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BACKGROUND/OBJECTIVES: When studying the effect of weight change between two time points on a health outcome using
observational data, two main problems arise initially (i) ‘when is time zero?’ and (ii) ‘which confounders should we account for?’
From the baseline date or the 1st follow-up (when the weight change can be measured)? Different methods have been previously
used in the literature that carry different sources of bias and hence produce different results.
METHODS:We utilised the target trial emulation framework and considered weight change as a hypothetical intervention. First, we
used a simplified example from a hypothetical randomised trial where no modelling is required. Then we simulated data from an
observational study where modelling is needed. We demonstrate the problems of each of these methods and suggest a strategy.
INTERVENTIONS: weight loss/gain vs maintenance.
RESULTS: The recommended method defines time-zero at enrolment, but adjustment for confounders (or exclusion of individuals
based on levels of confounders) should be performed both at enrolment and the 1st follow-up.
CONCLUSIONS: The implementation of our suggested method [adjusting for (or excluding based on) confounders measured both
at baseline and the 1st follow-up] can help researchers attenuate bias by avoiding some common pitfalls. Other methods that have
been widely used in the past to estimate the effect of weight change on a health outcome are more biased. However, two issues
remain (i) the exposure is not well-defined as there are different ways of changing weight (however we tried to reduce this problem
by excluding individuals who develop a chronic disease); and (ii) immortal time bias, which may be small if the time to first follow
up is short.

International Journal of Obesity; https://doi.org/10.1038/s41366-023-01396-0

INTRODUCTION
Ideally, to estimate the effect of a weight change intervention in
otherwise healthy adults, a randomised control trial (RCT) should
be conducted. Individuals with overweight or obesity would be
assigned into diet and/or physical activity regimens. Since such
RCTs are rare, expensive and difficult to conduct, there is an
increasing interest in using observational studies [1–15]. Observa-
tional data usually include a larger, more diverse and representa-
tive sample, with longer follow up compared to RCTs, and analysis
can be conducted in a timely fashion [12–14]. However, the
situation is further complicated when using cohorts or Electronic
Health Records (EHR), as data on diet are not always recorded.

Nevertheless, questions such as ‘What is the effect of bodyweight
reduction on cardiovascular disease?’ can still be answered using
EHR or data from cohorts [1–14]. Unfortunately, these questions
can introduce ambiguity to the definition of ‘baseline’, where
eligibility criteria determining who is selected into the study
should be met, as well as to the choices of confounders that
should be controlled for, i.e. from enrolment or the 1st follow-up?
To help with these complexities, we utilised the framework of

target trial emulation (TTE) that has become increasingly popular
over the last years [13, 15–18]. Emulating the target trial with
observational data involves two broad steps: First, we explicitly
specify the protocol of the target trial we want to want to emulate.
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Second, we mimic each of the component of the target trial
utilising our observational data. TTE provides a framework for
comparative effectiveness research using healthcare databases or
cohort data that offers a number of important advantages for
healthcare decision making, especially when timely decisions can
save human lives [15]. This framework makes use of the causal
inference theory and provides a structured process for the
criticism of observational studies, and facilitates researchers to
overcome avoidable flaws in the analysis of observational data
[18]. This procedure is followed in order to make the results from
RCTs and the corresponding observational studies directly
comparable. However, in the case of using weight change as
exposure, the situation is more complicated.
To illustrate the problem and build intuition we use two

examples. First, we present a simplified paradigm from a
hypothetical RCT and later we try to assess the treatment effect,
using the same individuals identified from a healthcare database.
We apply three different methodologies that have been reported
in the literature and assess the sources of bias in each case, to
make our recommendation. Second, we use a simulation study
from a cohort to illustrate the results from the different methods,
along with a guidance in the analysis of real-world observational
data (in the Appendix) when the exposure is weight change.

A. Explaining the problem and the challenges in a
hypothetical setting in a toy example
In this section, we illustrate the challenges when using weight
change as the treatment of interest in a very simple example in
which no modelling is required.

1st example: Hypothetical trials. We begin by supposing that the
dataset in Table 1 is generated by a hypothetical trial with perfect
adherence to the protocol and no loss to follow-up. Both trials
enrol individuals aged 45–60 years, free of chronic diseases at
baseline. The trial enrols individuals who are overweight (BMI:
25–29.9 kg/m2). Participants are randomly assigned into two
treatment arms: the 1st arm consists of high intensity physical
activity and low caloric intake for 2 years. This dual intervention is
expected to result in ~5 kg/m2 loss; Therefore, this is considered
the weight loss arm of the trial. The 2nd arm includes high
intensity physical activity and standard caloric intake for 2 years.
This is expected to result in no weight change; hence, this is
considered the weight maintenance arm. The protocol allows
individuals to abandon their intervention if they develop a chronic
condition (e.g. cancer, renal failure etc) during the intervention
period (2 years). Individuals are then followed up for a period of
time afterwards, in this example for a further 18 years (20 years in
total, though in realistic applications this can be much shorter).
The endpoint is defined as the occurrence of a cardiovascular
disease during the follow-up. For more details on the trial’s
protocol, see Table 2. Since our focus is on discussing the sources
of systematic biases, rather than statistical considerations relating
to estimation and precision, we imagine that we have a very large
sample, and in particular, each individual in Table 1 as
representing millions of individuals with the same data, so that
the 95% confidence intervals(CI) around the point estimates are
very narrow. In this simple example, it is clear from Table 1 that
there is no difference between the two interventions on CVD after
20 years in the overweight (risk= 3/20 in both interventions).

The same dataset from a healthcare database. Now, let us assume
that we would like to conduct the same analysis using a cohort
from a healthcare database, which has exactly the same people
with the above-mentioned hypothetical trial (Table 1). Since
typically, most of the available healthcare databases have
information on physical activity, but relatively few have informa-
tion on diet, we assume that all the information on dietary intake
is not available for our observational analysis (highlighted in italics Ta
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in Table 1). That being the case, we now focus on the effect of a
‘proxy intervention’ [19], i.e. ‘healthy’ weight change from
enrolment to the 1st follow-up after two years instead of the
effect of physical activity and diet. However, there are two extra
problems, compared to the usual analysis of observational data; (i)
weight change is not a well-defined intervention [12, 13, 20, 21]
and (ii) the definition of ‘baseline’ is non-trivial, which subse-
quently complicates the analysis plan for the selection of
confounders.
To further simplify the exposition, consider a situation where

the only factor that affects weight change between baseline and
the 1st follow-up, apart from physical activity and diet, is the
occurrence of a chronic disease [either the outcome (CVD) or
other chronic conditions like cancer, diabetes, etc], see Table S1
(Appendix).
Next, we analyse these data using three different methods that

have been widely used in the literature to estimate the effect of
weight change and highlight the pitfalls and the differences in the
analysis. We explain in detail these methods using Directed Acyclic
Graphs (DAGs) in Fig. 1 and Fig. S1 (Appendix). We present the

protocol of the hypothetical trial and the observational study in
Table 2 and the results in Table S2 (Appendix).

Different methods used in the literature
Method 1
a. Baseline definition: Time zero is defined at enrolment.
b. Baseline confounders: Adjustment/stratification on initial weight

(or BMI) is considered at enrolment. Adjustment/stratification on
other confounders measured at enrolment.

This approach (Method 1) implicitly assumes [1–3] that since time
zero is defined at enrolment, all confounders can be accounted for
either by adjusting for them or excluding participants based on the
existence of specific chronic diseases at enrolment according to the
eligibility criteria (see Fig. 2). This would be the correct strategy for
time-fixed (single time-point) interventions (e.g. effect of bariatric
surgery [4]). However, in this example, using method 1, the exposure
(weight change) has not been observed yet (as we can measure
weight change only at the 1st follow-up) and the estimand (i.e. the
quantity we aim to estimate) here is ‘the effect of weight change
either from a chronic disease or from different hypothetical
interventions’, see Fig. 1 (upper panel). From this question, we
obtain completely different results, compared to the trials’ results
(see the research questions from the trial as well as from the analysis
of the healthcare database using different methods in Table 2).
Instead of estimating a null effect in the overweight (result from

the RCT), this method obtains a risk difference (weight loss vs
maintenance) equal to 7.1%. This difference in the findings
occurred because this strategy fails to take into account that
people’s observed weight loss might be due to a chronic disease

METHOD 1

METHOD 2

METHOD 3

Fig. 1 Directed acyclic graphs for the effect of weight change on
CVD, using 3 different methods. METHOD 1 (Upper Panel): B0 is
weight at time 0 and B1 is weight at 2 years. C0 are the confounders
at time 0 and C1 are the confounders at 2 years and O is the
outcome. Time is split into two phases. Phase I is between weight
measurements at time 0 and the 1st follow-up. Phase II is after the
weight measurement at the 1st follow-up weight change is only
observed at 2 years (end of Phase I), i.e. when we can measure
A= B1-B0. A and B1 can be used in the DAG interchangeably, as they
are deterministically related. Our aim is to find the effect of A
(weight change) on the outcome O. From this DAG, we stratify for B0
and we control for C0. However, we do not control for C1 (or exclude
individuals based on levels of chronic disease at the 1st follow-up).
Our aim is to find the effect of A (weight change) on the outcome O.
If we do not control for C1, we leave the backdoor path A<--C1-->O
open. METHOD 2 (Middle Panel): B0 is weight at time 0 and B1 is
weight at 2 years. C0 are the confounders at time 0 and C1 are the
confounders at 2 years and O is the outcome. Time is split into two
phases. Phase I is between weight measurements at time 0 and the
1st follow-up. Phase II is after the weight measurement at the 1st
follow-up. weight change is only observed at 2 years (end of Phase
I), i.e. when we can measure A= B1–B0. Our aim is to find the effect
of A (weight change) on the outcome O. From this DAG, we stratify
for B0 and we control for C1. However, we do not control for C0 (or
exclude individuals based on levels of chronic disease at the time 0).
If we do not control for C0, we leave the backdoor path A<--C0-->O
open. METHOD 3 (Lower Panel): B0 is weight at time 0 and B1 is
weight at the 1st follow-up (at 2 years). C0 are the confounders at
time 0 and C1 are the confounders at 2 years and O is the outcome.
Time is split into two phases. Phase I is between weight
measurements at time 0 and the 1st follow-up. Phase II is after
the weight measurement at the 1st follow-up. Weight change is only
observed at the 1st follow-up (end of Phase I), i.e. when we can
measure A= B1–B0. A and B1 can be used in the DAG interchange-
ably, as they are deterministically related. Our aim is to find the
effect of A (weight change) on the outcome O. From this DAG, we
stratify for B0 and we control for C0 and C1. In other words, there is
no backdoor path open.
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Upper panel

Lower panel

Fig. 2 Summary of different methods used to estimate the effect of weight change on CVD from an observational study and results from
the 1st example. Upper panel: definition of baseline, adjustment for baseline confounders, criteria for individuals’ allocation to specific groups
as well as for exclusion from the study. Lower panel: estimation of risk difference of weight loss vs maintenance on fatal and non-fatal CVD
from the 1st toy example (see Table 1), when using different methods to estimate the effect of BMI change, and comparison† with the
corresponding risk difference of the interventions in the trial (red line).†This comparison is not well defined, because the estimand (i.e., the
quantity we aim to estimate) is different in the analysis of the trial and the observational database, even if we talk for the same individuals. In
the trial, we measure the effect of physical activity and diet on CVD, while from the observational data, the quantity of interest is the effect of
weight change on CVD. However, in our oversimplistic scenario, in which weight change can be caused either by physical activity, diet or a
chronic disease (i.e., no individual on orlistat or other drugs, no individual on chopped off her arms, etc.), and all individuals had the same
levels of physical activity and we can account for (i.e., exclude individual with) chronic disease in the analysis of observational data, then the
weight loss and weight maintenance arm of the trial are closely related to the weight change from the observational data.
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between the chosen time zero and the 1st follow-up [See Fig. 1
(upper panel) and Table S3].

Method 2
a. Baseline definition: Time zero is defined at the 1st follow-up.
b. Baseline confounders: Adjustment/stratification on initial weight

(or BMI) is considered at the enrolment. Adjustment/stratification on
other confounders measured at the 1st follow-up.

Given that time zero is defined 2 years after the enrolment, in
these settings, the follow-up time will be 18 years (20−2= 18
years). This approach [9–11] has many advantages compared to
the previous one (Method 1). First, this strategy correctly excludes
individuals who developed chronic diseases from enrolment till
the end of the 1st follow-up, because these diseases might have
influenced weight change. Moreover, we have successfully
allocated individuals to a weight change group based on their
initial weight (or BMI) at enrolment and their observed weight
change trajectory (from enrolment until the 1st follow-up). In
Table S2 (Appendix), using this method, we estimate a risk of 2/18
in both weight loss and maintenance, in other words, no risk
difference between weight loss and maintenance (as in the trial).
However, the absolute risks were different compared to the trial
[2/18= 11.1% using method 2 in the observational data (Table S2,
Appendix) vs 3/20= 15% in the trial (Table 1)].
Nevertheless, the concern is that time-zero (1st follow-up) is not

aligned with the beginning of the exposure (enrolment). This
method has led many researchers to adjust for the participant’s
characteristics (apart from weight or BMI at enrolment) correspond-
ing to the time of the 1st follow-up, which is considered time zero
[9–11]. Using this approach, usually these studies ignore other
variables occurring at or before enrolment, but are indeed
associated with weight change and the outcome [Fig. 1 (middle
panel)]. We see that when comparing the risk differences from the
observational study and the trial, the estimates are the same. In
more realistic scenarios, when modelling is required (presented later
in this paper), the bias can be more pronounced (here the only
confounders have been considered chronic diseases and at time
zero, everybody was disease free), because there is a backdoor path
open from weight change, i.e exposure <-- confounders at time
zero --> outcome, see Fig. 1 (middle panel).

Method 3 (PROPOSED)
a. Baseline definition: Time zero is defined at enrolment, at the

beginning of the (hypothetical) intervention.
b. Baseline confounders: Adjustment/stratification on initial weight

(or BMI) is considered at enrolment. Adjustment/stratification on
other confounders at enrolment and at the 1st follow-up. That is,
first, we adjust for confounders at time zero to emulate randomisa-
tion at enrolment and exclude individuals based on the eligibility
criteria at enrolment. We additionally adjust for confounders (or
exclude individuals based on their levels of confounders) measured at
the 1st follow-up to account for confounders of weight change.

This is the method we advocate for. It has been used on more
recent papers that use the causal inference framework to mimic
hypothetical interventions [12–14] and is the one we recommend.
These studies usually focus on sustained interventions over time
(not only till the 1st follow-up), however, in this paper, we just
adopt their definition of baseline.
Using this method, we estimate no risk difference between

weight loss and maintenance (as in the trial, see Fig. 2 and Table S2
in the Appendix), even if the absolute risks were different compared
to the trial [2/18= 11.1% using method 3 in the observational data
(Table S2, Appendix) vs 3/20= 15% in the trial (Table 1)]. The main
difference compared to method 2 in this example is the duration of
the follow-up time, which is 18 years in method 2 but 20 years in
method 3, as it begins at enrolment. We should exclude individuals

that develop the outcome, or any other chronic disease between
enrolment and follow-up to ensure that these diseases are not the
cause of the weight change. This also alleviates to a certain extend
the issue of the exposure (weight change) being somewhat ill-
defined, (by excluding ‘unhealthy’ weight change), see Fig. 1 (lower
panel). This estimand only applies to people experiencing ‘healthy’
weight change, without developing the outcome or a chronic
disease during the first 2 years. In our toy example we have only one
confounder (chronic disease at 1st follow-up) based on the values of
which we exclude individuals. Hence, in this simplistic example,
where we compute the risks without modelling and we exclude
patients developing a chronic disease between the enrolment and
the 1st follow-up (the only confounding factor here), the estimates
are identical to those obtained by method 2. In a more realistic
setting, we additionally need to adjust for other confounders in an
outcome regression models [13] (see example 2 below). Accounting
for confounders at enrolment is performed to emulate randomisa-
tion at enrolment and adjustment for confounders at the 1st follow-
up will account for confounders of weight change. Additionally, we
exclude individuals based on their health status between the
enrolment and the 1st follow-up to define our exposure as ‘healthy
weight change’ and make the hypothetical weight change
interventions less ill-defined [13, 20, 21].
Usually, we should adjust for (or exclude individuals based on)

confounders measured at enrolment and the 1st follow-up, when
the research question is related to (healthy) weight change in
healthy individuals at enrolment [13]. In this case, we define a
baseline period between enrolment and the 1st follow-up, during
which the eligibility criteria for chronic diseases is extended from
baseline till the end of the 1st follow-up. This, however, might not
always be the case. If for example, the research question is for the
effect of (healthy) weight change in individuals with cancer at
enrolment, we will then include individuals with cancer at
enrolment but we will exclude those who developed e.g. diabetes
between the enrolment and the first follow-up.
Our recommended approach has two advantages, compared to

methodology 2:

a. It is consistent with the timing of the interventions. Time
zero is defined at the beginning of the interventions (i.e. at
enrolment).

b. Most importantly, to emulate randomisation at baseline
using method 3 in cohort databases or EHR, there is a
potential risk that the adjustment for ‘baseline’ confounders
is not clear and adequate. This will be demonstrated in the
next example (simulation study; see below), in which
modelling is required.

While this is the preferred method, it suffers from immortal time
bias [16, 22, 23] as a result of all individuals needing to survive and
remain healthy from enrolment until the first follow up period, to
be included in the study. Immortal time bias can sometimes be
accounted for through ‘cloning, censoring, and weighting’ (or
through randomly assigning the individual to one of the
strategies) [16, 23] when individuals are compatible with multiple
interventions from time zero till the point they remain immortal.
Unfortunately, this technique cannot be applied here, where the
treatment strategy is only known at the first follow-up period (i.e.
after it has happened), as this means that individuals can only be
compatible with one hypothetical intervention at baseline, so that
they end up either losing or maintaining weight. The immortal
time bias resulting from this method is not expected to be
substantial, if (a) the chronic diseases occurred from the
enrolment till the 1st follow-up are not caused by the weight
change interventions, (b) the period between enrolment and the
1st follow-up is relatively small, compared to total follow-up time
and (c) the incidence of chronic diseases between enrolment and
the 1st follow-up is relatively small.
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Assumptions needed to estimate the causal effect of lifestyle
interventions through using only the proxy exposure ‘weight change’:
Apart from the usual assumptions needed to estimate a causal effect
(i.e. positivity, consistency and conditional exchangeability), in case
we want to estimate the effect of lifestyle interventions on a health
outcome, we need to consider an extra assumption, ‘proxy
separation’ [19]. This is a strong assumption, under which all
individuals who experienced weight loss, should have been under
diet with low caloric intake and increased levels of physical activity
and all individuals who experienced weight maintenance, should
have been under diet with standard caloric intake and increased
levels of physical activity. This condition held in this example, but in
real life examples, it is more reasonable to assume that this extra
assumption (proxy separation), along with positivity, consistency,
conditional exchangeability might hold, at best, approximately [19].

Other methodologies in the literature
There have also been papers that have combined methods 2 and
3, e.g. in the analysis of Wannamethee et al. [24], the authors
practically used method 2 but adjusted for one confounder from
time zero, smoking status (like in method 3). Moreover, some
papers [5–8] have set baseline at the time of the 1st follow-up and
have considered BMI change amongst individuals at a certain BMI
group, measured after the (hypothetical) intervention, i.e. at the
1st follow-up visit. In other words, the research question this
method addresses is awkward, i.e. ‘what is the effect of healthy
weight change among individuals at a given BMI group measured
after weight change’, which is definitely not suitable to estimate
the causal effect of weight change [5–8].

B. Presentation of the same problem in a simulation study
We now use a simulated cohort study where modelling is required
to present some of the challenges when estimating the effect of
weight change using the three methods described previously.

Simulated cohort study. We simulated 10,000 individuals who are
overweight (BMI: 25–29.9 kg/m2), with an overall follow-up time of
20 years. We assumed that individuals had follow-up visits every 2
years. The outcome was CVD occurrence and for simplicity, we
assumed no individual died before developing the outcome. The
question of interest was the effect of weight change (loss: <5%,
maintenance: ≥5% & ≤5% and gain: >5%) on CVD onset. The
dataset was simulated so that there is a) no effect of weight loss
(vs maintenance) on CVD onset (log HR= 0) and b) log HR of
weight gain (vs maintenance)= 0.3. We additionally simulated
age, sex, family history of CVD, weight at enrolment and two
confounders measured both at enrolment and at 1st follow-up
time (smoking status and use of diuretics). For more details about
the dataset, see Appendix (Section 2).
We used pooled logistic regression to estimate the effect of

weight change on CVD onset. In method 1, we adjusted for
confounders at enrolment only (age, sex, family history of CVD,
weight at enrolment, smoking status and diuretics) and we did not
exclude CVD cases occurred during the first 2 years. In method 2,
we adjusted age, sex, family history of CVD, weight at enrolment
and confounders measured 2 years after enrolment only (smoking
status and diuretics) and excluded CVD cases occurred during the
first two years. In method 3, we adjusted for age, sex, family
history of CVD, weight at enrolment and confounders measured
both at enrolment (smoking status and diuretics) and two years
after enrolment (smoking cessation and diuretics) and excluded
CVD cases occurred during the first two years.
In this analysis, one time point corresponds to 2 years, and

hence the exposure ‘weight change’ corresponds to the change
from enrolment to the 1st time point (see https://github.com/
mkatsoulis82/On-the-estimation-of-the-effect-of-weight-change-
on-a-health-outcome). In Table 3, we estimated the log-hazard
ratios using all three methods. We observe that the optimal

method to estimate the effect of weight change on CVD is method
3. For the estimation of the effect of weight loss vs maintenance,
the bias of method 3 was 0.00 (i.e. estimated logHR= true
logHR= 0) and the CI coverage was 95.4% (i.e. very close to 95%).
Moreover, method 2 was better (bias= 0.11, CI coverage= 80.4%)
compared to method 1 (bias= 0.36, CI coverage= 1.5%) but
worse vs method 3. For the relationship of weight gain vs
maintenance, the bias of method 3 was 0.00 (i.e. estimated
logHR= true logHR= 0.3) and the CI coverage was 95.1% (i.e. very
close to 95%). Additionally, method 2 was better (bias=−0.05, CI
coverage= 92.0%) compared to method 1 (bias=−0.29, CI
coverage= 5.4%) but worse vs method 3.
As before, the first difference between methods 2 and 3 in this

example is that the total follow-up time is 18 years using method
2 and 20 years using method 3 [18 years of the modelling period
plus 2 more years of a period with zero risk (baseline period)]. The
second difference is the variables used to adjustment for
confounding, with method 3 using variables at enrolment and
first visit, while method 2 only uses first visit. For more details, see
Appendix, Section 2. We also provide further details on how to
estimate weighted Kaplan-Meier curves using IPW in Section 3 of
the Appendix and incidence risk curves using the g-formula and
pooled logistic regression in Section 4 of the Appendix.

DISCUSSION
In this article, we highlighted the challenges arising when estimating
the effect of weight change on a health outcome. Researchers have
used different methodologies for defining time-zero, deciding which
confounder measurements to adjust for as well as the defining the
eligibility criteria for inclusion [1–14]. The different methods have
different sources of bias and some lead to different estimands (see
Table 2 and Table S3), thus making the meta-analysis estimates of
these studies highly uninterpretable [25–29]. We assessed these
biases and the problematic interpretations from the analysis using
three different methodologies and illustrated these with numerical
examples. Method 3, which has been recently proposed within a
causal inference framework to emulate hypothetical interventions
[12–14], is the most adequate as it avoids most of the biases and
therefore should be preferred. In this method, time zero is set at
enrolment and adjustment for confounders should be performed at
time zero to emulate randomisation at baseline and exclude
individuals based on the eligibility criteria at enrolment. Additionally,
adjustment for confounders (or exclude individuals based on their
levels of confounders) measured between the enrolment and the
1st follow-up should be applied to make the hypothetical
interventions more well-defined.
In summary, methods 1 and 2 are more biased when the research

question is the estimation of the effect of (healthy) weight change
on a health outcome (e.g. CVD). Compared to our recommended
approach (i.e. method 3), method 2 is more biased because it fails to
take into consideration the confounders measured at time 0.
Nevertheless, it is less biased than method 1, as by adjusting for
confounders at the 1st follow-up, we (implicitly) incorporate most of
the information of the same confounders at time 0, because usually
some of these confounders are the same (i.e. sociodemographic
factors) or some lifestyle factors that do not change substantially (for
most participants) between baseline and the 1st follow-up (e.g.
smoking status). The problems of the different methods are
summarised in Table S3 (Appendix).

Strengths and limitations
Our recommended method 3 enables researchers to minimise the
bias from residual confounding by adjusting for confounders
measured both before enrolment and during the period where
the exposure is not yet observed (between enrolment and 1st
follow-up). Researchers following method 2 usually adjust for
confounders only at the time of the 1st follow-up [9–11].
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Moreover, the method we are advocating for (Method 3) is
consistent with the timing of the interventions as time zero is
defined at the beginning of the interventions.
This study has some limitations. Weight change is not a well-

defined intervention [13, 20, 21]. In other words, we do not know how
people lost, maintained or gained weight (consistency assumption)
when using observational data. We tried to make our intervention less
‘ill-defined’ (by accounting for healthy weight change) through
excluding individuals whose weight change was a result of a disease
that occurred between enrolment and the 1st follow-up. Moreover, it
should be noted that the results from the observational data from all
these methods might differ from the results of the (hypothetical) trial,
because the estimand is different. In the trials, the causal contrast is
the comparison of well-defined interventions, defined by physical
activity and caloric intake. On the other hand, when using
observational data without sufficient information of weight change
factors (e.g. physical activity, diet) the research question is about
weight change, which is a consequence of hypothetical interventions.
Additionally, we assumed there is no information that allows us to
distinguish intentional from unintentional weight changes.
As we mentioned before, our recommended method can

suffer from immortal time bias. In other settings, this can be
eliminated by ‘cloning, censoring, and weighting’ (or through
randomly assigning the individual to one of the strategies)
[16, 23]. However, this cannot occur in the problem of weight
change, as this means that individuals can only be compatible
with one hypothetical intervention at baseline, so that they end
up either losing or maintaining weight. Moreover, the same
problem for the baseline definition and baseline confounders
arises in more complex scenarios, where the research question
is about sustained interventions over time where the
g-methods should be used to account for time-dependent
confounding [12–14]. Additionally, when we want to estimate
the effect of lifestyle interventions on a health outcome
through weight change (which is a proxy intervention [19]),
we need to consider an extra assumption, ‘proxy separation’.
Finally, in this paper, we discussed only hypothetical interventions

that are used in obesity research [1–14] to tackle the obesity epidemic
[30, 31]. However, the problems appear in other settings, when the
exposure is defined as a change in risk factor in general, e.g. systolic
blood pressure [17], heart rate [32], physical activity [33] etc.

CONCLUSION
When the exposure of interest is weight change, time zero
should be defined at enrolment. Adjustment for confounders
measured at enrolment and exclusion of individuals based on
the eligibility criteria at enrolment should be performed to
emulate randomisation at enrolment. Additionally, exclusion of
individuals based on their levels of confounders measured at
the 1st follow-up should be applied to make the hypothetical
interventions less ill-defined [13, 20, 21] and adjustment for
confounders at the 1st follow-up will account for confounders
of weight change. Notably, our study demonstrates that this
methodology yields much smaller biases compared to other
approaches when estimating the effect of weight change. The
findings of our paper will also benefit researchers aiming to
conduct meta-analyses on weight (or BMI) change [25–29]. It is
important for researchers to consider the methodologies
employed in different papers to avoid combining dissimilar
approaches and drawing inaccurate conclusions.
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