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Abstract
Background: Advances in computing power have enabled the collection, linkage and 
processing of big data. Big data in conjunction with robust causal inference meth-
ods can be used to answer research questions regarding the mechanisms underlying 
an exposure– outcome relationship. The g- formula is a flexible approach to perform 
causal mediation analysis that is suited for the big data context. Although this ap-
proach has many advantages, it is underused in perinatal epidemiology and didactic 
explanation for its implementation is still limited.
Objective: The aim of this was to provide a didactic application of the mediational g- 
formula by means of perinatal health inequalities research.
Methods: The analytical procedure of the mediational g- formula is illustrated by in-
vestigating whether the relationship between neighbourhood socioeconomic status 
(SES) and small for gestational age (SGA) is mediated by neighbourhood social envi-
ronment. Data on singleton births that occurred in the Netherlands between 2010 
and 2017 (n = 1,217,626) were obtained from the Netherlands Perinatal Registry and 
linked to sociodemographic national registry data and neighbourhood- level data. The 
g- formula settings corresponded to a hypothetical improvement in neighbourhood 
SES from disadvantaged to non- disadvantaged.
Results: At the population level, a hypothetical improvement in neighbourhood SES 
resulted in a 6.3% (95% confidence interval [CI] 5.2, 7.5) relative reduction in the pro-
portion of SGA, that is the total effect. The total effect was decomposed into the 
natural direct effect (5.6%, 95% CI 5.1, 6.1) and the natural indirect effect (0.7%, 95% 
CI 0.6, 0.9). In terms of the magnitude of mediation, it was observed the natural in-
direct effect accounted for 11.4% (95% CI 9.2, 13.6) of the total effect of neighbour-
hood SES on SGA.
Conclusions: The mediational g- formula is a flexible approach to perform causal me-
diation analysis that is suited for big data contexts in perinatal health research. Its 
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1  |  BACKGROUND

1.1  |  Big data in perinatal epidemiology

To design interventions aimed at improving perinatal health, causal 
knowledge on the effects of exposures of interest (and underlying 
mechanisms) on perinatal outcomes is necessary. The field of peri-
natal health research has generally focused on answering causal re-
search questions using randomised controlled trials (RCT).1 However, 
conducting RCTs in this field to investigate the effect of certain ex-
posure on perinatal health is often unrealistic due to practical and 
ethical considerations. For example, in the study of health inequali-
ties, it is unfeasible to randomly assign the population to advantaged 
and disadvantaged socioeconomic conditions. Moreover, questions 
regarding the underlying mechanisms cannot be answered using 
RCTs.2 In these situations, researchers have supported the concept 
of causal inference with observational (big) data.

Recent advances in computing power enabled the collection, link-
age and processing of large amounts of data from multiple sources, 
that is big data. Big data can refer to datasets with a large number of 
observations (e.g., population registry data) or datasets with a large 
number of variables (e.g., genomics data).3 While big data are typi-
cally not collected for research purposes, it can contribute to health 
research through its potential to link health records with multiple 
datasets or by covering a large number of observations (often entire 
populations). In exchange for these advantages, big data present the 
challenges of being potentially incomplete, inaccurate and computa-
tionally intensive to process. Furthermore, the observational nature 
of big data represents challenges for causal inference.4

1.2  |  Causal inference and the parametric g- 
formula

Answering causal questions with big data requires both high- quality 
data and robust statistical methods. The Neyman- Rubin potential 
outcomes framework,5,6 provides conceptual definitions and sup-
ports analytic methods for estimating causal effects from obser-
vational data.7 This approach uses counterfactuals (i.e., ‘what- if’ 
scenarios) to define causal effects.8

The parametric g- formula,9 a technique embedded in the poten-
tial outcomes framework, was first introduced in 1986 by Robins. 
However, its widespread application only became feasible with 
increasing computational power.10 This technique is recognised 
as a unified and flexible causal inference approach that allows for 

designing custom interventions, a property available in a few other 
methods.11,12 The g- formula was originally proposed for applications 
in settings with confounders affected by previous exposure and can 
naturally be extended to mediation analysis.12

Mediation analysis evaluates the relative magnitude of pathways 
by which an exposure influences an outcome.13,14 The most utilised 
approach to perform mediation analysis is the Baron and Kenny, tra-
ditional, approach.15 The traditional mediation approach has import-
ant shortcomings as it is prone to bias when exposure and mediator 
interact and when the outcome is non- linear (e.g., dichotomous).16- 19 
The parametric g- formula extends mediation analysis to settings 
involving non- linearities and interactions,10,12 and its estimates are 
easily understandable population- averaged effects.11 The g- formula 
uses parametric regression models to predict outcomes under hy-
pothetical intervention scenarios (counterfactuals), which are used 
to estimate mediation effects via Monte Carlo simulation. The para-
metric g- formula is referred to as mediational g- formula when used 

application can contribute to providing valuable insights for the development of pol-
icy and public health interventions.

K E Y W O R D S
birth outcomes, health inequalities, mediation analysis, neighbourhood

Synopsis

Study Question

Is the relationship between neighbourhood socioeconomic 
status (SES) and small for gestational age (SGA) mediated 
by neighbourhood social environment?

What is already known

The link between neighbourhood SES and adverse peri-
natal outcomes has been well established. However, 
little is known about the underlying mechanisms (me-
diators). One of the potential mechanisms is neighbour-
hood's social environment. Big data in conjunction with 
robust methods could be used to identify such underlying 
mechanisms.

What this study adds

This paper provides a didactic illustration of the media-
tional g- formula, a robust and flexible approach that can 
be used to perform causal mediation analysis in a big data 
context. In the example, we found that the natural indirect 
effect accounted for 11.4% of the effect of neighbourhood 
SES on SGA.
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    |  3OCHOA et al.

for causal mediation analysis. For simplicity, in the remaining of the 
manuscript, we will refer to this approach as the g- formula.

While applications of the g- formula for mediation analysis have 
been increasing in recent years, it remains underused among sub-
stantive researchers and didactic explanation for its implementation 
is still limited.12 We provide a didactic demonstration of the imple-
mentation of the g- formula by means of an example from perinatal 
health inequalities research. The demonstration in this paper cor-
responds to a simple scenario and is meant to provide a gentle in-
troduction to the potential outcomes framework and the use of the 
g- formula in R software.20

2  |  METHODS

2.1  |  Illustrative example research question and 
dataset

Compelling evidence shows a consistent link between neighbour-
hood socioeconomic status (SES) and perinatal outcomes.21,22 
Although this relationship has been well established, little is known 
about the underlying mechanisms. One of the hypothesised path-
ways in the literature is neighbourhood social environment.23,24 
While SES refers to the economic conditions of a neighbourhood, 
social environment is defined as the relationships and processes 
that exist between its residents along with the social composition 
of a neighbourhood in terms of, for example life stage.25- 27 In our 
example, we use the g- formula to investigate whether the relation-
ship between neighbourhood SES and perinatal health is mediated 
by social environment.

2.1.1  |  Outcome

This paper focuses on small for gestational age (SGA) as the out-
come, defined as birthweight below the 10th centile for gestational 
age and sex, according to national reference curves.28 Data from the 
Netherlands Perinatal Registry (Perined) were acquired for singleton 
births at gestational ages between 24 + 0 and 41 + 6 weeks between 
1 January 2010 and December 2017. Perined contains high- quality 
information on perinatal outcomes and maternal characteristics. 
The perinatal registry was linked by Statistics Netherlands (CBS) to 
several individual- level sociodemographic registries. Unfortunately, 
only live births could be linked by CBS.

2.1.2  |  Exposure

Neighbourhood SES was quantified using the Neighbourhood Status 
Score by the Netherlands Institute of Social Research.29 The SCP 
Status Score is a validated relative indicator of neighbourhood SES 
computed using factor analysis to summarise into a single score the 
following three characteristics: (i) the percentage of residents with a 

low income; (ii) the percentage of inhabitants without a paid job; and 
(iii) the percentage of inhabitants with a low education level. 29 More 
information is available in Appendix S1, file 1.

2.1.3  |  Mediator

The measure for the mediator corresponds to the Social 
Environment Score from the neighbourhood liveability assessment 
(‘Leefbaarometer’) by the Netherlands Ministry of the Interior.30 
The Social Environment Score (range, −50– 50), one of the dimen-
sions of the Leefbaarometer, provides a single score based on the 
following indicators: residential stability (number of relocations), life 
stage diversity of households (e.g., single, couples and family house-
holds), population density and social cohesion (more information in 
Appendix S1, file 1). The score has shown good internal and external 
validity.30 Information on other neighbourhood- level characteristics 
was obtained from CBS.32 All neighbourhood- level data were linked 
to birth records using the mother's residential postcode and year of 
birth.

To facilitate the explanation of the g- formula approach, expo-
sure, outcome and mediator variables were dichotomised. To create 
the exposure categories, quintiles of neighbourhood SES were first 
calculated. The disadvantaged neighbourhood SES category corre-
sponds to the lowest quintile and the non- disadvantaged category 
refers to the remaining quintiles, thus resulting in two categories. 
The same approach was taken for the social environment categories.

2.1.4  |  Ethics approval

According to Dutch law (WMO), no formal ethical review was re-
quired. Perined provided approval (19.13) for this research project.

2.2  |  Mediation analysis using the parametric 
mediational g- formula

2.2.1  |  Counterfactuals

Under the potential outcomes framework, mediation analysis de-
fines causal effects as the difference between two counterfac-
tual outcomes.5 Counterfactuals can be thought of as what would 
have happened under alternative histories.8 Thus, a counterfac-
tual outcome refers to the outcome value that would be observed 
whether the exposure would be set to a certain value. Let Y denote 
the outcome of interest (SGA) and SES the exposure of interest 
(neighbourhood SES), which can take the (observed) values SES = 1 
(disadvantaged SES) or SES = 0 (non- disadvantaged SES). We use 
upper case SES to denote the observed values of SES. If the expo-
sure would be set to disadvantaged SES (ses = 1), the counterfactual 
outcome would be denoted as Yses = 1, and if the exposure would be 
set to advantaged SES (ses = 0) the counterfactual outcome would 
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4  |    OCHOA et al.

be Yses = 0. Lowercase ses is used to denote ‘set’ values of SES. The 
effect of the exposure is defined at the population level as the differ-
ence between these two counterfactual outcomes, that is E[Yses = 0 
–  Yses = 1]. Since these are counterfactual outcomes under alternative 
exposure levels, only one would be factual (observed).7 However, 
through the g- formula and identification conditions (section 2.2.3), 
observational data can be used to extract information about the un-
observed counterfactual outcome.

Adding a mediator makes the definitions of counterfactuals more 
complex.8 For each value of the exposure, there is a counterfactual 
value for the mediator and one for the outcome. Let M denote our 
mediator variable (social environment) where Mses=1 and Mses=0 would 
be the counterfactual values of the mediator under both potential 
exposure values. If the value for the exposure would be set to ses = 1 
and the mediator would take on the value that would naturally be 
observed under ses = 1, that isMses=1, the counterfactual outcome 
would be denoted as Yses=1 Mses=1

. Similarly, if the exposure would 
be set to ses = 0, the counterfactual outcome would be Yses=0 Mses=0

 . 
These so- called nested counterfactual outcomes are used to define 
the total and mediated effects.

2.2.2  |  Total and mediated effects

The counterfactual mediation approach outlines a natural direct ef-
fect (NDE) and a natural indirect effect (NIE) that add up to the total 
effect (TE).31 These effects are defined in Table 1. As mentioned 
earlier, there are two counterfactual scenarios in our example: (i) 
setting the neighbourhood SES value to disadvantaged SES (ses = 1) 
and (ii) setting the neighbourhood SES value to non- disadvantaged 
SES (ses = 0). The TE is the difference in outcomes of changing the 
exposure value from ses = 1 to ses = 0 (from disadvantaged to non- 
disadvantaged), defined as E

[

Yses=0 Mses=0
− Yses=1 Mses=1

]

.10 We refer to 
this change as a hypothetical intervention on the exposure where 
neighbourhood SES was improved.

The NIE, that is the effect that operates through the mediator 
(social environment), is interpreted as the effect of changing the me-
diator value from Mses=0 to Mses=1, while holding the exposure value 

constant to ses = 1, that is E
[

Yses=1 Mses=0
− Yses=1 Mses=1

]

. The NDE is the 
effect from changing the exposure from ses = 0 to ses = 1 and in both 
cases letting the value of the mediator be at their potential level as 
in Mses=0, that is E

[

Yses=0 Mses=0
− Yses=1 Mses=0

]

. As seen above, the nested 
counterfactual Yses=1 Mses=0

 is introduced to be able to define the medi-
ation effects. Using this counterfactual, we can interpret the NIE as 
the observed effect of changing the mediator as if one had changed 
the exposure but without actually changing the exposure itself. 
Likewise, the NDE effect is the effect of changing the exposure, but 
keeping the mediator fixed at whatever level it would be had the 
exposure not been changed.14

2.2.3  |  Causal diagram and identification 
assumptions

To give the total and mediation effects a causal interpretation, we 
must make certain identification assumptions: consistency, posi-
tivity and exchangeability.31 These identification assumptions, de-
scribed in Table 2, are not exclusive of the counterfactual framework 
(or the g- formula), but this framework made them explicit.

The causal diagram in Figure 1 represents the hypothesised re-
lationships between exposure, mediator, outcome and confounding 
variables. In our example, the models account for exposure– outcome 
confounders, that is individual- level characteristics (e.g., mater-
nal age, parity, ethnicity, household income and education), and 
area- level average home value. Additionally, the models accounted 
for area- level percentage of non- western migrants, not only an 
exposure– mediator confounder (which influences SES and social 
environment), but also a mediator– outcome confounder as it is re-
lated to perinatal outcomes.33 More information on the confounders 
included in the model is available in Appendix S1, file 2. A sensitivity 
analysis was conducted to assess the impact of women moving to 
another neighbourhood during (or shortly prior to) their pregnancy 
(Appendix S1, file 2).

In recent years, researchers have proposed the use of single- 
world intervention graphs (SWIGs) as a unification of causal dia-
grams and the counterfactual approach.34 In these graphs, single 
worlds are represented, for example, a world where ses = 0 sepa-
rate from the world where ses = 1, are fully represented. If our main 
question would be related to the estimation of the total effect and 
not the decomposition of it, SWIGs could be used in a straightfor-
ward manner. However, to address our mediation research question, 
the effects defined in Table 1 have cross- world references making 
the use of SWIGs not feasible. We refer the interested reader to the 
work of Richardson and colleagues for more guidance on the use of 
SWIGs.34

2.2.4  |  The g- formula procedure

The total and mediated effects (Table 1) were estimated following 
the g- formula steps in Table 3 (also addressed elsewhere12). In step 

TA B L E  1  Effect definitions used in causal mediation analysis

Effect Definition

Total effect (TE) E
[

Yses=0 − Yses=1

]

 = E
[

Yses=0 Mses=0
− Yses=1 Mses=1

]

Natural indirect 
effect (NIE)

E
[

Yses=1 Mses=0
− Yses=1 Mses=1

]

Natural direct effect 
(NDE)

E
[

Yses=0 Mses=0
− Yses=1 Mses=0

]

Note: Where Y refers to the outcomes and ses to the ‘set’ values 
of the exposure, neighbourhood SES, where ses = 1 refers to the 
disadvantaged counterfactual scenario, whereas ses = 0 denotes the 
non- disadvantaged scenario. M refers to the mediator, that is social 
environment. Given that the effect definitions used for the g- formula 
refer to differences in outcome means, the formulas shown above are in 
the difference scale.
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    |  5OCHOA et al.

1, the observed data were used to fit suitable regression models (un-
derlying models) for mediator and outcome variables. These mod-
els included the individual and area- level confounders described 

in section 2.2.3. The model for the outcome additionally included 
the mediator (social environment). These models may also include 
exposure– mediator interactions if required (we refer to other work 
for guidance35). Parametric models, that is logistic regression, were 
used for the outcome and mediator. The odds ratios for the underly-
ing model for the outcome can be found in Table S2. The g- formula 
has the benefit that in big data settings where there is a large number 
of candidate confounders, it can easily be combined with machine 
learning algorithms (e.g. the superlearner36) to perform variable se-
lection for the underlying models.37

The model parameters from the first step are employed to obtain 
predicted probabilities for mediator and outcome variables. These 
predicted probabilities are used in step 2 for the Monte Carlo (MC) 
simulation where a dataset that resembles the observed data, natu-
ral course (NC), was simulated by keeping neighbourhood SES at its 
observed values. The mediator is simulated first, and then, its values 
are used in the model for the outcome. Using the same procedure, in 
step 3, datasets for the two counterfactual scenarios are simulated 
by fixing the exposure to the corresponding value (ses = 0 or ses = 1). 
Furthermore, in step 4 a mediation scenario, that is Yses=1, Mses=0

 
(Table 1), was simulated to be able to estimate the NIE and NDE.

In step 5, the mean values for mediator and outcome are saved 
for all simulated scenarios, which represent the proportion of births 
with a given outcome (or mediator) in each scenario. The simulation 
process involves (randomly) drawing values from probability distri-
butions and the exact values differ across draws. This variability is 
known as Monte Carlo error,38 which can be reduced by repeating 
the simulation process (and mean values calculation) multiple times, 
that is iteratively (step 6). The number of MC iterations must be 
enough (30 iterations in our case) to have stable estimates, which 
can be checked with the R package cfdecomp.39

In step 7, the mean outcome values saved across MC iterations 
were used to estimate the TE, NIE and NDE based on definitions 
from Table 1. These values are the point estimates of the effects. In 
step 8, the 95% confidence intervals of the effects are obtained via 
bootstrapping, that is sampling with the replacement of the same 
number of individuals in the dataset. In our example, we sampled 
clusters (neighbourhoods) instead of individuals to account for a 

TA B L E  2  Causal identification assumptions

Consistency

This condition connects the counterfactuals with observed 
outcomes by assuming that the nested counterfactuals will 
take the observed values when the treatment and mediator 
are actively set to the values they would naturally have had 
in the absence of an intervention.14 To meet the consistency 
assumption, the exposure and mediator must be well defined 
and there must not be multiple versions of either of them.

Positivity

It assumes that for every combination of covariates the 
probability of observing any of the exposure values is nonzero. 
Furthermore, it assumes that for every combination of 
covariates and exposure values the probability of observing any 
of the mediator values is also nonzero.14

Exchangeability

It assumes that one could exchange groups without changing the 
outcome of the study. Groups would not be exchangeable in 
settings where there is selection bias and/or confounding.

Selection on certain characteristics, for example selection on live 
births, can lead to bias due to conditioning on a collider, which 
opens a non- causal path between exposure and outcome.47 
When selection on these characteristics is unavoidable, this bias 
can be reduced by adjusting for common causes of the collider 
variable and the outcome.48 In our illustrative example, our 
dataset contains live births only. The underlying models were 
adjusted for known common causes of stillbirths and SGA, that 
is maternal age, parity, education and income. In a sensitivity 
analysis, we also included maternal lifestyle factors and pre- 
existent conditions (see Appendix S1, file 2).

Confounders are defined as covariates that are expected to be 
common causes of, for example the exposure and the outcome. 
Thus, to interpret the total effect as causal, we assume 
no uncontrolled confounding for the exposure– outcome 
relationship. Additionally, in mediation analysis, to identify the 
direct and indirect effects it is also necessary to account for 
confounding for the exposure– mediator and mediator– outcome 
relationships, including mediator– outcome confounding affected 
by the exposure (see Appendix S1, file 2).49

F I G U R E  1  Conceptual directed acyclic 
graph for the relationship between the 
exposure (neighbourhood SES) and the 
outcome (small for gestational age) via a 
mediator variable (neighbourhood social 
environment).
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6  |    OCHOA et al.

multilevel data structure. Similarly, to the MC iterations, we ran a 
sufficient number of bootstrap iterations to obtain stable estimates 
(250 iterations). The computation time of the g- formula depends on 
the number of observations. In big data settings, as these numbers 

increases, researchers may consider parallel computing or taking a 
random subset of the sample to perform the simulation.12,40

The g- formula is prone to bias due to misspecification of the un-
derlying models either by misspecifying the functional form (for me-
diator or outcome models) or by omitting confounders. In step 9, we 
performed a check against gross model misspecification where we 
compared the observed means (for the outcome and mediators) and 
the means under the simulated NC scenario.10,12 If the means for the 
NC scenario are not close to observed values, then outcome and/or 
mediator models are likely misspecified.

For interpretability, results for the effects are presented in rela-
tive terms, that is the percentage change in the proportion of births 
with a given outcome (see Appendix S1, file 3 for further explana-
tion). To assess the extent to which the total effect of the exposure 
on the outcome operates through the mediator, the proportion me-
diated can be calculated. As pointed out in previous work,41 when 
the effects are used on the difference scale (i.e., additive scale; as 
in Table 1), the proportion mediated simply corresponds to the ratio 
of the natural indirect effect to the total effect, that is PM = NIE/TE.

3  |  RESULTS

After the exclusion of non- linked births, multiple births, births with 
gestational age below 24 + 0 weeks or above 41 + 6 weeks, and cases 
with missing information (<2%), there were 1,217,626 births availa-
ble for analysis. Due to the small percentage of missing data, no data 
imputation was conducted. Population summary characteristics and 
a flow diagram can be found in Figure S1 and Table S1. The natural 
course scenario yielded similar mean values to the ones from the ob-
served dataset, (Table S5) meaning that gross model misspecification 
is unlikely to be an issue.

Table 4 shows the effects estimated using the g- formula. The 
absolute values for these effects are shown in Table S4. At the 
population level, a hypothetical improvement in neighbourhood 
SES from disadvantaged to non- disadvantaged resulted in a 6.3% 
(95% CI 5.2, 7.5) relative reduction in the proportion of SGA, that 
is the total effect. This effect was decomposed into direct and 
indirect effects as observed in Table 4. As a measure of the magni-
tude of the mediation, the proportion mediated was computed as 
specified in the previous section (please see Appendix S1, file 3 for 
more information). Thus, the natural indirect effect accounted for 

TA B L E  3  Parametric mediational g- formula procedure

G- formula step- by- step procedure

1. Use the original data to fit the underlying models, that is suitable 
parametric models for mediator and outcome, that is a logistic 
regression model if the outcome is a dichotomous variable. These 
models include the confounders and the model for the outcome 
also includes the mediator. Exposure– mediator interactions are 
possible.

2. Use the model parameters from step 1 to predict probabilities 
for mediator and outcome. The predicted probabilities are used 
to draw new values from the probability distribution assumed 
when modelling mediator and outcome (e.g., binomial distribution 
for dichotomous variables) to simulate a new dataset without 
intervention, that is the natural course scenario (NC). The 
mediator is simulated first and then its values are used in the 
model for the outcome.

3. Next, using the dataset from step 1, simulate two datasets under 
the two counterfactual scenarios (CF). This is done by setting 
(fixing) the exposure to the corresponding value for each CF 
(ses = 0 or ses = 1) and following the same procedure as in step 2.

4. Additional to the CF scenarios a mediation scenario is simulated 
where neighbourhood SES is intervened as in ses = 1 but the 
mediator values will be derived from the ses = 0 scenario. This 
scenario is later used for the estimation of (natural) direct and 
indirect effects.

5. Save the average values for mediators and outcomes over the 
simulated scenarios. For dichotomous outcomes, the averages 
correspond to the proportion of cases with a given outcome (or 
mediator) in each scenario.

6. The simulations and calculation of the average values (steps 2– 5) 
are repeated J times, where J is a number of iterations sufficient 
to produce stable estimates. This can be checked by producing 
stability plots, for example with the cfdecomp R package (a 
tutorial available via this link).39

7. The average of the J (Monte Carlo) iterations is used to obtain the 
point estimates of the effects. The effects are estimated based 
on the definitions of Table 1: the total effect (TE) is obtained 
from the difference between the average values of the two 
counterfactual scenarios. The mediation scenario is used to 
obtain the natural direct effect (NDE) and the natural indirect 
effect (NIE). The NDE is the difference in average values between 
the CF where ses = 0 and the mediation scenario. Last, the 
difference between the average values for the mediation scenario 
and the CF where ses = 1 is the NIE.

8. The steps above are repeated K times to produce bootstrap 
confidence intervals for the effects, the estimated effect values 
are saved for each bootstrap iteration, where K is a large enough 
value (200+) to produce stable estimates (use stability plots). 
The confidence intervals are obtained as the 2.5th and 97.5th 
quantiles of the distribution.

9. The comparison between the observed means and the means 
under the NC (no intervention) scenario is used as a check against 
gross model misspecification. If the NC predictions are not close 
to observed values, then models for outcome and/or mediators 
are likely to be incorrectly specified.

Note: R code available in public repository (link in Appendix S1, file 7).

TA B L E  4  G- formula mediation effects of neighbourhood SES 
improvement from disadvantaged to an advantaged category on 
small for gestational age births (percentage reduction)

Effect
Mean (95% 
confidence interval)

Total effect (TE) 6.3% (5.2, 7.5)

Natural indirect effect (NIE) 0.7% (0.6, 0.9)

Natural direct effect (NDE) 5.6% (5.1, 6.1)
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11.4% (95% CI 9.2%, 13.6%) of the total effect of neighbourhood 
SES on SGA.

4  |  COMMENT

4.1  |  Principal findings

In this didactic demonstration of the mediational g- formula, we in-
vestigated whether neighbourhood social environment mediates 
the relationship between neighbourhood SES and SGA. The results 
showed that a hypothetical improvement in neighbourhood SES 
from disadvantaged to non- disadvantaged resulted in a 6.3% reduc-
tion in SGA births and that 11.4% of this total effect is mediated by 
neighbourhood social context.

4.2  |  Strengths of the study

Regarding the analysis performed in the illustrative example, a 
first strength corresponds to the ability to link several high- quality 
national- level datasets, leading to information on over 1.2 million 
births available for analysis. The use of the g- formula allowed us 
to investigate one of the potential pathways driving the exposure– 
outcome relationship of interest in a setting with a dichotomous out-
come, helping to overcome potential non- collapsibility issues.

4.3  |  Limitations of the data

Foremost, our study is based on registry data, which makes it 
rather difficult to observe all potential confounders. For example, 
there might be unobserved individual- level characteristics, such 
as preferences, that influence both exposures to certain neigh-
bourhood environments and perinatal health. Another limitation 
is that our dataset consisted of live births, which might lead to se-
lection bias by conditioning on a collider. While we have followed 
a strategy to reduce this bias, this scenario may result in a viola-
tion of the exchangeability condition. A separate issue may come 
from the exposure and mediator variables being dichotomised. 
Although the categories are well defined, when dichotomising, for 
example the mediator, one value of the mediator measure corre-
sponds to multiple values of the true mediator resulting in a viola-
tion of the consistency assumption.42 However, it has been argued 
that mediation effects can be interpreted even if the consistency 
assumption does not hold.42

Another potential concern is measurement error. It is likely that, 
for example, the measure for the mediator is imprecise. Previous 
work has shown that, in the context of mediation analysis, measure-
ment error can affect the direct and indirect effects resulting in bias 
towards the null for the indirect effect and bias away from the null 
for the direct effect.43 Thus, it is likely that the proportion mediated 
is underestimated.43 Finally, the assessment of mediation involves 

an aspect of temporality where the exposure should be measured 
before the mediator, and this in turn is measured before the out-
come. These conditions are relevant to prevent reverse causation 
and overadjustment. The model presented in the DAG reflects the-
oretical considerations in the study of neighbourhood health effects 
where the social environment is seen as a pathway for the effect of 
SES on health.23 However, we cannot rule out that in this case social 
environment may also influence SES. To avoid this issue, ideally, one 
must use a measure of the exposure that temporally precedes the 
measure of the mediator as done in Burgos Ochoa et al.44 However, 
in our real- life example, this was not feasible as only two reporting 
years for the mediator (2014 and 2017) were available.

The application of the g- formula approach also has shortcom-
ings. The validity of the g- formula estimation is dependent on the 
validity of the underlying models used to create the simulated 
data. In the example, we found that observed and natural course 
means were practically equivalent. However, this check against 
gross model misspecification cannot fully rule out the presence 
of milder forms of this issue.10 Another challenge is that the g- 
formula is very computational- intensive.12 While there are solu-
tions available for very large datasets (section 2.2.4), this remains 
a concern for researchers in settings with computational power 
constraints.

4.4  |  Interpretation

In this study, we observed that the hypothetical improvement in 
neighbourhood SES led to a 6.3% reduction in the proportion of SGA, 
which corresponds to a small but meaningful effect, particularly 
when compared to effect estimates found in previous studies.24,45 
Regarding the proportion mediated, we observed that neighbour-
hood social environment accounted for 11.4% of the effect of 
neighbourhood SES on SGA. While this is a meaningful quantity, the 
results point that a large share of the effect remains unexplained and 
there is a need for further research on other potential mediators, for 
example crime rates or environmental pollution.

The g- formula, being a flexible approach, can be used in vari-
ous scenarios in perinatal epidemiology. The g- formula can accom-
modate all types of outcomes of interest, for example continuous 
outcomes, such as birthweight, or survival outcomes like neonatal 
mortality. Furthermore, researchers in perinatal epidemiology are 
interested often in multiple underlying mechanisms, which might 
interact and even influence each other. The g- formula can handle 
multiple mediators at once without making the stringent assump-
tion of them not being interrelated, as in other approaches.46 Finally, 
longitudinal designs are frequently used in this field, and with them 
comes the challenge of time- varying exposures and confounders, 
and the issue of adjusting for confounders affected by previous ex-
posure. The g- formula is suitable for these challenging settings.12 
Given the wide variety of potential applications, the g- formula can 
be considered a promising analytical approach in the field of perina-
tal health research.
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5  |  CONCLUSIONS

The mediational g- formula is a flexible approach to performing 
causal mediation analysis that is suited for big data contexts in peri-
natal epidemiology. This approach overcomes many of the limita-
tions of traditional mediation analysis methods.
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