis that includes work status as exog-
enous variable, suggesting that factors having to do with 
having work or experiencing work pressure may play 
some confounding role here.

Strengths and limitations
This study addresses the question of how poverty and 
health are interrelated. In doing so, it introduces a meth-
odological approach that combines four elements that 
are not usually used in conjunction: a CLD built by 
stakeholders, a longitudinal SEM design, a large number 
of endogenous variables with reciprocity, and media-
tion analysis. The approach entails a chain of decisions 
addressing methodological challenges in data and analy-
sis. Estimating a complex system of endogenous variables 
has two main benefits: it generates more detailed insights 
about relationships that include mediation mechanisms 
and it removes confounding effects of a number of varia-
bles without eliminating mechanisms in which these var-
iables are mediators. Doing so does require a conceptual 
model of relevant variables and how these are connected 
with each other. Using a causal loop diagram as quali-
tative input for the structure of the model and a set of 
expectations provides a non-arbitrary starting point from 
which to test these expectations [9]. Additionally, the 
longitudinal SEM design has multiple advantages. SEM 
allows the use of latent variables and for endogenous 
variables to also serve as mediators. A longitudinal SEM 
makes it possible to cautiously infer directionality, in a 
Granger-causal [37] way. It permits one to draw conclu-
sions such as that, assuming no unmeasured confound-
ers, the effect of physical capability on financial wealth is 
clear and strong, while the effect of financial wealth on 
physical capability is quite small. Moreover, the models 
resulting from this study can be used to make multi-year 
projections – with and without external interventions – 
thereby informing decision-making processes. Such pro-
jections can be tailored to fit specific (sub)populations 
simply by using aggregated-level population characteris-
tics, where available.

There are of course also multiple considerations, 
assumptions, and limitations present in the study and 
the chosen design. Many choices are necessarily made 
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during the entire modelling process, from the start of the 
construction of the CLD to the final quantification steps. 
A first limitation relates to the construction of the CLD 
and is addressed at length in the article that describes 
that previous part of the process [9]. In short, it entails 
that the CLD was built by a limited group of participat-
ing stakeholders (although with experience in practice 
and policy) within a specific setting (the city of Utrecht). 
While this is a non-arbitrary way to obtain a conceptual 
model, different participants or a different setting could 
yield a different model. Rather than introducing any 
model as the model of the issue, it should be presented 
as being a model. An important advantage of using SEM 
is that the conceptual model as a whole can be tested 
empirically, using model fit indices. However, this does 
not mean that it can be tested whether a model is ‘true’ 
or not – only how well the model structure fits the real-
world data [41].

The second limitation concerns issues related to the 
operationalisations of physical capability and of poverty. 
After consideration, physical capability was included 
as a variable that represents a part of physical health. It 
has a more limited scope than physical health in general 
and for this reason may produce different results than 
broader operationalisations would. The concept of pov-
erty was captured by considering both income and finan-
cial wealth and does not include household expenditures. 
The latter are more difficult to operationalise. Addition-
ally, higher-income households might have higher expen-
ditures as well. A household with much financial wealth 
and/or a very high income that chooses to spend more 
than their income can hardly be said to be living in pov-
erty. Having higher expenditures or even a negative 
income-expenditures balance would therefore not nec-
essarily be a good indicator for poverty, although these 
factors can contribute to perceived income inadequacy, 
which is reported to have health effects as well [28]. 
To retain as much information as possible, income and 
financial wealth were included as continuous variables.

That brings us to a third limitation: besides effects hav-
ing been constrained in several other ways, they are also 
assumed to be linear. This means that the effect of X on 
Y is the same for each value of X, so a euro of income 
is modelled to matter as much to someone who earns 
€20,000 euros a year as it does to someone who earns 
€200,000. This assumption is necessary to avoid unman-
ageable model complexity, but it is not always equally 
plausible. By also running sensitivity analyses for only 
lower-income and lower-wealth groups, the moderating 
effect of having a low income (as a dichotomous prop-
erty) on the effects can be shown. This provides insight 
into how effects are different for these groups, such as 
that income seems to have effects on both mental health 

and physical capability that are approximately twice 
as strong for the lower-income group. Such sensitivity 
analyses however do not show the direct effects of the 
dichotomous low-income variable on the other vari-
ables. Alternatively, differences between these two sensi-
tivity models and the primary model can be interpreted 
as showing nonlinearity in the effects of income and 
wealth on other variables. Something that should also be 
noted is that in order to make the selection for the lower-
income and lower-wealth groups for the sensitivity analy-
ses in this study, cut-off points were set at 2.5 times the 
low-income threshold and two times the sample’s median 
wealth, respectively. These cut-off points could not be set 
lower in order to maintain a sufficient sample to estimate 
the model, but a model in which it is possible to nar-
row down the groups further might potentially produce 
stronger effects still. Finally, it seems likely that at a high 
enough income level, any further increases in income no 
longer lead to significant improvements in health. The 
results from this study reflect a diminishing incremental 
effect of income on mental health, but do not show how 
the effect’s gradient is shaped. It could be that the effect 
gradually diminishes, but it is similarly possible that there 
are threshold effects present. This applies to any of the 
relationships in the model, as the model was built with 
the assumption of linear effects. Studying incrementally 
diminishing effects in depth was not a main focus of this 
study, but could be done by constructing models that use 
an extensive multiple group or nonlinear design.

A fourth limitation is the possibility of unmeasured 
confounding effects. To counter these, this study includes 
a good number of relevant endogenous variables. By 
including them as endogenous, they are not merely 
‘controlled for’ but can actively contribute in mediation 
mechanisms. The variable of work status was a particu-
larly challenging variable. The stakeholders’ CLD and the 
participants from the scientific expert meeting included 
the variable as exogenous and endogenous, respectively. 
The dichotomous nature of the variable made it impos-
sible to test the assumption of threshold invariance over 
time [38] and to include it in the model as varying over 
time (as would be necessary for a endogenous variable). 
At the same time, including it as exogenous in the pri-
mary model would be problematic if it was in reality 
endogenous. Therefore, it was included as a time-invari-
ant exogenous variable in a sensitivity analysis, in order to 
examine possible effects that this variable has on the rest 
of the model, as was also done for level of education and 
home ownership. This is a limitation to the results of the 
study, however, and some mediation effects may be ‘fil-
tered out’ of the results. Furthermore, the primary model 
and the sensitivity analyses show multiple alternatives 
with good and similar model fit (see Additional file  3) 
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and this may create uncertainty regarding which one is 
the ‘best one’. The short answer is that this depends on 
the intended purpose. The primary model is most suited 
for application to the population as a whole, while the 
models focused on the lower-income and lower-wealth 
groups are intended to provide information on a more 
specific target group. It should be noted that the results 
from the model with only the lower-wealth group strik-
ingly deviate from all the other models. This could be due 
to actual and clear differences between the groups, but 
it may be wise to approach this model more cautiously 
until there is more evidence to support its claims. Lastly, 
the models that control for work status, level of educa-
tion, and home ownership remove these variables as pos-
sible unmeasured confounders. Conversely, relationships 
in which those variables are part of the mechanism itself 
(as mediator) are ‘closed off’, so are likely to be underes-
timated. This should be kept in mind when using one of 
these models.

A fifth and final limitation is that the specific model 
design may influence findings, in that a CLPM requires 
the specification of the length of the time lag to be esti-
mated. In this study, this time lag had the length of one 
year. However, it is possible for this lag to be longer or 
shorter in reality. Any relationships that have an actual 
time lag that is in reality (much) longer than this, may 
have been underestimated. Conversely, if the actual lag is 
shorter, data points closer to each other would be needed 
to detect effects. Effects with a shorter-term lag than is 
modelled are also potentially underestimated, which 
would make the results presented in this study more 
likely to be conservative estimates than inflated ones.

Conclusions
In short, several key findings can be summarised from 
this study. There is an indication that physical capabil-
ity (but not mental health) may have a substantial influ-
ence on income and financial wealth, and also on mental 
health. Financial wealth has some effect on physical capa-
bility in the models, but not on mental health. Income 
does not show a clear effect on either mental health or 
physical capability for the general population, but there 
are indications that income and financial wealth are more 
important for the health of lower-income and lower-
wealth groups and their effects may be even stronger for 
people living in poverty. A broad recommendation from 
this study would be that physical capability is also con-
sidered in activities that are intended to improve income, 
financial wealth, or mental health.

Regarding the methodological approach, there are 
lessons to be drawn from this study as well. A posi-
tive one is that the quantification of a CLD can be done 
using longitudinal SEM, even while preserving a large 

part of the complexity and the feedback loops. Natu-
rally, there are a number of assumptions and limitations 
inherent to achieving this. In the end, a model is always 
a simplified approximation of reality and is therefore 
‘wrong’ by default [42]. However, the models from this 
study have been able to show quantitative estimations 
and generate insights and evidence that would oth-
erwise not have been found, providing an indication 
of how mechanisms between poverty and health may 
operate.
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