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Abstract 
Overadjustment bias occurs when adjusting for a variable increases rather than decreases bias. It commonly arises in 
studies estimating the total causal effect of an exposure on an outcome due to inappropriate adjustment for a mediator. 
While such inappropriate mediator adjustment can lead to bias in any direction (towards the null, away from the null, or 
reverse the direction of effect) even in the absence of other relevant unadjusted variables, this type of overadjustment 
bias is often described as acting towards the null. Using directed acyclic graphs and a simulated example of adjustment 
for smoking when estimating the total causal effect of education on the risk of breast cancer, we explain how inappropri
ately adjusting for a mediator can lead to overadjustment bias in any direction. Correspondingly, we provide general guid
ance to predict the likely direction of overadjustment bias based on the direction of effect of the relevant paths involved. 
In general, this bias will be away from the null or in the reverse direction when the mediated pathway being closed by 
inappropriate adjustment acts in the opposite direction to the combined effect of all remaining pathways between the 
exposure and the outcome. In contrast, this bias will be towards the null when the effects of these paths act in the 
same direction.
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Introduction
Overadjustment bias occurs when adjusting for a variable 
increases rather than decreases bias [1]. It typically arises when 
data-driven approaches or disciplinary conventions are used to 
select variables to adjust for to reduce confounding bias when 
estimating the effect of an exposure on an outcome [1, 2]. For 
example, in many disciplines, adjusting for variables such as 
smoking, alcohol, adiposity, and comorbidities is common al
most by default. Unfortunately, unless the role of each variable 
is carefully considered, some variables that are not actually con
founders of the relationship between the exposure and the out
come may be adjusted for [1–3]. Rather than reducing bias, 
adjustment for such variables can increase bias depending on 
their exact role within a causal structure [1, 2, 4].

The concept of overadjustment bias was first given a formal 
causal definition by Schisterman et al. in 2009 [1]. Since then, Lu 
et al. have classified overadjustment bias into four types, which 
arise from adjusting for a mediator (type 1), collider (type 2), in
strumental variable (type 3), or descendant of the outcome 
(type 4) [4]. Despite this work, overadjustment bias remains 
common and underappreciated. This was shown in a review of 
observational studies of multiple risk factors which found that 
approximately 7 in 10 included studies mutually adjusted their 
models for all potential risk factors, which is a method prone to 
a type of mass overadjustment bias known as table 2 fallacy [5, 
6]. Similarly, despite being common in social epidemiology [2], 
systematic reviews of socioeconomic health inequalities rarely 
apply strategies to address overadjustment bias [7].

Notably, inappropriate adjustment for colliders (type 2) is gener
ally perceived as the type of overadjustment bias with the most 
drastic impact. This is largely because adjustment for colliders is 
known to have the potential to bias effect estimates in any direc
tion, i.e. towards or away from the null and reversals in the direc
tion of effect [2, 8–14]. These implications of collider bias have 
been exemplified through paradoxical associations such as the 
birth weight and obesity paradoxes [15, 16]. Correspondingly, 
many papers exist explaining collider bias and its implications, in
cluding its potential direction and magnitude [8–13].

In contrast, inappropriate adjustment for mediators (type 1) is 
generally perceived as being a less problematic form of overadjust
ment bias than inappropriate adjustment for colliders (type 2), 
with only limited discussions of its likely direction. Consequently, 

the default reference on its direction has been the foundational pa
per by Schisterman et al., which briefly states that the estimated 
effect with inappropriate adjustment for a mediator ‘will typically 
be a null-biased estimate of the total effect’ [1]. Notably, several 
papers discussing overadjustment bias have since reiterated this 
expectation [2, 5, 7, 17–21]. While such bias will often be towards 
the null, the possibility that it can act in other directions (i.e. away 
from the null or reverse the direction of effect) appears under- 
recognized. Given the general perception that bias towards the 
null is less problematic than a bias in other directions, this raises 
important concerns that researchers may under-appreciate the im
portance of this type of overadjustment bias.

We therefore aimed to provide a clearer understanding of the 
direction of overadjustment bias that can arise from inappropri
ately adjusting for mediators and to illustrate how and when 
such overadjustment bias might not act towards the null. It is 
important to note that overadjustment bias can only be evalu
ated in relation to a specific target estimand [19, 22]. 
Correspondingly, we focus on estimating the total causal effect 
(average causal effect) of an exposure on an outcome where me
diator adjustment is always inappropriate, rather than direct 
and indirect effects where adjustment may be appropriate if cer
tain assumptions are met [22]. We begin by explaining the two 
types of overadjustment bias relevant to mediator adjustment 
(i.e. types 1 and 2) [4]. We then outline how the direction of type 
1 overadjustment bias can be predicted with the aid of a simu
lated example of estimating the total causal effect of educa
tional attainment level on the risk of breast cancer. We then 
briefly outline the implications of adjusting for mediators in the 
presence of other unadjusted relevant variables related to 
the mediator.

Understanding 
overadjustment bias
To explain overadjustment bias, we make use of directed acyclic 
graphs (DAGs) [3, 23]. For this paper, E represents the exposure, 
Y the outcome, and M a mediator. Some depicted DAGs also in
clude a collider (C), a descendant variable (D), and other rele
vant unmeasured/unadjusted variables (U).

Lu et al. defined type 1 overadjustment bias, which is our pri
mary focus, as overadjustment bias that arises from 

Key Messages

· Inappropriate adjustment for a mediator when estimating the total causal effect of an exposure on an outcome can introduce 
bias in any direction (towards the null, away from the null, or reverse the direction of effect); yet, it is commonly asserted 
that this type of overadjustment bias acts towards the null. 

· Overadjustment bias due to the closure of a mediated pathway will act towards the null when the direction of the effect of 
the mediated pathway is in the same direction as the combined effects of the remaining pathways; the bias will act away 
from the null or in the reverse direction when these effects are in opposite directions. 

· Based on assumptions about the direction of effect of the relevant pathways in the causal structure of a research question of 
interest, researchers can predict the likely direction of overadjustment bias when a mediator is inappropriately adjusted for. 
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inappropriately adjusting for a mediator (also known as an inter
mediate variable) between the exposure and the outcome [1, 4]. 
This bias is depicted in Fig. 1. In panel 1a, the total causal effect 
of the exposure (E) on the outcome (Y) is shown as acting 
through two paths: the direct causal path of E on Y and the me
diated causal path of E on Y passing through the mediator M. In 
panel 1b, M has been inappropriately adjusted for (depicted by 
the box around M), leading to the closure of the mediated causal 
path between E and Y passing through M (i.e. closure of E ! M 
! Y). The result of this inappropriate adjustment is that the as
sociation between E and Y becomes a biased estimate of the to
tal causal effect [1, 2, 4].

Type 2 overadjustment bias refers to the bias introduced 
upon inappropriate adjustment for a collider, defined as the 
common effect of two or more variables acting through two or 
more pathways [3, 4, 8, 11]. This bias is depicted in Fig. 2. In 
panel 2a, the total causal effect of E on Y is shown as acting 
through a single direct path (E ! Y). Notably, in this DAG, both E 
and Y also separately cause a collider (C); however, this has no 
bearing on the association between E and Y because this biasing 
path (E ! C  Y) is closed given that C has not been adjusted 
for [3, 4, 8, 11]. In contrast, panel 2b shows a situation in which 
C has been inappropriately adjusted for (depicted by the box 
around C), leading to a biasing path between E and Y via C being 
opened (i.e. opening of E ! C  Y). This subsequently results in 
the effect estimate of E on Y being a biased estimate of the total 
causal effect [3, 4, 8, 11].

Of note, type 1 and type 2 overadjustment bias can occur 
even without direct adjustment for a mediator or collider, as 
adjusting for a descendant of a mediator or a descendant of a 
collider is equivalent to partially adjusting for that variable di
rectly [1, 4]. For example, in Fig. 1c, part of the causal path E !
M ! Y will be closed by inappropriately adjusting for D. 
Similarly, in Fig. 2c, part of the biasing path E ! C  Y will be 
opened by inappropriately adjusting for D.

The direction of type 1 
overadjustment bias 
(inappropriate adjustment for 
a mediator)
Let us now consider the direction and magnitude of overadjust
ment bias due to the inappropriate adjustment for a mediator. 
As aforementioned, it is often assumed that type 1 overadjust
ment bias acts towards the null. However, this bias will only act 
towards the null in certain situations, whereas in others it can 
act away from the null or reverse the direction of effect.

Ultimately, the direction and magnitude of type 1 overadjust
ment bias is determined by the direction and magnitude of the 
mediated path (E ! M ! Y) that is closed by inappropriate me
diator adjustment relative to the combined effects of all of the 
remaining paths between the exposure and the outcome (repre
sented entirely by E ! Y in our simplified example). In cases 
where the mediated effect and the combined effects of all of the 
remaining paths are in the same direction (e.g. both have a posi
tive effect), the closure of the mediated pathway through adjust
ing for the mediator would bias the total effect estimate 
towards the null. However, when there is a discordance in the 
direction of effect of the mediated path and the combined 
effects of all of the remaining paths (e.g. one is positive and the 
other is negative), adjusting for the mediator would close the 
mediated path and either lead to an exaggerated estimate of 
the total effect (i.e. a bias away from the null) or, in scenarios 
where the mediated effect is stronger than the combined effects 
of all of the remaining paths, a reversal in the direction of the ef
fect estimate (e.g. where a positive effect switches to becoming 
negative). In the special case where the entire effect of the expo
sure on the outcome acted through a single mediator (i.e. there 
are no other paths between E and Y), adjusting for that mediator 
would close the only causal path between the exposure and the 

Figure 1 Causal diagrams depicting type 1 overadjustment bias. (a) Scenario without adjustment (obtains an unbiased estimate of the total effect). 
(b) Scenario with adjustment for a mediator (obtains a biased estimate of the total effect). (c) Scenario with adjustment for a descendant of a 
mediator (obtains a biased estimate of the total effect). A box around a variable depicts scenarios where that variable is adjusted for (e.g. through 
covariate adjustment in a regression model, stratification, restriction, or matching).

Figure 2 Causal diagrams depicting type 2 overadjustment bias. (a) Scenario without adjustment (obtains an unbiased estimate of the total effect). 
(b) Scenario with adjustment for a collider (obtains a biased estimate of the total effect). (c) Scenario with adjustment for a descendant of a collider 
(obtains a biased estimate of the total effect). A box around a variable depicts scenarios where that variable is adjusted for (e.g. through covariate 
adjustment in a regression model, stratification, restriction, or matching).
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outcome, and the biased estimate of the total effect would be 
exactly null [1].

Under an assumption of no interaction between the exposure 
and the mediator, these general statements about the direction 
of type 1 overadjustment bias should hold for effect measures 
that are collapsible (e.g. risk differences, risk ratios) but not nec
essarily for non-collapsible effect measures (e.g. odds ratios, 
hazard ratios) [24]. This is because non-collapsibility produces a 
mathematical artefact that can result in circumstances where 
adjustment for a mediator will change the effect estimate be
yond the mediator’s influence within the causal structure. In 
fact, for non-collapsible effect measures, adjustment for a given 
variable can change effect estimates even in circumstances 
where said variable is neither a confounder, mediator, nor a col
lider [24]. In Table 1, we outline how DAGs with signed edges 
can be used to predict the direction of type 1 overadjustment 
bias, albeit with some additional assumptions [25–27]. First, to 
predict the direction of effect of the mediated path based on the 
expected directions of effect of E ! M and M ! Y, we must as
sume monotonicity or distributional monotonicity of both 
effects (i.e. that each of E ! M and M ! Y operate in a consis
tent direction for all individuals or a distributionally consistent 
direction within each stratum) [25, 26]. Second, simplifying the 
combined effects of all the other paths between E and Y into a 
singular signed path (i.e. E ! Y) requires either an assumption 
that all paths from E to Y apart from E ! M ! Y have the same 
sign [26], or that the combined magnitude of the negative 
signed paths exceeds the combined magnitude of the positive 
signed paths when specifying a negative sign for E!Y (or 
vice versa).

Illustrative example
Suppose that we are estimating the total causal effect of educa
tional attainment level on the risk of breast cancer among 
women in Western Europe and that, when doing so, we adjust 
for smoking by including it as a covariate in a regression model, 
as this is common practice. We obtain a mean risk difference of 
0.13 [95% confidence interval (CI) 0.11–0.14], indicating that 
women of higher education have a 13 percentage points higher 
absolute risk of breast cancer (Fig. 3a; Supplementary material). 
During peer review, it was pointed out that smoking is a media
tor between education and breast cancer, meaning we probably 
introduced overadjustment bias by adjusting for it. In response, 
we re-ran our analysis without adjustment for smoking, where 
we obtain a risk difference of 0.02 (95% CI: 0.00–0.03). This sug
gests that women with higher education may not actually have 
a substantially higher risk of breast cancer, as the point estimate 
indicates only a two percentage points higher absolute risk. This 
thereby illustrates a scenario in which inappropriately adjusting 
for a mediator introduced type 1 overadjustment bias that 
strongly biased the estimate of effect away from the null.

Using the information in Table 1, we could have predicted the 
direction of the type 1 overadjustment bias in this scenario with 
prior domain knowledge of the direction of effects of the differ
ent edges in the causal structure. First, existing literature sug
gests that higher levels of education reduce the risk of smoking 
among populations in Western Europe (i.e. the path E ! M is 
negative) [28, 29]. Second, existing literature suggests that 

smoking increases the risk of breast cancer (i.e. the path M ! Y 
is positive) [30, 31]. Taken together, these would indicate that 
the mediated effect of education on the risk of breast cancer 
through smoking would be negative (as the negative E ! M mul
tiplied by the positive M ! Y would make E ! M ! Y negative). 
Existing literature also suggests that the combined effects of all 
of the remaining paths between education and breast cancer 
are likely positive and of a greater relative magnitude than the 
mediated pathway through smoking [32]. This discordance be
tween the assumed directions of the effect of the mediated 
pathway and the combined effects of all the remaining path
ways based on prior domain knowledge would have suggested 
that the overadjustment bias introduced by inappropriately 
adjusting for the mediator smoking would be away from the 
null, as we observed.

Implications of adjusting for 
mediators in the presence of other 
relevant variables
While we have kept our example simple for illustrative purposes, 
in practice, researchers should also carefully consider whether 
there are other relevant variables related to the mediator in 
their given causal structure—whether measured or unmeasured. 
This is because their presence may expand the bias implications 
of inappropriate mediator adjustment beyond just introducing 
type 1 overadjustment bias. We briefly outline two such instan
ces that researchers are likely to come across.

First, we consider the implications of mediator adjustment in 
the presence of an unadjusted mediator–outcome confounder 
(depicted by U in Fig. 4a). In this scenario, adjustment for the 
mediator closes the mediated pathway while also opening a bi
asing collider path through the mediator–outcome confounder. 
This occurs because this mediator is also a collider for the expo
sure and the mediator–outcome confounder, as shown by the 
paths E ! M and M  U ! Y colliding at M [2, 3, 8]. Adjusting for 
this mediator therefore introduces a complex double bias, with 
both type 1 and type 2 overadjustment bias occurring simulta
neously. Notably, this bias may be in any direction as both type 
1 and type 2 overadjustment bias can introduce bias in any di
rection. For example, building on the simulated example of esti
mating the total effect of education on breast cancer, if there 
was also an unadjusted mediator–outcome confounder (U) in 
this causal structure, then adjustment for smoking could have 
biased the estimate of the total effect even further away from 
the null (Fig. 3b; Supplementary material). However, type 1 and 
type 2 overadjustment biases that occur simultaneously may 
not act in the same direction, meaning the overall direction of 
bias will depend on the relative direction and magnitude of both 
the type 1 and type 2 biases introduced. Readers who are inter
ested in learning more about collider bias are encouraged to 
refer to explanatory papers [8, 9].

Second, readers should also be aware of the scenario in which 
an unadjusted variable (depicted by U in Fig. 4b) is both a classi
cal confounder for the exposure–outcome relationship and a 
mediator–outcome confounder [33]. This commonly arises 
when the exposure and all potential covariates are measured at 
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the same time, leading to an important time-varying confounder 
not having been measured pre-exposure and, instead, only a 
post-exposure mediator version of a time-varying confounder 
being available (depicted by M in Fig. 4b) [33]. In theory, adjust
ing for this mediator could remove the part of the confounding 
bias from the unmeasured variable that passes through this me
diator (i.e. remove E  U ! M ! Y). However, while this would 
reduce some confounding, it would also introduce type 1 and 

type 2 overadjustment bias. Whether adjustment in this situa
tion is worthwhile therefore depends on whether the residual 
confounding bias removed is likely of greater relative magnitude 
than the combined type 1 and type 2 overadjustment bias intro
duced [4, 33]. We refer readers to Groenwold et al. [33] for 
further details and simulations on this scenario, and we stress 
the need for extreme caution when considering adjusting for a 
mediator to reduce residual confounding bias.

Figure 3 Illustrative example of overadjustment bias due to inappropriate adjustment for the mediator smoking when aiming to estimate the total 
causal effect of educational attainment level on the risk of breast cancer in women in Western Europe. (a1) Scenario without adjustment for the 
mediator smoking (obtains an unbiased estimate of the total effect). (a2) Scenario with adjustment for the mediator smoking (obtains a biased 
estimate of the total effect). (b1) Scenario without adjustment for the mediator smoking in the presence of an unmeasured mediator–outcome 
confounder (obtains an unbiased estimate of the total effect). (b2) Scenario with adjustment for the mediator smoking in the presence of an 
unmeasured mediator–outcome confounder (obtains a biased estimate of the total effect). * We conducted two simulation scenarios: one without an 
unmeasured mediator–outcome confounder (Fig. 3a) and one with an unmeasured mediator–outcome confounder (Fig. 3b). The two scenarios were 
generated in separate datasets using the same data-generating mechanism, with the only difference being the absence or presence of the 
unmeasured mediator–outcome confounder (U) (see Supplementary material for further details). In turn, small differences in the estimated total 
effects and corresponding simulation intervals arose due to random variation in the data-generating processes between the two simulations. 
Specifically, the unadjusted risk difference was 0.02 (95% CI: 0.00–0.03) in the absence of U and 0.02 (95% CI: 0.00–0.04) in the presence of U, as 
shown in Fig. 3a and b, respectively. While in the real world, these two scenarios would technically reflect two different causal realities, comparisons 
between these scenarios are intended to illustrate how the biasing effects from inappropriately adjusting for a mediator vary according to whether 
an unadjusted mediator–outcome confounder is present in the causal structure. Note, the signs depicted in these DAGs represent the directions of 
effect specified in our simulated data-generating mechanisms, not assumptions about monotonicity. A box around a variable depicts scenarios 
where that variable is adjusted for (e.g. through covariate adjustment in a regression model, stratification, restriction, or matching).
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Discussion
Our overview of the implications of inappropriate mediator 
adjustment when estimating total causal effects aims to support 
a clearer understanding of the direction of type 1 overadjust
ment bias. The closure of a mediated pathway from inappropri
ately adjusting for a mediator will often lead to a bias towards 
the null—as is generally asserted [2, 5, 7, 17–21]. However, this 
will only occur when the effect of the mediated pathway being 
inappropriately closed acts in the same direction as the com
bined effects of all the remaining pathways between the expo
sure and the outcome. There will be many instances where this 
is not the case, as causal effects often act through many differ
ent mediated pathways that can have varying directions of ef
fect. To illustrate this, we used a simulated example of 
estimating the total causal effect of educational attainment 
level on the risk of breast cancer in which adjusting for a media
tor (smoking) led to type 1 overadjustment bias away from the 
null. Importantly, while this example came from social epidemi
ology, these issues are relevant to all epidemiological sub- 
disciplines. For example, in clinical epidemiology, while a drug 
may have an overall protective effect on a health outcome, it 
may also have side effects that correspond to adverse medi
ated pathways.

We have provided an overview of the expected direction of 
type 1 overadjustment bias in different causal structures 
(Table 1) that can be used by researchers to predict the direction 
of this bias for a research question of interest. We also recom
mend applying this to reviews, where the risk of overadjustment 
bias and its likely direction could be appraised for included 
studies as part of critical appraisal [7, 18]. This can be operation
alized using the ROBINS-I or ROBINS-E risk of bias assessment 
tools [7, 18, 34, 35] or by adding items on overadjustment bias 
to other tools [36].

While we focused on a simple example to illustrate our core 
point, we acknowledge that causal structures are generally 
highly complex. There are often other relevant variables that 
can lead to additional implications of inappropriate mediator 
adjustment beyond simply introducing type 1 overadjustment 
bias, most notably mediator–outcome and exposure–mediator– 
outcome confounders. Nevertheless, even in such complex 
causal structures, being aware of type 1 overadjustment bias 
and its likely direction is still important. This is because, even if 
such variables are adequately adjusted for, inappropriate medi
ator adjustment may still lead to type 1 overadjustment bias in 
the direction outlined in Table 1. Alternatively, if such variables 
are unmeasured or unadjusted, then the overall bias from 

mediator adjustment will depend on the relative direction and 
magnitude of all the different biases at play, where the portion 
of the bias stemming from the closure of the mediated pathway 
will likely follow the expected directions outlined in Table 1.

There are several simplifications and limitations that we 
acknowledge. While we focused on overadjustment bias when 
quantifying total causal effects, issues of overadjustment can 
also apply to other causal effects of interest (e.g. direct effects) 
[19]. Relatedly, it is important to remember that overadjustment 
bias is target estimand specific, such that adjustment for 
specific mediators would not lead to overadjustment bias when 
specific estimands such as controlled direct effects are targeted 
[22]. We also only considered causal effect estimation for single- 
timepoint exposures using regression-based methods, noting 
that studies wanting to estimate the joint causal effect of time- 
varying exposures with multiple timepoints typically require 
G-methods [37]. We also assumed that other biases such as 
information and selection bias were absent, that all sufficient 
causal effect identification assumptions were met, and that 
there was no effect measure modification or interaction [38, 39]. 
With regard to our simulations, these were based on a data- 
generating structure that was intentionally simplified for 
educational purposes. In a real-world data-generating structure, 
other variables and biasing paths may influence the impact of 
inappropriate mediator adjustment.

Conclusion
Inappropriately adjusting for mediators can bias effect esti
mates in any direction (i.e. towards the null, away from the null, 
and reversed direction of effect) even in the absence of other 
relevant unadjusted variables. The bias introduced through in
appropriately adjusting for a mediator (type 1 overadjustment 
bias) can therefore potentially be as important as bias from in
appropriately adjusting for a collider (type 2 overadjustment 
bias). These implications highlight the need for researchers 
wishing to estimate causal effects to be cautious in their selec
tion of variables to adjust for, with a need for particular atten
tion to overadjustment bias which has historically been 
underappreciated.

Ethics approval
This study did not require ethics approval as it did not include 
any human participants.

Figure 4 Causal diagrams depicting mediator adjustment in the presence of a relevant unadjusted variable. (a) Mediator–outcome confounder. (b) 
Exposure-mediator–outcome confounder. A box around a variable depicts scenarios where that variable is adjusted for (e.g. through covariate 
adjustment in a regression model, stratification, restriction, or matching).

8                                                                                                                                                                                                                 International Journal of Epidemiology, 2026, Vol, 55, Issue 5 

D
ow

nloaded from
 academ

ic.oup.com
/ije/article/55/5/dyag215/8859245 by guest on 29 O

ctober 2026



Author contributions
F.S., A.v.Z., and S.K.S. came up with the original idea for this 
study. F.S., F.B., P.W.G.T., K.-A.M., A.C., A.v.Z., and S.K.S. contrib
uted to the study conceptualization and scope. F.B. conducted 
the simulations. F.S. drafted the manuscript. F.B., P.W.G.T., K-A. 
M., A.C., A.v.Z., and S.K.S. provided critical feedback and edits of 
the manuscript. F.S., F.B., P.W.G.T., K-A.M., A.C., A.v.Z., and S.K. 
S. approved the final version of the manuscript. F.S. is 
the guarantor.

Supplementary material
Supplementary material is available at IJE online.

Conflicts of interest
None declared.

Funding
None declared.

Data availability
The simulations can be reproduced using the R code provided in 
the supplementary material.

References
01. Schisterman EF, Cole SR, Platt RW. Overadjustment bias and un

necessary adjustment in epidemiologic studies. Epidemiology 
2009;20:488–95. https://doi.org/10.1097/EDE.0b013e3181a819a1

02. van Zwieten A, Tennant PWG, Kelly-Irving M, Blyth FM, 
Teixeira-Pinto A, Khalatbari-Soltani S. Avoiding overadjust
ment bias in social epidemiology through appropriate covar
iate selection: a primer. J Clin Epidemiol 2022;149:127–36. 
https://doi.org/10.1016/j.jclinepi.2022.05.021

03. Tennant PWG, Murray EJ, Arnold KF et al. Use of directed acy
clic graphs (DAGs) to identify confounders in applied health re
search: review and recommendations. Int J Epidemiol 2021;50: 
620–32. https://doi.org/10.1093/ije/dyaa213

04. Lu H, Cole SR, Platt RW et al. Revisiting overadjustment bias. 
Epidemiology 2021;32:e22–3–e23. https://doi.org/10.1097/ 
EDE.0000000000001377

05. Gao Y, Xiang L, Yi H et al. Confounder adjustment in observa
tional studies investigating multiple risk factors: a methodo
logical study. BMC Med 2025;23:132. https://doi.org/10.1186/ 
s12916-025-03957-8

06. Westreich D, Greenland S. The table 2 fallacy: presenting and 
interpreting confounder and modifier coefficients. Am J 
Epidemiol 2013;177:292–8. https://doi.org/10.1093/aje/kws412

07. van Zwieten A, Dai J, Blyth FM et al. Overadjustment bias in 
systematic reviews and meta-analyses of socio-economic 
inequalities in health: a meta-research scoping review. Int J 

Epidemiol 2024;53:dyad177. https://doi.org/10.1093/ 
ije/dyad177

08. Banack HR, Mayeda ER, Naimi AI et al. Collider stratification 
bias I: principles and structure. Am J Epidemiol 2024;193: 
238–40. https://doi.org/10.1093/aje/kwad203

09. Banack HR, Mayeda ER, Fox MP et al. Collider stratification 
bias II: magnitude of bias. Am J Epidemiol 2025;194: 
1149–1151. https://doi.org/10.1093/aje/kwae255

10. Nguyen TQ, Dafoe A, Ogburn EL. The magnitude and direc
tion of collider bias for binary variables. Epidemiol Methods 
2019;8:20170013. https://doi.org/10.1515/em-2017-0013

11. Greenland S. Quantifying biases in causal models: classical 
confounding vs collider-stratification bias. Epidemiology 2003; 
14:300–6. https://doi.org/10.1097/01.EDE.0000042804.12056.6C

12. Smith LH, VanderWeele TJ. Bounding bias due to selection. 
Epidemiology 2019;30:509–16. https://doi.org/10.1097/EDE. 
0000000000001032

13. T€onnies T, Kahl S, Kuss O. Collider bias in observational 
studies. Dtsch Arzteblatt Int 2022;119:107–12. https://doi. 
org/10.3238/arztebl.m2022.0076

14. Chiolero A, Kaufman JS, Paradis G. Why adjustment for cur
rent weight can bias the estimate of the effect of birth 
weight on blood pressure: shedding light using causal 
graphs. J Hypertens 2012;30:1042–5. https://doi.org/10. 
1097/HJH.0b013e3283526663

15. Banack HR, Kaufman JS. The “obesity paradox” explained. 
Epidemiology (Fairfax) 2013;24:461–2. https://doi.org/10. 
1097/EDE.0b013e31828c776c

16. Hernandez-Diaz S, Schisterman EF, Hernan MA. The birth 
weight ‘paradox’ uncovered? Am J Epidemiol 2006;164: 
1115–20. https://doi.org/10.1093/aje/kwj275

17. Clarson L, Hider SL, Belcher J et al. Response to: ‘risk of vas
cular disease with gout: overadjustment of the statistical 
analyses?’ by van Durme et al. Ann Rheum Dis 2015;74:e10. 
https://doi.org/10.1136/annrheumdis-2014-206723

18. van Zwieten A, Blyth FM, Wong G et al. Consideration of over
adjustment bias in guidelines and tools for systematic 
reviews and meta-analyses of observational studies is long 
overdue. Int J Epidemiol 2024;53:dyad174. https://doi.org/ 
10.1093/ije/dyad174

19. VanderWeele TJ. On the relative nature of overadjustment 
and unnecessary adjustment. Epidemiology 2009;20:496–9. 
https://doi.org/10.1097/EDE.0b013e3181a82f12

20. Armstrong B, Sera F, Vicedo-Cabrera A et al. Overadjustment 
in time series regression studies, in particular of air pollution 
controlling for weather. Environ Epidemiol 2019;3:15. https:// 
doi.org/10.1097/01.EE9.0000605764.24017.6c

21. Kerkhof M, Hillyer EV, Price DB; all authors. The effect of 
smoking on exacerbation risk in eosinophilic patients with 
COPD. Eur Respir J 2017;50:1702086. https://doi.org/10. 
1183/13993003.02086-2017

22. Lundberg I, Johnson R, Stewart BM. What is your estimand? 
Defining the target quantity connects statistical evidence to 
theory. Am Sociol Rev 2021;86:532–65. https://doi.org/10. 
1177/00031224211004187

23. Greenland S, Pearl J, Robins JM. Causal diagrams for epide
miologic research. Epidemiol Camb Mass 1999;10:37–48. 
https://doi.org/10.1097/00001648-199901000-00008

International Journal of Epidemiology, 2026, Vol, 55, Issue 5                                                                                                                                                                                                                 9 

D
ow

nloaded from
 academ

ic.oup.com
/ije/article/55/5/dyag215/8859245 by guest on 29 O

ctober 2026

https://academic.oup.com/ije/article-lookup/doi/10.1093/ije/dyag215#supplementary-data
https://academic.oup.com/ije/article-lookup/doi/10.1093/ije/dyag215#supplementary-data
https://doi.org/10.1097/EDE.0b013e3181a819a1
https://doi.org/10.1016/j.jclinepi.2022.05.021
https://doi.org/10.1093/ije/dyaa213
https://doi.org/10.1097/EDE.0000000000001377
https://doi.org/10.1097/EDE.0000000000001377
https://doi.org/10.1186/s12916-025-03957-8
https://doi.org/10.1186/s12916-025-03957-8
https://doi.org/10.1093/aje/kws412
https://doi.org/10.1093/ije/dyad177
https://doi.org/10.1093/ije/dyad177
https://doi.org/10.1093/aje/kwad203
https://doi.org/10.1093/aje/kwae255
https://doi.org/10.1515/em-2017-0013
https://doi.org/10.1097/01.EDE.0000042804.12056.6C
https://doi.org/10.1097/EDE.0000000000001032
https://doi.org/10.1097/EDE.0000000000001032
https://doi.org/10.3238/arztebl.m2022.0076
https://doi.org/10.3238/arztebl.m2022.0076
https://doi.org/10.1097/HJH.0b013e3283526663
https://doi.org/10.1097/HJH.0b013e3283526663
https://doi.org/10.1097/EDE.0b013e31828c776c
https://doi.org/10.1097/EDE.0b013e31828c776c
https://doi.org/10.1093/aje/kwj275
https://doi.org/10.1136/annrheumdis-2014-206723
https://doi.org/10.1093/ije/dyad174
https://doi.org/10.1093/ije/dyad174
https://doi.org/10.1097/EDE.0b013e3181a82f12
https://doi.org/10.1097/01.EE9.0000605764.24017.6c
https://doi.org/10.1097/01.EE9.0000605764.24017.6c
https://doi.org/10.1183/13993003.02086-2017
https://doi.org/10.1183/13993003.02086-2017
https://doi.org/10.1177/00031224211004187
https://doi.org/10.1177/00031224211004187
https://doi.org/10.1097/00001648-199901000-00008


24. Whitcomb BW, Naimi AI. Defining, quantifying, and interpret
ing “noncollapsibility” in epidemiologic studies of measures 
of “effect”. Am J Epidemiol 2021;190:697–700 https://doi. 
org/10.1093/aje/kwaa267.

25. VanderWeele TJ, Hern�an MA, Robins JM. Causal directed 
acyclic graphs and the direction of unmeasured confounding 
bias. Epidemiology 2008;19:720–8. https://doi.org/10.1097/ 
EDE.0b013e3181810e29

26. VanderWeele TJ, Robins JM. Signed directed acyclic graphs for 
causal inference. J R Stat Soc Series B Stat Methodol 2010;72: 
111–27. https://doi.org/10.1111/j.1467-9868.2009.00728.x

27. Fox M, Arah OA, Swanson S et al. Causal diagrams to evalu
ate sources of bias. In: Statistical Methods in Cancer Research 
Volume V: Bias Assessment in Case–Control and Cohort 
Studies for Hazard Identification. Lyon (FR): International 
Agency for Research on Cancer, 2024. https://www.ncbi.nlm. 
nih.gov/books/NBK612863/ (16 June 2026, date 
last accessed).

28. Lundqvist A, Andersson E, Ahlberg I et al. Socioeconomic 
inequalities in breast cancer incidence and mortality in 
Europe—a systematic review and meta-analysis. Eur J Public 
Health 2016;26:804–13. https://doi.org/10.1093/eurpub/ckw070

29. Dong JY, Qin LQ. Education level and breast cancer inci
dence: a meta-analysis of cohort studies. Menopause 2020; 
27:113–8. https://doi.org/10.1097/GME.0000000000001425

30. Schaap M. Socioeconomic Inequalities in Smoking in Europe. 
Rotterdam: Erasmus Universiteit Rotterdam, 2010.

31. Kulik MC, Eikemo TA, Regidor E et al. Does the pattern of ed
ucational inequalities in smoking in Western Europe depend 
on the choice of survey? Int J Public Health 2014;59:587–97. 
https://doi.org/10.1007/s00038-014-0560-z.

32. He Y, Si Y, Li X et al. The relationship between tobacco and 
breast cancer incidence: a systematic review and meta- 
analysis of observational studies. Front Oncol 2022;12: 
961970. https://doi.org/10.3389/fonc.2022.961970

33. Groenwold RHH, Palmer TM, Tilling K. To adjust or not to ad
just? When a “confounder” is only measured after exposure. 
Epidemiology 2021;32:194–201. https://doi.org/10.1097/EDE. 
0000000000001312

34. Sterne JA, Hern�an MA, Reeves BC et al. ROBINS-I: a tool for 
assessing risk of bias in non-randomised studies of interven
tions. BMJ (Clinical Research ed.) 2016; 355:i4919. https:// 
doi.org/10.1136/bmj.i4919

35. Higgins JPT, Morgan RL, Rooney AA et al. A tool to assess 
risk of bias in non-randomized follow-up studies of exposure 
effects (ROBINS-E). Environ Int 2024;186:108602. https://doi. 
org/10.1016/j.envint.2024.108602

36. Smit F, Franco MR, Sherrington C et al. Socioeconomic posi
tion and falls among middle-aged and older-aged adults: a 
systematic review with a life course approach. J Epidemiol 
Community Health 2026;12. jech-2025–225014. https://doi. 
org/10.1136/jech-2025-225014

37. Naimi AI, Cole SR, Kennedy EH. An introduction to G meth
ods. Int J Epidemiol 2017;46:756–62. https://doi.org/10.1093/ 
ije/dyw323

38. Cole SR, Frangakis CE. The consistency statement in 
causal inference: a definition or an assumption? 
Epidemiology 2009;20:3–5. https://doi.org/10.1097/EDE. 
0b013e31818ef366

39. Hernan MA, Robins JM. Estimating causal effects from epide
miological data. J Epidemiol Community Health 2006;60: 
578–86. https://doi.org/10.1136/jech.2004.029496

© The Author(s) 2026. Published by Oxford University Press on behalf of the International Epidemiological Association.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits 
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
International Journal of Epidemiology, 2026, 55, 1–10
https://doi.org/10.1093/ije/dyag215
Education Corner

10                                                                                                                                                                                                               International Journal of Epidemiology, 2026, Vol, 55, Issue 5 

D
ow

nloaded from
 academ

ic.oup.com
/ije/article/55/5/dyag215/8859245 by guest on 29 O

ctober 2026

https://doi.org/10.1093/aje/kwaa267
https://doi.org/10.1093/aje/kwaa267
https://doi.org/10.1097/EDE.0b013e3181810e29
https://doi.org/10.1097/EDE.0b013e3181810e29
https://doi.org/10.1111/j.1467-9868.2009.00728.x
https://www.ncbi.nlm.nih.gov/books/NBK612863/
https://www.ncbi.nlm.nih.gov/books/NBK612863/
https://doi.org/10.1093/eurpub/ckw070
https://doi.org/10.1097/GME.0000000000001425
https://doi.org/10.1007/s00038-014-0560-z
https://doi.org/10.3389/fonc.2022.961970
https://doi.org/10.1097/EDE.0000000000001312
https://doi.org/10.1097/EDE.0000000000001312
https://doi.org/10.1136/bmj.i4919
https://doi.org/10.1136/bmj.i4919
https://doi.org/10.1016/j.envint.2024.108602
https://doi.org/10.1016/j.envint.2024.108602
https://doi.org/10.1136/jech-2025-225014
https://doi.org/10.1136/jech-2025-225014
https://doi.org/10.1093/ije/dyw323
https://doi.org/10.1093/ije/dyw323
https://doi.org/10.1097/EDE.0b013e31818ef366
https://doi.org/10.1097/EDE.0b013e31818ef366
https://doi.org/10.1136/jech.2004.029496

	Active Content List
	Introduction
	Understanding overadjustment bias
	The direction of type 1 overadjustment bias (inappropriate adjustment for a mediator)
	Implications of adjusting for mediators in the presence of other relevant variables
	Discussion
	Conclusion
	Ethics approval
	Author contributions
	Supplementary material
	Conflicts of interest
	Funding
	Data availability
	References


