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Abstract

Understanding causality, over mere association, is vital for researchers wishing to inform policy and decision making
— for example, when seeking to improve population health outcomes. Yet, contemporary causal inference methods
have not fully tackled the complexity of data hierarchies, such as the clustering of people within households, neigh-
bourhoods, cities, or regions. However, complex data hierarchies are the rule rather than the exception. Gaining

an understanding of these hierarchies is important for complex population outcomes, such as non-communicable
disease, which is impacted by various social determinants at different levels of the data hierarchy. The alternative

of analysing aggregated data could introduce well-known biases, such as the ecological fallacy or the modifiable
areal unit problem. We devise a hierarchical causal diagram that encodes the multilevel data generating mecha-
nism anticipated when evaluating non-communicable diseases in a population. The causal diagram informs data
simulation. We also provide a flexible tool to generate synthetic population data that captures all multilevel causal
structures, including a cross-level effect due to cluster size. For the very first time, we can then quantify the ecologi-
cal fallacy within a formal causal framework to show that individual-level data are essential to assess causal relation-
ships that affect the individual. This study also illustrates the importance of causally structured synthetic data for use
with other methods, such as Agent Based Modelling or Microsimulation Modelling. Many methodological challenges
remain for robust causal evaluation of multilevel data, but this study provides a foundation to investigate these.
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Introduction

Many countries have a long history of collecting data
on the demographics, socioeconomic profiles, health
characteristics, and service use of their populations. For
example, many of the contemporary population-based
registers in the Nordic countries date back to the 1960s
and 1970s [1]. Purposes of collecting data on micro units,
such as households and individuals, can be manyfold and
range from descriptive monitoring for administration or
resource allocation, to evaluating or predicting outcomes
of different policies and interventions [1]. More recently,
with the advent of ‘big data; large enterprises have also
started to collate and study large-scale population data-
sets. Similarly, their aims tend to relate ultimately to
micro unit outcomes (e.g., the customer base), monitor-
ing, evaluating, or making predictions related to new
processes and innovations [2].

Even though causal effect estimation is typically sought
as an ‘average treatment effect’ (ATE) for a target popula-
tion of interest, understanding of the causal mechanism
operating often lies at the micro unit — especially when
the focus is around health outcomes, as these are intrin-
sically individual-level experiences. To do so necessitates
individual-level simulated data to examine how causal
processes relate to the individual experience. Although
some study designs seeking causal insights do not require
individual-level data — e.g., econometric methods, such
as difference-in-difference — these rely on the rollout of
interventions in terms of timing, geographical spread,
and other assumptions that may not always be met, and
simulations of aggregated single-level data are then suf-
ficient to validate these methods. However, interest often
extends to understanding population inequalities, where
individual-level data are then required. These other
methods therefore do not overcome the need for indi-
vidual synthetic data if the assessment of the ecological
phenomenon extends to understanding consequences at
the individual level.

In many real-world situations, the data required are
therefore typically hierarchical. For example, data on
primary healthcare use are structured with individu-
als grouped by their general practitioner (GP), which
are grouped by practice, grouped by administrative
health boards, and grouped within a national context.
Boundaries and cluster sizes are derived for administra-
tive convenience, e.g., being geographically coherent
and/or historically retaining focus on established sub
populations. Most population-level interventions, e.g.,
practice-level changes, or national-level primary care
policies, may be implemented across population higher
levels due to practical reasons of implementation at scale,
yet insightful impacts are sought at the micro unit, i.e.,
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aimed at understanding the causal relationships among
individuals.

It is recognised that there are often interactions
between individuals, within and between clusters, as
well as between individuals and clusters [3]. Disentan-
gling these relationships is of considerable interest to
population researchers. Inherent hierarchical structures
create a range of analytical challenges. Consequently,
methods that work well for a single homogeneous pop-
ulation may lead to misleading results if applied naively
to a population with a substructure that is not acknowl-
edged explicitly. It is therefore necessary to account for
such substructures when analysing population data. For
instance, a health study in Scotland used mixed effects
modelling (also known as multilevel modelling [4]) to
disentangle the heterogeneity in prescribing behaviours
among GPs [5]. By modelling the data hierarchy of GPs
nested within practices the study explored if a “high-risk-
prescribing culture” was driven by idiosyncrasies of indi-
vidual GPs or by practice-level culture. It was found that
high-risk prescribing was more of an individual-GP issue
than a practice-level phenomenon [5], an insight which
might subsequently inform possible interventions.

Multilevel modelling is a group of powerful data ana-
lytic techniques that explore variables at all levels of mul-
tiple hierarchies simultaneously to evaluate associations
among individuals and population clusters. Multilevel
modelling is ubiquitous across many fields of social and
health research [6-8]. However, unless deployed explic-
itly to yield insights into cause and effect, these meth-
ods reveal correlational relationships. In many forms of
data analysis, the question of analysing cause and effect
is of central importance, yet correlation does not mean
causation. If the goal is to inform interventions, a causal
understanding is essential [9]. If X does not cause Y but
is only associated with it, an intervention on X would be
the wrong decision if, ultimately, Y is the target outcome
of the intervention.

Although a multilevel analysis of Scottish GP pre-
scribing data was informative in estimating the relative
strength of associations at one level of the hierarchy
versus another, this could not unpick what was operat-
ing causally, and it could not quantify any effect sizes of
such causes. To understand causal implications, we must
perform multilevel modelling within a formal causal
framework and view the results through a causal lens.
Otherwise, cause and effect might be confused, with
grave consequences, leading to potential implementa-
tion of ineffective or even harmful policies, wasting
valuable resources that could otherwise be more effec-
tively allocated. Instead of informing ‘possible interven-
tion approaches’ from correlational studies, a causal lens
should inform the most (cost-)effective intervention.
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Although causal inquiry is viewed by some as the sole
preserve of randomised control trials (RCTs), many
RCTs are impossible to conduct (ethically or practically),
and observational research must instead yield causal
insights. Observational research does not automatically
convey causal insights, which may only be appropriately
interpreted as causal if robust causal inference methods
have been used. To date, the application of contempo-
rary causal inference methods has not been a signature
of most ongoing observational research [9], with vague
and considerably less robust ‘risk factor’ correlational
approaches prevailing [10]. Observational causal research
is not as analytically straightforward as an RCT. Identify-
ing and quantifying the wider social and environmental
determinants of health involves asking causal questions
of individuals who inhabit a complex real-world system
with multiple inherent hierarchies.

Modelling causal structures has been sought in varied
ways. One of the more sophisticated strategies is agent-
based modelling (ABM) [11] — a simulation comprising
individual ‘agents’ that are modelled using sequential
stochastic processes to emulate real-time transitions in
life. This embraces complexity to the point that emergent
properties may appear that are not discoverable using
simpler strategies. ABMs must, however, be parameter-
ised to reflect true underlying (causal) data generating
mechanisms (DGMs) at all levels of a data hierarchy,
which demands a priori understanding of how the data
structures come into being [12]. If ABMs are used with
synthetic data, such data must capture all causal struc-
tures known or postulated as likely for the models to
elicit causal insights — currently this is not common
practice.

It is also essential to understand a system’s DGM to
inform which of a plethora of analytical strategies avail-
able is the most appropriate [13]. While contemporary
causal inference methods are based on potential out-
comes [14] and counterfactuals [15], these can involve
graphical model theory [16], which has spawned the use
of directed acyclic graphs (DAGs) [17, 18] to encode all
causal assumptions made of the DGM for an observed
system. Causal methods developed to date predomi-
nantly treat data as ‘flat] i.e., non-hierarchical. It is there-
fore important to extend causal methods and causal
diagrams to operate with hierarchical data.

Contemporary causal inference methods have not fully
tackled the complexities of data hierarchies, apart from
repeated measures in longitudinal data, where develop-
ments include the evaluation of time-varying outcomes,
time-varying exposures, and time-varying confound-
ers, using any of the three g-methods [19], or variations
thereof [20, 21]. At the same time, causal inference meth-
ods have become increasingly popular in demographic
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research, where g-methods have made an important con-
tribution as part of studies with a designated lifecourse
approach. Examples are diverse and have covered differ-
ent elements of the lifecourse ranging from the socio-
economic determinants of fertility [22] to retirement and
cognitive functioning [23]. Longitudinal data may also
be subject to causal mediation analysis [24], where the
causal impact of an exposure is evaluated for its direct
impact on an outcome, separately from its influences via
one or more mediators — i.e., intermediate variables that
lie on the causal path between exposure and outcome.
Although longitudinal data are hierarchical, develop-
ments in causal inference methods have not focused on
data hierarchy per se, leaving a gap in our capabilities to
interrogate complex hierarchical data.

There is also an entire discipline concerned with inter-
actions between individuals within clusters that does not
exploit the full data hierarchy — ecological analyses [25] —
but these methods suffer an issue of widespread interest
within population research surrounding the role of clus-
ter size, described as the modifiable areal unit problem
(MAUP) [26]. MAUP is where different results emerge
according to the size of clusters used for the same data-
set. This issue plagues many aspects of population spatial
analyses [27-29], and affects the robustness of research
in epidemiology [30-32] and economics [33-35]. It is
important to understand these differences from a causal
perspective. While this is not the focus of this study, what
is proposed provides the means to explore MAUP.

DAGs are often used to inform decisions about which
variables to control for (referred to as confounders) and
which not (e.g., mediators) — the latter running the risk of
‘Table 2 Fallacy’ [36] and other inferential biases includ-
ing reversal paradox [37] and collider bias [38]. Being a
cause of both exposure and outcome is not sufficient to
be classified as a confounder since complex confounding
situations can arise such that what looks to be genuine
confounding, if adjusted for, introduces more bias (e.g.,
M-Bias; [38, 39]), which is why we use graphical model
theory that underpins DAGs to determine all true con-
founding [40]. Simulating data with the aid of a DAG
and comparing the resulting covariance structure with
what is observed in real data turns out to be surprisingly
informative due to the level of implied constraints that
are explicitly encoded from external theory, knowledge,
or mere supposition [41]. This is because the implied
constraints within a DAG can be sufficient to settle some
cause-and-effect questions with no need for real data;
merely simulating the DGM assumptions can be enlight-
ening. Principles underpinning the development of
causal diagrams are discussed in the Appendix (Section
"Important principles underpinning the development of
causal graphs").
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Inspired by MAUP, and a desire to understand the
causal implications of cross-level associations related to
cluster size, this study explores multilevel and ecologi-
cal models from a causal viewpoint where a cross-level
relationship exists between cluster size and two individ-
ual-level variables. We adopt a hierarchical DAG-type
approach to gain insights into how causal questions con-
cerning individuals are affected by a cross-level relation-
ship with known causal origins. We first comprehend
causal relationships in hierarchical data by describing
what intrinsic real-world environmental features influ-
ence how hierarchies arise. The development of a hierar-
chical causal diagram that encodes a DGM is essential,
from which causally structured hierarchical data may
then be simulated - if it is not feasible to simulate data
from a causal diagram, that diagram has limited or zero
utility.

The causal diagram need not be a formal DAG (ie.,
where all nodes are probabilistic and follow mathemati-
cal concepts and rules derived to inform robust causal
enquiry [42]), providing the diagram can inform mean-
ingful simulation. Our strategy therefore begins by
depicting all probabilistic variables at level-1 in a DAG,
while variables at level-2 are determined by aggregation
[43], placing individuals into clusters in a judicious man-
ner to ensure we maintain all individual-level causal rela-
tionships and cross-level associations between cluster
size and individual-level variables of interest. We then
ask: Can we robustly estimate via multilevel and/or eco-
logical analyses the population average causal effect for a
process that affects individuals?

This study seeks several novel contributions: 1) how
to devise a causal diagram for hierarchical data, cogni-
zant of how to handle deterministic variables in a formal
causal framework; 2) outline an algorithm that ensures a
cross-level causal relationship is present in the simulated
data; 3) quantify the extent of ecological fallacy bias for
the first time; and 4) demonstrate via simulation how
individual-level data are essential for estimating causal
effects impacting individuals.

Methods

Our objectives were three-fold: 1) draw a hierarchical
causal diagram to encode a DGM that invokes a cross-
level relationship between two individual-level vari-
ables and cluster size with prespecified causal origins;
2) simulate lower-level data with the structure depicted
in the DGM and derive upper-level data by aggregation;
and 3) explore multilevel and ecological analyses of the
simulated data to estimate population average causal
relationship among individuals, contrasting findings with
the simulated truth to identify the presence and extent
of residual confounding bias (which is due to incomplete

Page 4 of 23

confounding adjustment) and aggregation bias (which is
due to data transformation prior to analysis).

The DGM, simulations, and analyses are summarised
in the following steps:

Draw the hierarchical causal diagram.
. Simulate individual-level population data (variables
have suffix i).

3. Cluster individual-level data in a manner that retains
a cross-level relationship with prespecified causal
origins.

4. Aggregate individual-level data by clusters (variables
have suffix j).

5. Undertake multilevel modelling of the full dataset to
estimate a population average causal effect for two
individual-level variables.

6. Undertake multiple ecological analyses of the aggre-
gated data to estimate a population average causal
effect for the same individual-level variables.

7. Contrast the multilevel and ecological causal esti-

mates with the true causal effect simulated to identify

the potential and extent of any biases.

N o=

Our data generating mechanism (DGM)
Any number of plausible DGMs could give rise to hierar-
chically structured data — too many to be evaluated in a
single study. Some simplifying restrictions were therefore
considered. We limited ourselves to situations in which
we anticipate ‘population homogeneity’ and ‘no interfer-
ence’ (as termed in the causal inference literature [44]).
These restrictions provide an underpinning DGM for
which we establish the principles of a hierarchical causal
diagram to inform the simulation of causally structured
hierarchical data. Despite narrowing our choice of DGM,
the assumptions adopted produce generalisable insights
for large swathes of population research and other, more
specific DGMs can be the focus of future studies.

Population homogeneity describes situations where
variable relationships are similar across clusters, and
where these relationships are subject to cluster-specific
influences that vary but are nevertheless generalisable to
a population. This applies to situations in which individu-
als experience overarching ‘norms’ within a population,
with cluster differences between subregions — as within
a country, for instance. The alternative, where clusters
substantially differ (which could be for myriad reasons) is
more complex and is consistent with clusters being sepa-
rate countries, each with its own socio-political ‘norms’
that yield substantial between-cluster (i.e., between-
country) heterogeneity.

The no interference assumption implies that individ-
ual-level variable relationships are not affected by the
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status of other individuals. Within the ABM literature,
interference equates to agent-to-agent interactions, as
observed with infectious diseases, for instance. The no
interference assumption is unrealistic for some situations
but is compatible with many real-world scenarios where
the potential for network/peer effects are accommodated
via the clustering, providing this is modelled explicitly
and correctly. No interference is consistent with studying
non-communicable diseases in the context of hierarchi-
cally structured health data.

Figure 1 illustrates a hierarchical causal diagram for the
DGM used in this study. We defined a specified causal
relationship between individual-level exposure variable
X; and individual-level outcome variable Y;. As confound-
ing is a concern in observational studies, this was consid-
ered in two forms: regular confounding by Z;, which is a
‘super-variable’ — i.e., a single variable that represents all
potential individual-level known and observed confound-
ers; and latent confounding by L;, — another ‘super-varia-
ble’ representing all potential individual-level known but
unobserved confounding. Both confounders are aggre-
gated at the cluster-level (Z; and L;), but the cluster-level
variable L; is also unobserved, meaning adjusting for it in
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real-world data is impossible. Cross-level relationships
occur between the cluster-level variable, Nj, and both X;
and Y}, due to the a priori specified causal structure, even
though the individual-level latent variable, Nj, which is
caused by L; has no direct causal effect on either X; or Y.

Means were taken of continuous individual-level vari-
ables to generate their aggregated cluster-level counter-
parts, except for N;, which was derived using the novel
algorithm outlined in Fig. 2. Individual-level binary
variables were aggregated to count variables. Data thus
comprised individual-level variables Z;, L;, N;, X;, and
Y; obtained from DAG-informed simulations [42], and
derived cluster-level variables Z;, Lj, N;, X}, and Y;. To
acknowledge the deterministic nature of cluster-level
variables, we adopt the recommended notation of dou-
ble-edged enclosures for determined variables and dou-
ble-lined arcs for deterministic pathways [43].

Simulations

All  individual-level causal relationships (direction
and strength) in the hierarchical causal diagram were
assigned standardised path coefficients (p1,...,07),
which translate to a Pearson correlation matrix of the

Individual (i)

t P2

Fig. 1 A hierarchical causal diagram illustrates individual-level causal relationships among five variables (circles are unobserved, i.e, latent;

squares are observed; double-edged enclosures are determined variables): Y, the outcome; X, the exposure; Z, a regular’ confounder of the X — Y
relationship that is observed; L, a latent confounder of the X — Y relationship that is unobserved but affects individual-level latent variable N;, which
manifests as an observed cluster-level feature, N;. The solid single arrows signify causal relationships between variables; dashed lines are bivariate
correlations realised among aggregated cluster-level (fully determined) variables; and double-lined arrows indicate deterministic pathways [43]
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(a) Sort the simulated data according to ascending order of the N; values
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(b) Transform standardised values to have mean of 10 000 and standard deviation of 10

e
12 93 a 3 e o
24 76 b 2 © "o
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(c) Subset the values into C = 100 approximately equally sized bins

24
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~
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(d) Randomly select one value in each subset, round it (IV]-) and reassign to all bin elements

ﬂ-

m

@ g
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(e) Randomly add +1 to 1'\7, to generate N; such that ¥, N; equals population size (N = 100 000)

12 93 a g
24 76 b £
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(f) Gather rows into clusters of size N; (now of varying size) in order of N;

P Wi N S

12 93 N, 973 ;{ 1

24 76 N, 973 é N,

5 104 N, 973 3 %
N, 973 wt; (k)

Fig. 2 A schematic illustration of the algorithm that transforms an individual-level latent variable into a cluster-level measure of cluster size, which
is used to produce the data clusters, illustrated using the example of daily mean levels of physical activity (PA) in minutes as the exposure and body
weight (Wt) in kilograms as the outcome. (footer): The algorithm categorises simulated individual-level data into C clusters to convey cross-level
associations with causal origins as per the data generating mechanism of Fig. 1. The process involves: (a) sorting individual-level data by ascending
latent variable N; values; (b) rescaling such that, once rounded, N; are potential cluster sizes with mean N/C = 1000 and standard deviation 10; (c)
subset selection into C evenly sized subsets — enclosed in the three ellipses; (d) randomly select one N value per subset and round to generate

C = 100 cluster size values [alternatively, take subgroup means and round]; (e) undertake value modification to randomly selected cluster size
values by adding or subtracting one to ensure all cluster sizes sum to population size; and (f) regroup subsets into unequally sized clusters —
enclosed in the two new ellipses — based on the ordered values of N;
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individual-level data [45, 46]. The embedded DAG deter-
mined a level-1 correlation matrix, but this does not
provide information on variable distributions. Where
population data comprised only continuous measures,
we assumed standardised multivariate normality for
individual-level variables, i.e., {Z;, L;, N;, X;, Y;} ~ N (0, X),
where X is the DAG-implied correlation matrix. The
L; — N; causal relationship — giving rise to cross-level
associations with specified causal origins — was set to be
strong (ps = 0.8) to minimise residual confounding, i.e.,
where adjustment for confounding is incomplete, due to
using the confounder’s surrogate of cluster size. Estima-
tion of the X; — Y; causal relationship is expected to be
imperfect due to residual confounding bias.

Despite being mathematically convenient, all variables
being multivariate normal is unlikely for many contexts.
As implications of nonnormal distributions are profound
for the outcome — requiring different analytical methods
that typically introduce link-function transformations
— two main scenarios were considered: 1) all individual-
level variables were multivariate normal; and 2) individ-
ual-level outcome, Y;, was binary with a prevalence of
10%, while all other individual-level variables remained
multivariate normal. We additionally explored three
adaptations to these scenarios to gain insights into related
interesting problems, such as what if: a) the binary out-
come had 0.01% prevalence to explore the effect of mod-
elling rare outcomes (e.g., rare diseases) [47], which can
create estimation challenges [48]; b) latent confounding
was binary (10% prevalence) for continuous outcomes;
and c) latent confounding was binary for binary out-
comes (both with 10% prevalence).

To limit computational challenges (as simulations
take many days) while seeking realism, a population of
N = 100000 was sought to reflect a country’s subregion
(e.g., local authority), and C = 100 small area subclusters
(e.g., census geographies). The X; — Y; standardised path
coefficient p7 (i.e., the prespecified standardised causal
effect) ranged from 0.0 to 0.5 in increments of 0.1, pro-
viding a range of six estimates, a sufficient number to
identify various forms of nonlinearity in potential biases.
Modest and equal confounding path coefficients of 0.3
were adopted throughout. Simulations were replicated
1000 times with model estimates derived as the median
of all estimates.

To simulate multivariate normal data we used the R
package dagitty [42], which takes a specified DAG
to obtain its implied correlation matrix, from which
multivariate Normal data are generated. More com-
plex techniques are needed to simulate multivariate
data with a mixture of distributions. We used the Gen-
Data algorithm in R developed by Ruscio and Kacze-
tow [49], which benefits from being ‘tuned’ to optimise
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performance (Appendix, Section "Introduction"”). The
creation of data with a targeted covariance structure
is never guaranteed, as it remains challenging to gen-
erate complex multivariate nonnormal data. Simula-
tions were therefore investigated for signs of concern
— while some simulations were challenging, there were
no concerns with overall findings (Appendix, Section
"Introduction").

The main simulations thus comprised four scenarios
for continuous and binary outcomes:

=

path coefficients were zero except py and py = p3 = 0.3.

2. path coefficients were zero except p; with ps = p5 = 0.3
and pg = 0.8.

3. path coefficients were nonzero except p1 = 0, with
P2 = p3 = p4 = p5s =0.3and psg = 0.8.

4. path coefficients were nonzero with p; = 0.5, p2 = p3

= p4 = p5 = 0.3and pg = 0.8.

and three adaptations to Scenario 4:

4a) binary outcome prevalence was 0.1%.

4b) L;— confounding was binary (10% prevalence)
while the outcome was continuous.

4c) L;— confounding and outcome were binary (both
10% prevalence).

Scenario 1 explored individual-level regular con-
founding by setting nonzero path coefficients for the
Z; — X; and Z; —Y; relationships. Ecological analyses
accommodated this by adjusting for aggregate vari-
able Z;. Scenario 2 explored unobserved confounding
by setting nonzero path coefficients for relationships
Li—X;, Li—Y;, and L; — Nj; the latter necessary to
create cross-level associations between cluster size
N; and individual-level variables. Ecological analy-
ses addressed unobserved confounding by adjusting
for cluster size as its surrogate measure (necessary
since the aggregate variable L; was latent). Scenario 3
explored the influences of regular and latent confound-
ing combined by setting nonzero path coefficients for
relationships Z; — X;, Z;—Y;, Li—X;, Li—Y;, and
L; — N;. This explored if residual confounding due to
partial adjustment for L; confounding was affected by
regular confounding by Z; — the level 1 DAG implies
this should not happen for individual-level data, but
the influences of clustering, adoption of ecological
analyses, and use of link transformations for binary
outcomes might change this. Scenario 4 was the most
complex, with regular confounding by Z; also influenc-
ing latent confounding by L;, placing greater emphasis
on the suboptimal adjustment for the aggregate sur-
rogate of cluster size. The first extension to Scenario 4
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Table 1 Summary of the different models undertaken. All models were adjusted for regular confounding if present (the ecological
analyses adjusted for Z;, while the multilevel analyses adjusted for z). For the multilevel and ecological analyses, where Y was
continuous, models were linear; where Y was binary, models 1-3 and 7 were Poisson (log link) while models 4-6 were linear

Model Model Formula Outcome Distribution (Link Function)
Multilevel

1 - cluster-size-adjusted Vi~ X+ N Normal (identity) / Poisson (log)
Ecological

2 - cluster-size-adjusted Vi~ X +N; Normal (identity) / Poisson (log)

3 - inverse-size-adjusted Vi~ X +1/N Normal (identity) / Poisson (log)

4 - ratios-unadjusted Yi/N; ~ Xi/N;
5 — ratios-size-adjusted
6 — ratios-inverse-size-adjusted

7 - log-size-offset

Yif N ~ Xi/N; + N
Vi/Nj ~ X5/ Ny +1/N;
Y, ~ X + offset (logh; )

Normal

)

)

Normal (identity)
identity)

)

(
(
(
(
Normal (identity,
Poisson (log)

(4a) evaluated how binary outcome models performed
for rare outcomes; the second and third extensions (4b
and 4c) evaluated the impact of binary latent confound-
ing for continuous and binary outcomes, respectively.

Analyses

For both continuous and binary individual-level out-
comes across the four main scenarios, multilevel and
several ecological analyses were explored for different
approaches to adjusting for cluster size (Table 1). The
most straightforward strategy is to include cluster size
(N) as a linear term within the model, i.e., Models 1 &
2 in Table 1: 1) multilevel analyses adjusted for cluster
size Nj; and 2) ecological analyses adjusted for cluster
size, N;. Five additional models were considered and
are detailed in Appendix Section "Methods". All mod-
els adjusted for regular confounding, with multilevel
analyses adjusting for Z; and ecological analyses adjust-
ing for Z;. For all binary outcomes we adopted a Pois-
son model with log link to facilitate comparisons across
models.

We illustrate model results by plotting median esti-
mates for each model against simulated truth (X; — Y;
path coefficient p7 in Fig. 1) for the four main scenar-
ios in Fig. 3. For the three extensions to Scenario 4 we
plot raw estimates in Fig. 4 to illustrate heterogeneity
of model estimates. For visual clarity, charts do not
include 95% simulation intervals. For continuous out-
comes, true values are the specified path coefficients
(i.e., p7); for binary outcomes, true effects must be
transformed due to the Poisson log link; and for ecolog-
ical analyses of ratio outcomes (Yj/N;), effect estimates
for (Xj/N;) must be rescaled by dividing through by the
number of clusters (Appendix, Section "Methods").

We used the statistical software R version 4.4.1 for all
simulations and analyses [50]. The reproducibility pack

containing R-code and instuctions on how to replicate
or adapt the simulations can be found here: https://doi.
org/10.5281/zenodo.14901732.

Results

Standardised datasets were simulated for the DGM in
Fig. 1 for all four main scenarios and three extensions to
Scenario 4. Figures 3 and 4 illustrate the results graphi-
cally, while Table 2 summarises median and standard
deviation of estimated biases. Results show:

1. Scenario 1: In the presence of regular confounding by
Z; (addressed by direct adjustment in multilevel anal-
yses and adjustment for aggregate Z; in the ecological
analyses) all continuous and binary outcome models
were free of bias (Fig. 3A and B). A key difference
between multilevel and ecological analyses for either
continuous or binary outcomes was greater heteroge-
neity among the ecological estimates (Table 2).

2. Scenario 2: In the presence of latent confounding by
L; (addressed by adjusting for cluster size as its surro-
gate), all analyses suffered bias (Fig. 3C and D). Multi-
level analyses suffered residual confounding bias (i.e.,
due to imperfect adjustment for cluster size) while
ecological analyses suffered aggregation bias that was
larger than residual confounding bias (Table 2). The
ecological analyses also revealed a nonlinear degree
of bias with respect to the specified causal effect (po7)
for binary outcomes.

3. Scenario 3: In the presence of unrelated regular and
latent confounding (by Z; and L;, respectively), results
were similar to Scenario 2 for continuous outcomes
(Fig. 3E), but different for binary outcomes (Fig. 3F).
The combination of regular and latent confounding
yielded different biasing influences for binary out-
comes due to aggregation and link-function trans-
formation of the binary outcome. Ecological analyses
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consistently demonstrated larger estimate hetero-
geneity than multilevel analyses (Table 2). Both the
multilevel and ecological analyses revealed a nonlin-
ear degree of bias with respect to the specified causal
effect (p7) for binary outcomes.

4. Scenario 4: In the presence of causally related regular
and latent confounding (by Z; and L;, respectively),
the nature of biases altered for both continuous and
binary outcomes. Multilevel analyses still fared bet-
ter than the ecological analyses, with the latter more
heterogeneous (Table 2).

4a. When the binary outcome was rare, both multi-
level and ecological analyses were affected, with esti-
mate heterogeneity for ecological analyses increasing
substantially (Fig. 4a, Table 2).

4b. For continuous outcomes, binary latent con-
founding had modest biasing impact on both analy-
ses but more so for the ecological analyses (Fig. 4b,
Table 2).

4c. For binary outcomes combined with binary
latent confounding some modest simulation bias was
detected (see Appendix Section "Introduction”) and
estimate heterogeneity for the ecological analyses
increased for larger effect sizes (Fig. 4c, Table 2).

Results from Scenario 1 indicate that if all variables
are multivariate normal, point estimates of both mul-
tilevel and ecological analyses suffer only residual
confounding bias. However, model heterogeneity is
considerable for the ecological analyses (Table 2).
Within a single study, sampling variation may lead
to small errors for the multilevel analyses but sub-
stantial errors for ecological analyses. In Scenario 2,
Model 2 was the least biased of all ecological analyses,
but estimate heterogeneity was large (Table 2); analy-
sis of any one sample will therefore be very uncertain.
Scenario 3 indicated that multiple, unrelated, types
of individual-level confounding exacerbated bias for
binary outcomes, even though this is not implicated
by the DAG for single-level analyses. Aggregation and
the link-function transformation thus made a difference
to the ecological analyses for binary individual-level

(See figure on next page.)
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outcomes. Scenario 4 indicated that multiple, causally
related types of individual-level confounding exacer-
bate bias (again, not implicated by the DAG for single-
level analyses) and this occurs for both continuous and
binary individual-level outcomes. Bias among the eco-
logical analyses of a binary individual-level outcome
changed from Scenario 3, revealing sensitivities to the
individual-level causal structures among confounders.
The extended analyses of Scenario 4 demonstrated that
multilevel analyses remain the most robust (Fig. 4a,
Table 2). Binary confounders elevated bias for both
continuous and binary outcomes for both multilevel
and ecological analyses (Fig. 4b & c, Table 2). Overall,
multilevel analyses consistently fared better than eco-
logical analyses in terms of bias and errors with model
estimates due to sample heterogeneity combined with
aggregation.

Discussion

Our first goal was to hypothesise a data generat-
ing mechanism (DGM) that describes a population in
which research might be undertaken where interest lies
in reliably estimating a population average causal effect
of a causal phenomenon at the individual level. We
explored circumstances relevant to studying non-com-
municable diseases for causal impacts affecting indi-
viduals in the presence of individual-level confounding
that is causally linked to cluster size (Fig. 1). Our sec-
ond goal was to simulate hierarchical data for this
DGM, requiring a novel algorithm described in Fig. 2 to
ensure we encapsulate cross-level causal relationships.
This demonstrated how a multilevel path diagram
may inform hierarchical data simulation with speci-
fied cross-level causal structure. Our final goal was to
estimate the causal phenomenon at the individual level
using multilevel and ecological analyses, evaluating the
utility and robustness of each approach in obtaining the
unbiased magnitude of simulated causal effects. Our
results highlight the superiority of multilevel analyses
over ecological analyses and illustrate the imperative of
having individual-level data to investigate individual-
level causal phenomena.

Fig. 4 Plots of multilevel and main ecological estimates of simulated data (plotted in black and orange respectively) for Scenario 4 (where estimates
of p7 were sought for causally related regular and latent confounding) with additional complexity considerations: (a) low outcome prevalence

(0.19); (b) binary L;— confounding (10% prevalence) with continuous outcome; and (c) binary L;j— confounding with binary outcome (both 10%
prevalence). The diamond shaped plots are individual simulation cluster-level estimates (y-axis) plotted against the individual-level simulated ‘true’
effect sizes (x-axis); the grey dotted line depicts perfect agreement between simulated and estimated effect sizes; continuous lines are linear fitted
lines to all 1000 estimates. Scenario 4a: Estimates of py with regular and latent confounding that are causally related with low binary prevalence.
Scenario 4b: Estimates of py with regular and latent confounding that are causally related with binary latent confounding and continuous outcome.
Scenario 4c: Estimates of py with regular and latent confounding that are causally related with binary latent confounding and binary outcome
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Principal findings

Ecological analyses of causally structured hierarchical
data revealed that cluster estimates of individual-level
causal effects were more heterogeneous and less robust
than multilevel analyses. Unobserved confounding at the
individual level can be adjusted for in ecological analyses
using cluster-level surrogates obtained either as aggre-
gated summaries or causally related cluster variables,
but this is less effective than adjusting for cluster-level
surrogates in a multilevel analysis. Residual confound-
ing always occurs but is less severe for multilevel analy-
ses, which produce more homogeneous model estimates.
Ecological analyses suffered aggregation bias due to
engaging with variables purely at the cluster level, exac-
erbated by outcome link-function transformations for
binary outcomes.

We simulated a known causal relationship between
individual-level variables and cluster-size because the
latter is often treated as though it ‘confounds’ (or, more
likely, is a surrogate of unobserved confounders), even
though the basis of this is rarely stated explicitly in terms
of a priori causal origins. It would be helpful for research-
ers to be clearer in the future as to what cluster size rep-
resents in studies that adjust for it. Without undertaking
causally structured simulations, there is no way of being
sure that adjustment is either justified (as per an appro-
priate DAG) or indeed has the desired effect.

Given the assumptions adopted and ecological models
evaluated, ecological analyses suffered estimate hetero-
geneity that overwhelmed residual confounding bias, and
there are no obvious fixes to these issues. For binary out-
comes, the simplest ecological analysis (Model 2, Table 1)
did as well as the multilevel analysis (Model 1, Table 1)
only when averaged over 1000 repeated simulations,
while sample heterogeneity meant that for any single
dataset the ecological analysis is less favourable. Hetero-
geneity for the ecological analyses was exacerbated by
the skewed distribution of aggregated counts for binary
confounders.

For populations in which we seek to investigate non-
communicable diseases and evaluate causal effects on
individuals, individual-level data are needed. Each level
of a natural hierarchy may be viewed through a causal
lens, with each level encoded separately in a DAG, con-
tributing to a multilevel causal diagram, where cross-level
causal effects are captured via the algorithm outlined in
Fig. 2.

Limitations & improvements

There are several limitations to our study. First, we con-
sidered one DGM to reflect population homogene-
ity with no between-person interference, emulating
the study of non-communicable diseases. These were
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deliberate simplifications; other DGMs likely reveal dif-
ferent patterns of bias, but the implications for most
ecological analyses are clear. Alternative DGMs must
be explored, e.g., where clusters are not from the same
homogeneous population and/or between-person inter-
actions arise, to understand the implications for the eval-
uation of these situations. The principles outlined in this
study for data simulation extend to any real-world hier-
archical context, though it is necessary to navigate DAG
construction carefully after first obtaining a good grasp
of the underlying data generating processes at work. This
requires expertise in drawing DAGs — some specific con-
siderations are outlined in Section "Important principles
underpinning the development of causal graphs" of the
Appendix.

Another limitation was to consider just one regular and
one latent confounder. This nevertheless sufficed to show
that multiple individual-level confounders can ‘inter-
act’ to exacerbate ecological biases — where confounders
are unrelated to each other, this may impact only binary
outcomes, but where confounders are causally related,
continuous outcomes are likely affected also. Confound-
ers were also mostly multivariate normal, as focus was
on differences in outcome distribution, but the extended
Scenario 4 simulations demonstrated that binary latent
confounding could exacerbate bias for the ecologi-
cal analyses. More simulations might explore multiple
binary confounders (i.e., for both Z; and L;), but these are
unlikely to show that ecological analyses will perform any
better.

We also did not consider an exhaustive range of pos-
sible path coefficients, levels of confounding were mod-
est, and we did not vary the complexity of simulations
to accommodate features such other outcomes distribu-
tions, or complex parametrisations involving nonlinear
relationships and/or covariate interactions. Scope for
additional complexities is infinite, and we settled on a rel-
atively straightforward representation of what is plausible
and relevant for research in population health investiga-
tions into non-communicable diseases.

For computational reasons we made pragmatic choices
in simulating a total population (N) of only 100000 indi-
viduals with an arbitrarily 100 clusters (C). While head-
line messages would be similar, exact findings would
differ had the ratio of N to C been different — i.e., MAUP
previously described. Exploring MAUP was not our
focus, but methods for its investigation are now more
accessible using the algorithm described in Fig. 2.

Finally, we had to examine our simulated datasets for
potential problems, and this is indicative of just how
challenging it is to simulate causally structured data (even
single-level data, as that was where we started). There is a
paucity of solutions to this problem, despite emergence
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of several software packages that purportedly generate
data of a prespecified causal nature. No software pres-
ently makes this easy for a mix of distributions within
single-level data, let alone causally structured multilevel
data. This gap in our toolkit limits our research capabili-
ties and provides an ongoing challenge.

Implications for ongoing population research

Practical implications of our work are: 1) simulations
of causally structured hierarchical data are imperative
for the evaluation of efficacy of methods within popula-
tion research for all possible population data generating
mechanisms; 2) methods reliant on synthetic data, such
as ABMs, must be assured that synthetic data reflect all
important causal structures, including cross-level effects;
and 3) methodological issues with hierarchical data, such
as MAUP, must be better understood — issues that are all
readily examined using the foundation work of this study.

When seeking causal understanding in population
research, adjustment for confounding (either directly or
via surrogate measures) is vital for reliable and robust
research insights. Many studies consider some form of
adjustment for cluster size, though rarely is this justi-
fied. It might be that cluster size directly influences indi-
vidual-level variables, or cluster size acts as a surrogate
for such influences — for instance, acting in tandem with
geographical size, as surrogate measures for air qual-
ity within clusters affected by daily transport usage and
consequent air pollution that can impact respiratory and
cardiovascular health. Perhaps no causal process is envis-
aged but heterogeneity across clusters is observed, invok-
ing adjustment for cluster size to improve precision of
within-cluster estimates.

If there are causal processes operating that give rise
to cross-level influences related to cluster size, there are
different ways to accommodate this (see Appendix, Sec-
tion "Methods"). Creation of ratio variables by divid-
ing through by cluster size does not remove its direct or
surrogate confounding influences; such strategies have a
severely deleterious effect on model estimates. The same
is true for adjusting for the reciprocal of cluster size. The
benefit of including an offset of the logarithm of cluster
size in Poisson models for clustered counts — common
in epidemiology [51] — has not been justified and our
simulations show no benefit but only increased aggrega-
tion bias. It is unlikely that a log-size-offset could benefit
robust causal inquiry for other DGMs — such insight to
the limitations of a common analytical practice demon-
strates the importance of causally structured simulations
to evaluate the methods we use routinely.

Without a priori knowledge of causal structures among
individual-level confounders and cluster-level surrogates,
robust causal estimation of individual-level relationships
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is impossible — yet this is what is often wanted. Where
ecological analyses are the only option, it is best to adjust
directly for the best surrogate of all individual-level
confounders, but this may yield enormously unreliable
estimates in many instances. Detailed individual-level
information is often hard to obtain due to data protec-
tion legislation that limits access to and use of person-
alised data [52]. Centralised population-based registers
are rarely available to allow for a deterministic linkage
of records across multiple domains such as sociodemo-
graphic characteristics and health. This gap in the avail-
ability of data has led to either ecological analyses or the
creation of synthetic hierarchically structured data — the
latter is increasingly used within public health and sev-
eral other research domains.

The Systems Science in Public Health and Health Eco-
nomics Research (SIPHER) consortium [53] has gener-
ated a synthetic population dataset for population health
research across Great Britain [54], based on simulated
annealing [55]. This spatial microsimulation approach
optimises all aggregate-level patterns across small geo-
graphical areas but currently does not preserve causal
structures within all levels or between levels of a natu-
ral hierarchy. Despite its advantage of being available for
all Great Britain at a granular geographical resolution,
the creation of SIPHER’s synthetic population does not
embrace causal thinking and/or reflect a causal data gen-
erating processes. To our knowledge, no current simula-
tion practice achieves this for complex hierarchical data
structures. This is problematic where marginal correla-
tions indicate associations between variables within and
between levels of a data hierarchy and these relation-
ships might be causal. Accounting for this is vital when
relying on simulated data to conduct investigations using
microsimulations or ABMs [53]. If known or hypoth-
esised causal structures do not drive data simulations, it
is impossible to explore if subsequent causal effect esti-
mation for synthetic data is robust. The properties of
utilised synthetic data and their impact on results must
therefore be evaluated extensively for different contexts
for researchers to be confident that resulting analyses are
robust.

Complex systems abound and these will always be dif-
ficult to unravel causally, but we see increasing attempts
to study the whole - i.e., a whole systems approach [56]
— yet to achieve this we must improve our causal meth-
ods. Qualitatively speaking, this was addressed in obesity
research when the Foresight systems map was published
in 2007 [57]. Yet, despite considerable momentum in
applying a whole systems approach to obesity [58—60],
studies remain limited to qualitatively understanding the
system. The value of blending multiple methods from the
systems toolkit has been illustrated — for example, ABMs
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and system dynamic modelling [61] — but to date no
research has taken a meaningful and robust quantitative
perspective, evidenced by the lack of causally structured
individual-level synthetic data orientated to the Foresight
map. The algorithm outlined in Fig. 2 to generate caus-
ally structured hierarchical data is a step towards creating
data for such complex systems, and the development of
hierarchical causal diagrams is imperative to inform how
best to conduct robust complex analyses in such data.

Conclusions

Separation of within- and between-person causal effects
is a legitimate objective and can be achieved with mini-
mal bias using multilevel models. When information
on all confounders is available, causal analyses must be
informed by appropriate hierarchical causal diagrams
to indicate which variables are included for each focal
relationship of interest. Analyses that evaluate marginal
relationships at the uppermost level of a data hierarchy
(i.e., ecological analyses) generally cannot provide robust
estimates of causal effects impacting at the individual
level. While it has been known for some time that eco-
logical analyses invoke the ecological fallacy [62] — i.e.,
where attributing features of clusters to units within
clusters may mislead [63] — this has not been evaluated
previously in a causal framework. We now reveal how
and to what extent residual and/or unadjusted confound-
ing bias and aggregation bias arise in ecological analyses
from a causal perspective. For contexts involving regular
and latent confounding at the individual level, ecological
analyses will suffer residual confounding and aggregation
biases, while multilevel models will suffer only residual
confounding bias, and this is generally less than the esti-
mate heterogeneity encountered with ecological analyses.

Interest in understanding the myriad impacts of a com-
plex and rapidly changing world has never been greater,
yet our data science capabilities to obtain robust causal
insights of population systems — whether local, national,
or international — remain woefully inadequate. We need
more robust quantitative capabilities to help decision-
makers arrive at robust evidence-based decisions. Our
analyses must be able to assess accurately the causal pro-
cesses impacting humans at the individual level. To do
this, we must understand our capabilities to evaluate cau-
sality in complex hierarchical systems.

Within population research, the role of cluster size
and the interpretation of cross-level associations with
individual-level relationships must be carefully consid-
ered in a causal framework, which warrants the crea-
tion of causal diagrams for all levels of a data hierarchy.
While some hierarchies are arbitrary, some matter —
hence MAUP - realising and respecting this is essential.
We should abandon the naive approach of correlational
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analyses and only perform robust causal inquiries using
state-of-the-art causal inference methods, even though
these are still under development for hierarchical data
structures. Many challenges remain, but this study starts
to address the methods gap.

Appendix

Details of the simulation procedure

To simulate multivariate normal data, the impliedCo-
varianceMatrix routine in the R package dagitty was
used with the prespecified path coefficients of each level
1 DAG Scenario. To simulate a mixture of multivariate
distributions we used the GenData routine in R devel-
oped by Ruscio and Kaczetow [49], which benefits from
prespecifying the number of latent factors used to ensure
reliable simulations. The number of factors to consider is
between one and the total number of variables simulated
less one. The GenData algorithm was initially tuned over
500 repeats, and then over 1000, and finally 5000 repeats,
to explore consistency. This process was computation-
ally intensive and on a 32-core workstation took nearly
4 days. The final simulations and analyses of all datasets
took a further 6 days.

GenData tuning

The tuning involved first using the impliedCovari-
anceMatrix routine in R package dagitty to obtain the
exact covariance of each parameterised DAG, where
‘exact’” means that simulated multivariate normal data
for the DAG were equivalent to that obtained using the
mvrnorm routine in R with the option empirical = TRUE
— this removes variations due to random sampling and
the covariance of the simulated data was thus exactly
that implied by the parameterised level 1 DAG. This is
not realistic for real-world situations but useful to evalu-
ate the performance of each simulation. When simulat-
ing data for continuous outcome scenarios we used the
option empirical = FALSE to deliberately invoke ran-
dom sampling variation. The GenData routine is never
exact and always simulates multivariate data with sam-
ple variation. When simulating multiple datasets using
GenData for each DAG-specified covariance structure
we contrasted the observed covariance structure to that
obtained in R package dagitty for empirical = TRUE and
averaged deviations for each simulated dataset to assess
by how much each simulated dataset deviated from the
targeted covariance structure in five ways: 1) the num-
ber of simulation attempts that failed to return data, i.e.,
GenData failed to converge — this occurred occasion-
ally for some specifications or for all attempts at a given
number of latent factors; 2) root-mean-square (RMS) of
all contrasts of pairwise bivariate correlations between
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simulated and targeted standardised covariance matrices
such that dividing through RMS values for each of the
factor options by the smallest RMS ensures the optimal
number of factors has an RMS of 1.0 and all other fac-
tor options had RMS values greater >1.0; 3) RMS of pair-
wise correlations involving only outcome Y, as this is the
outcome in the analyses; 4) standard deviation (SD) of all
pairwise bivariate deviations between simulated and tar-
geted standardised covariance matrices since large SDs
could indicate volatility and potential bias in some data-
sets; and 5) the time taken to execute repeated simula-
tions for a specific number of latent factors, as this helps
differentiate quicker options if there are multiple options
available.

Table A3 summarises the tuning process for the first
half of Scenario 1 and the second half of Scenario 4 for
the main simulations. The size of bias increased with
increasing constraints imposed by the DAG for increas-
ing path coefficient values. For many configurations
there was a clear first choice for the number of fac-
tors, sometimes a second choice. First choice options
delivered reasonable simulations. Simulating data for
the extensions to Scenario 4 revealed that some did
not converge — this did not prohibit successful tuning.
Simulation challenges increase for non-Gaussian vari-
ables that are ancestors to other variables. Consider the
simplified DAG for sex and body weight, for instance,
where the former causes the latter (ignoring all other
factors). Using the covariance of sex and weight, Gen-
Data starts with two variable distributions: binomial
with specified male-female proportions and a Gaussian
with mean and SD (this is for all males and all females
combined). Simulated data are found by suitable mix-
ing of both distributions to obtain the target covari-
ance, yielding data in which the first two moments
(i.e., mean and variance, plus variable covariances) are
obtained. With correctly derived first two moments,
first-order fixed effects and associated standard errors
will be robust in the analyses of the simulated data. In
this example, it is anticipated that population weight
is bimodal — a mixture of two Gaussians; one for each
sex. Simulating data that are generated longitudinally
(i.e., sex precedes weight) from a cross-sectional covar-
iance (i.e., agnostic to time) is less likely to yield simu-
lated data with perfect correspondence to real-world
data (i.e., where weight is a clear mixture of two Gauss-
ians). This is why simulated annealing, currently used
by SIPHER, is superior for capturing internal structure
that evolves due to temporal data generation, though
currently this approach does not ensure all within-
and between-level causal structures are realised. With
temporal dimension we refer to the assumption that
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margins seen in observed data can be understood as
being caused by the temporal flow of causality (e.g.,
sex precedes weight). This temporal flow of causality
is currently not accounted for in GenData. We thus
need better methods of simulating complex causally
structured data. For our study, GenData sufficed to
generate data with causal structures, but future studies
should seek tools that combine advantages of simulated
annealing and DAG-informed simulation.

Additional internal validation checks of the simulated
datasets

We also evaluated how well data were simulated by
exploring the results of multilevel models where adjust-
ment was made for both regular and latent confounding
at the individual level (i.e., adjusting for Z; and L; explic-
itly). These multilevel estimates should be close to truth
and by examining median values over repeated simula-
tions when the causal effect is zero (i.e., p; = 0) identifies
biases introduced by the simulation. Zero or negligi-
ble bias (<0.001) was detected for the main four binary
outcome models whereas larger biases were detected
for Scenario 4 extensions: 0.208 for 4a (low prevalence
binary outcome); 0.049 for 4b (binary confounding, con-
tinuous outcome); and 0.111 for 4c (binary confound-
ing, binary outcome) — indicating that GenData was not
perfect. These biases determined when p; = 0 were sub-
tracted from the estimates for path coefficients p; > 0 for
the Scenario 4 extensions when results were summa-
rised graphically in Fig. 4. While reasons for such biases
remain unclear, these were modest, and headline conclu-
sions were unaffected.

Graphical results of ecological Models 3 to 7

versus multilevel Model 1

The main text focusses on the straightforward adjustment
for cluster size in both the multilevel (Model 1, Table 1) and
main ecological analyses (Model 2, Table 1). Here we detail
additional ecological analyses, which included; Model 3
— adjustment for the inverse of cluster size, 1/N;; Model
4 — analysis of ratios, where Y;/N; was examined in rela-
tion to X;/Nj; Model 5 — analysis of ratios with the addi-
tional adjustment for cluster-size, N;; Model 6 — analysis of
ratios with additional adjustment for the inverse of cluster
size,1/Nj; and for binary outcomes only, Model 7 — adjust-
ment for the log-size-offset term offset (logN'), which has
been recommended in epidemiology for clustered counts
[51], though no formal rationale for this could be found.
To illustrate the analytical differences for a more technical
reader, we summarise the difference algebraically between
the multilevel analysis and the ecological analysis (where i
depicts the individual level and j the cluster level):
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MultilevelY}; = Boij + B1jXij + B2ijZij + B3iNj + uoj + €;

Ecological: Y; = Bo; + B1;X; + B2jZ; + B3jN; + €jwhere
ug; and e; multilevel random effects at the cluster and
individual levels, respectively, and ¢; is the ecological ran-
dom effect at the cluster level; and the variable hat indi-
cates an individual level variable that has been aggregated
to the cluster level. It should be noted that for ratio analy-
ses of continuous individual-level variables the aggre-
gated variable is cluster mean (i.e., derived after dividing
the aggregated cluster values by Nj), but since dividing
a measure through by the source of its heterogeneity is
common practice to ‘standardise’ that measure, we con-
sider the situation where division by N; occurs twice for
continuous outcome Models 4 to 6.

Results for ecological Models 3 to 7 versus multilevel Model 1
Figure A5 summarises the results for the additional eco-
logical analyses Models 3 to 7 (Table 1). For Scenario 1,
all continuous and binary outcome models were free of
bias (Figures A5A and B). For Scenario 2, all analyses suf-
fered bias (Figures A5C and D), with all ecological analy-
ses suffering considerable aggregation bias. Results for
Scenario 3 were similar to results Scenario 2 for continu-
ous outcomes, but different for binary outcomes (Figures
AS5E and F). Results for Scenario 4 differed substan-
tively for both continuous and binary outcomes, reveal-
ing the impact that causally linked multiple confounders
can have on all analyses. The impacts of linked multiple
confounding were particularly exacerbated for binary
outcomes due to the combined influences of aggregation
and link-function transformation of the outcome.

The creation of ratios by dividing the outcome by the
cluster size had severely deleterious effects on model esti-
mates, as too sometimes did adjusting for the reciprocal of
cluster size. These results for ratio variables have implica-
tions for other ratio variables (e.g., body mass index, BMI)
— if a variable is constructed to ‘standardise’ one measure
(e.g., weight) with respect to another variable that yields
heterogeneity (e.g., height), construction of ratios is not
the same as, nor a viable alternative to, direct adjustment
(as for genuine confounders). The assumption typically
underpinning confounders is that they, not their recipro-
cal, are linearly or near-linearly related to the exposure
and the outcome. While other parametric assumptions
may be necessary (e.g., nonlinearity and interactions with
other variables), at no point is it helpful to take variables
that demonstrate heterogeneity and divide through them
by causes of that heterogeneity [43]. A causal diagram can
inform appropriate adjustment, with parametric consid-
erations explored once the adjustment set is known.

The practice of including an offset of the logarithm
of cluster size in Poisson models for clustered counts
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maybe often be used in epidemiology [51], but the
benefits of this have not been made clear. One rea-
son might stem from viewing clustered counts as rates,
i.e., the frequency of individual-level binary outcomes
within each cluster divided by cluster size. Mathemati-
cally deconstructing the log link used in Poisson mod-
elling [log(Y/N) = log(Y) — log(N)], we switch the
outcome from a rate to a count by adding log(N) to the
linear predictor of model covariates. It is preferable to
avoid analysing ratio variables, as this invokes several
problems [64], but the notion that dividing through an
outcome by a confounder to ‘standardise’ that outcome is
misguided, evidenced by the ecological analyses of ratios.
The correct way to accommodate outcome heterogeneity
associated with cluster size is to treat it as a confounder,
i.e., as part of the linear combination of model covariates,
not by dividing through by it. Although use of a log-size-
offset may seem mathematically intuitive, for our DGM,
simulations demonstrate that it provided no benefit and
even exacerbated bias, meaning that many existing stud-
ies in the literature may have provided biased findings.

Practical application of the algorithm summarised

in Figure 2

The principles underpinning application of the algo-
rithm in Fig. 2 are that to ensure within-level causal
structure is imposed for each level of a hierarchy, a causal
graph must contain all variables for each level based on
a priori knowledge or postulated theory of the data gen-
erating processes and causal phenomena at that level; a
separate causal graph is necessary for each level at which
causal structure is assumed. Each graph yields implied
constraints for a covariance matrix of all variables at that
level. Within the simulated annealing process (as used
by SIPHER), a causal graph at each level yields marginal
constraints to inform the simulated annealing. This dif-
fers from what is current practice only in that causal
graphs are comprehensive (defining constraints for all
variables) and define narrower bounds within which
covariances can fluctuate due to sampling heterogene-
ity than might be assumed from an observed covariance
matrix. In nonparametric causal diagrams, graph-implied
covariance structure is one-to-many in both directions —
i.e., for a given causal graph, there are many (sometimes
infinite) plausible covariance structures, and for any
given covariance structure there are many (but finite, due
to the number of variables) plausible causal graphs. A
causal graph plus observed covariance is more restrictive
if the graph has missing arcs, since this reflects stronger
assumptions. The temporal order of variables plus absent
arcs thus provides greater constraint than the observed
covariance structure alone. This does not, however, cap-
ture cross-level causal relationships.
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To ensure between-level causal structure is captured, a
latent ‘surrogate variable’ is needed at the lowest level at
which the cross-level causal process originates (e.g., N; at
level 1 in our study); this latent variable then propagates
the cross-level relationship upwards through the hier-
archy via our algorithm to generate cross-level depend-
encies (e.g., between lower-level variables X; and Y; and
upper-level cluster size, Nj, in our study). We considered
two levels, but the algorithm, in principle, extends for as
many levels and as many cross-level effects as needed.
With careful consideration of all lower-level latent ori-
gin variables (e.g., N;), it is feasible to generate multiple
cross-level dependencies, omitting intermediate levels if
required. This requires an appreciation of how all effects
relate to each other at each level, requiring links between
sets of latent origin variables to ensure clusters are appro-
priately generated. This is feasible for all hierarchical data
structures, such as cross-classified and/or multiple mem-
bership data.

As the algorithm is not simulation-tool dependent it
can be incorporated within any process that implements
appropriate synthetic data generation, providing this is
informed by the hierarchical causal diagram.

Important principles underpinning the development

of causal graphs

A causal diagram, such as a DAG, requires researchers
to postulate which variables are relevant for the research
question(s) in hand, and whether these are directly meas-
urable or not — where not directly measurable, surrogate
variables that indirectly measure missing variables should
be considered. The drawing of reliable causal graphs is
hard and often requires multiple iterations and persistent
team effort, ideally involving a mix of causal inference
and domain knowledge experts. Although initially quite
challenging, practice improves this skill. Many snippets
of advice exist in the literature (see for instance: [18, 65]),
but these are not exhaustive.

Here, we summarise the key issues briefly: 1) place
variables in temporal order of ‘crystallisation’ (i.e., the
time when measures stabilise in capturing what is being
sought — for instance, some measures, such as blood
pressure, are volatile and tend to yield ‘in-the-moment’
assessments, whereas other measures, such as hyperten-
sion, evolve slowly and only attain some critical threshold
over a period of time); for variables that crystalise con-
temporaneously, these are placed at the same times in the
temporal flow of the diagram and have no arcs directly
between them but may have common unobserved (i.e.,
latent) variables as common ancestors (to invoke non-
zero bivariate correlations between them, if warranted)
— example variables that might be placed contemporane-
ously are age, sex, and ethnicity (without latent common
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ancestors, unless within a context where these are war-
ranted); 2) draw arcs by assuming forward ‘saturation’
(i.e., each variable in the causal diagram may cause all
future variables) and only remove an arc if there is strong
evidence to justify this (mechanistically or from robust
evidence in the literature), since the absence of an arc is a
stronger assumption than the presence of an arc.

Reliance on the literature can be precarious since many
observational research studies fail to embrace contempo-
rary causal inference methodology and might be deemed
speculative, not robust. It is however possible to evalu-
ate consistency between the causal diagram and avail-
able data [42]. Missing vital variables— whether this be
the omission of confounders, the failure to understand
complex causal structure among multiple confound-
ers, leading to the risk of M-bias [39], or some other
misspecification of the causal graph — will likely lead to
biased estimates of the data when analysed, the extent
of which is unknown. For missing confounders, esti-
mates will suffer unmodelled confounding bias, while for
M-bias, estimates may be adjusted in the wrong direction
(i.e., become more, not less biased). For any misspecifi-
cation of the causal diagram, there will be consequences,
but no more so than where data are simulated using
approaches that fail to incorporate vital causal structures.
Causal diagrams encode all data generating assumptions
explicitly, which makes them open to scrutiny, discussion,
and continual improvement. This is why it is imperative
to embrace causal thinking and appropriate methods in
observational research, whenever we seek causal insights.

When seeking to develop a multilevel causal diagram, it
is necessary to remain cognizant of how to deal with fully
determined variables — this applies both within each level
and between levels, with aggregated variables determined
by lower-level variables. Development of a causal dia-
gram for each level might proceed differently according
to context. For the present study, we began with a DAG
at the individual level and developed the dataset to con-
tain cluster-level variables through aggregation, whereas
if seeking to emulate the population heterogeneity con-
text (i.e., where clusters differ substantially, consistent
with being distinct countries), early considerations of a
multilevel causal diagram indicate this is better generated
starting with the cluster-level DAG. Each different hierar-
chical data generating structure must be considered on a
case-by-case basis — it is infeasible to illustrate all poten-
tial contexts and associated strategies to develop all pos-
sible multilevel causal diagrams within a single study; we
did not embark upon such a task as the number of unique
possibilities have not yet been numerated.

Embarking on the development of causal diagrams for
observational research makes scientific enquiry more
reproducible, with refinements possible in a more open
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forum. In observational research, causal origins are often
nebulous, typically complex, and reliable assessment of
cause and effect is challenging due to limited availabil-
ity of all relevant information and associated data. It has
always been thus. Only by being explicit in our assump-
tions, in ways that causal diagrams demand, can we hope
to improve the robustness of observational research.
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