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T he question of causality lies at the core of empirical 
medical research, and there are various approaches 
to examine causal relationships (1, 2). The effect of 

a new treatment on a clinical endpoint is examined in ran-
domized controlled trials (RCTs), while the effect of 
 exposures on the risk of disease is assessed in cohort 
studies. Common to these studies is the fact that they 
examine causal relationships between a treatment or 
 exposure and an outcome. They deal, therefore, with the 
question of whether an exposure is the cause of an out-
come (3–5). Effect estimation is based on the theory of 
causal inference (6). This mathematical theory makes 
 assumptions which must be satisfied to correctly estimate 
causal effects (Box). The key difference between observa-
tional studies and RCTs is that in RCTs these assumptions 
are fulfilled by the study design, whereas they are usually 
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not fulfilled in observational studies, subsequently requir -
ing more complex statistical procedures. In most cases, it 
is not possible to verify whether these assumptions are 
fulfilled in observational studies despite statistical adjust-
ments.

One example for the examination of a causal rela-
tionship is the question of whether obesity increases 
the risk of type 2 diabetes. The exact mechanisms 
leading to this increased risk are not necessarily the 
initial focus of interest. However, from both a scien-
tific and a medical care perspective, these mecha -
nisms may well be of relevance. For example, it 
might be of interest to see whether the aforemen-
tioned relationship between obesity and diabetes is in 
part mediated by insulin resistance. This insight could 
both influence treatment decisions and initiate 
 research projects to develop new therapies to prevent 
insulin resistance. 

Mediation analysis offers a way of investigating 
these mechanisms (4, 5). It investigates the mecha -
nisms by which an exposure causes an outcome. It 
therefore not only examines whether there actually is 
a causal relationship but also how it arises. The focus 
here is on factors that “mediate” the relationship 
 between exposure and outcome (Latin: “mediator” = 
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go-between or facilitator). In the example above, 
 insulin resistance would be a potential mediator 
 between the exposure “obesity” and the outcome 
“diabetes”. 

Because of this additional complexity of medi-
ation analysis and because such analyses are in-
creasingly applied in medical research, the aim of 
the present  article is to provide a basic understand-
ing of statistical mediation analysis. The focus here 
is on a correct interpretation of the results and 
on possible limitations and pitfalls of mediation 
analysis.

Methods
The principle of mediation analysis will be described 
here using directed acyclic graphs (DAGs), also known 
as causal diagrams (7–9), and drawing on selected 
examples. Moreover, an explanation is provided on 
how mediation analysis can be biased and how these 
biases can be avoided.  

Results
Causal diagrams and mediation (analysis)
Assumptions about causal relationships are made and 
presented in causal diagrams based on expert knowledge. 

BOX 

Necessary assumptions required to estimate causal effects*
● Exchangeability
Exposed and unexposed study participants must be “exchangeable”. This means that exposed participants would have shown the same end-
point as unexposed had they remained unexposed (and vice versa). Exchangeability is ensured in randomized studies because all potential con-
founders are equally distributed between the groups. However, if confounders are present in observational studies, then the exchangeability 
 assumption is violated. In such cases, exchangeability can be restored by adjusting for confounders. This so-called conditional exchangeability 
means that exposed and unexposed are exchangeable within strata of confounders (i.e., adjusted for confounders).

The hypothetical example presented in the main text deals with the causal effect of obesity on the risk of diabetes. In this context, exchange-
ability means that obese study participants have the same risk of diabetes as non-obese participants if the obese participants were not obese. 
Given that the confounder “age” increases both the probability of developing obesity and of developing diabetes, the exchangeability assumption 
could be violated. In comparison with non-obese study participants, obese participants would presumably also have a higher risk of diabetes 
even without obesity because that were on average older. Consequently, an adjustment should be made for “age” to restore conditional 
 exchangeability.

● Positivity
Both the probability to be exposed and to be unexposed must be positive, i.e., greater than zero. Positivity is ensured in randomized studies by 
the study design because study participants are allocated to the the treatments groups with predetermined probability. On the other hand, in 
 observational studies, it must be ensured that there are both exposed and unexposed participants. If adjustment is made for confounding in order 
to achieve exchangeability, then it must also be ensured that the probability to be exposed and unexposed within different strata of confounders 
is positive. 

With reference to the example cited under the heading “Exchangeability”, positivity means that both obese and non-obese individuals partici-
pate in the study. If the analysis is adjusted for age, then it should also be ensured that both obese and non-obese individuals are represented in 
each age group.

● Consistency
The observed endpoint of all study participants under a particular exposure status corresponds to the potential endpoint of the study participants 
under this exposure status. This assumption may appear trivial at first sight, but it can be violated if there is a possibility of multiple versions of 
the exposure (for example, weight reduction by a change in dietary behavior or a change in physical activity). If the causal effect of the different 
versions of the exposure varies, then it is uncertain which version of the exposure the observed endpoint refers to. In randomized studies, the 
 exposure is clearly defined by the randomized group assignment, which is why the assumption of consistency is satisfied here.

In observational studies, on the other hand, there is the possibility that the observed endpoint does not correspond to the potential endpoint. 
In the example cited under the heading “Exchangeability”, obesity could be prevented by a change in dietary behavior or by a change in physical 
activity. If these ways of preventing obesity have different effects on the risk of diabetes, then the assumption of consistency is violated. Conse-
quently, the exposure should be defined as clearly as possible.

● No interference
The endpoint of the study participants is not affected by the exposure status of the other participants. This assumption may be violated if the 
study participants are not independent of one another. This would be the case in the cited example if several members of the same household 
were included in the study. It is conceivable here that the obesity status of one household member affects the risk of diabetes of another member.

*modified after (6)
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These causal diagrams form the basis for addressing a 
scientific question (7–9). This serves to translate 
specialized content knowledge into statistical relation-
ships. The insights gained from this can then be applied 
to data collection and analysis. 

Causal relationships are represented in a causal 
diagram by directed arrows from the cause (for 
example, an exposure) to its effect (for example, the 
outcome). As presented in Figure 1 with reference to 
the example mentioned above, insulin resistance is a 
potential mediator for the effect of obesity on dia-
betes. 

The aim of mediation analysis is to break down, or 
decompose, the total exposure effect in one or more 
indirect effects and one direct effect (4, 5). In our 
example, therefore, the aim would be to decompose 
the total effect of the risk of diabetes into two parts: 
one part mediated by the obesity-related risk of insu-
lin resistance (indirect effect) and one part caused 
 directly by obesity (i.e., not via a resistance to insu-
lin). For further clarity, this example is developed in 
the next section.  

A hypothetical example
Figure 2 presents a hypothetical, highly simplified 
study situation involving 100 participants who differ at 
baseline only with respect to their obesity status. We 
 assume that obesity doubles the risk for insulin resis-
tance as compared with individuals without obesity. 
Consequently, ten non-obese and 20 obese study par-
ticipants have insulin resistance in Figure 2a. We also 
assume that individuals without obesity and without 
 insulin resistance have a 20% risk of developing dia-
betes and that obesity and insulin resistance increase 
the risk of diabetes in comparison with individuals 
without obesity and insulin resistance by 20 and 30 per-
centage points, respectively. This results in different 
risks of developing diabetes (Table 1).

If these probabilities are applied to the hypothetical 
study participants in Figure 2a, this results in a risk of 
developing diabetes of 26% for non-obese and 52% 
for obese participants, which corresponds to a risk 
difference of 26 percentage points. So obesity 
 increases the risk of diabetes altogether by 26 per -
centage points (corresponding to 13 additional cases 
of diabetes). 

The decomposition of the total effect into an indi-
rect and a direct effect is presented in Figures 2b and 
2c. In order to calculate the direct effect (Figure 2b), 
we “eliminate” the impact of obesity on the risk of 
 insulin resistance. In this context, “eliminate“ means 
that we calculate the figures as in Figure 2a, with the 
only difference that obesity does not have an impact 
on the risk of insulin resistance. As a result, the pro-
portion of study participants with insulin resistance is 
the same in individuals with and in those without 
obesity (20%). With respect to the causal diagram in 
Figure 1, proceeding like this corresponds to “elimi -
nating” the arrow from obesity to insulin resistance. 
Now, if the specified diabetes risks are applied to Fig-

ure 2b, there is a risk of developing diabetes of 26% 
in non-obese and 46% in obese study participants. 
After “eliminating” the relationship between the 
 exposure “obesity” and the mediator “insulin resis-
tance”, there subsequently remains a direct effect of 
20 percentage points (corresponding to ten additional 
cases of diabetes). In this example, the direct effect 
answers the question: “How great would the effect of 
obesity on the risk of diabetes be if obesity had no 
 impact on the development of insulin resistance?”

For calculating the indirect effect (Figure 2c), we 
assume that obesity has no direct effect on the risk of 
diabetes and equate the risk of study participants 
without obesity to the risk of study participants with 
obesity (40 %). In the absence of insulin resistance, 
the presence of obesity therefore no longer has a 
 direct impact on the risk of diabetes which it increases 
only indirectly via an increased risk for insulin resis-
tance. This results in a risk of developing diabetes of 
46% in non-obese and 52% in obese study partici-
pants. So, after comparing the risk of diabetes in non-
obese with that of obese participants, there remains an 
indirect effect of six percentage points (corresponding 
to three additional cases of diabetes). The indirect 
 effect answers the question: “How great would the 
 effect of obesity on the risk of diabetes be if obesity 
were to influence the risk of diabetes exclusively via 
the development of insulin resistance?”

The sum of the direct and indirect effects gives the 
total effect of 26 percentage points, or 13 additional 
cases of diabetes. In mediation analysis, the propor-
tion of the total effect resulting from the indirect 
 effect is often calculated (proportion mediated [PM]). 

FIGURE 1

Directed Acyclic Graphs (DAG) to demonstrate mediation analysis—decomposition of the 
total effect into a direct and an indirect effect

Total effect
The total effect is the sum of the direct and 
 indirect effects. In a DAG, the total effect goes 
through all paths from exposure to outcome.

Obesity Diabetes

Insulin 
resistance

Direct effect
The direct effect describes how much of the 
total exposure effect would remain if the expo-
sure had no impact on the mediator. In a DAG, 
the direct effect is the arrow which leads 
 directly from the exposure to the outcome.Obesity Diabetes

Insulin 
resistance

Indirect effect
The indirect effect is the exposure effect due 
to the impact of the exposure on the mediator. 
In a DAG, the indirect effect is the pathway 
from the exposure to the outcome via the 
mediator. Obesity Diabetes

Insulin 
resistance
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The PM is defined as the ratio of the indirect effect 
over the total effect. In this example, the PM is six 
percentage points divided by 26 percentage points, 
which is 23%. Consequently, in our example, 23% of 
the total effect of obesity is due to the indirect effect 
via insulin resistance. 

The manual calculation of the direct and indirect 
effects shown in Figure 2 is used here only to make 
mediation analysis as comprehensible as possible. In 
research practice, a wide range of statistical 
 procedures are used for this purpose. For the sake of 

clarity, we have assumed in our example that there are 
no confounders (refer to [10] for further information) 
which might bias the estimation of the effect of obe -
sity on the risk of diabetes. A potential confounder for 
the relationship between obesity and diabetes would 
be, for example, physical activity, since it can 
 influence the risk for obesity as well as the risk for 
diabetes. By mixing the effect of the exposure with 
the confounder effect, the estimation of the causal 
 relationship between exposure and outcome is biased. 
A number of statistical methods are available to adjust 

Decomposition of the effect of obesity on the risk of diabetes into a direct and an indirect effect. Presented here are 100 hypothetical study participants of which half 
are obese. Color is used to distinguish the presence of insulin resistance in the study participants. It is assumed that obesity increases the risk of insulin resistance from 
20% to 40%. Accordingly, Figure 2a shows that, of the 50 individuals without obesity (circles), 10 individuals, or 20%, have insulin resistance (yellow circles). On the 
other hand, twenty individuals, or 40%, in the group with obesity (triangles) have insulin resistance (yellow triangles). Without obesity and without insulin resistance, the 
risk of diabetes is 20%. Accordingly, in Figure 2a, out of 40 individuals without obesity and insulin resistance (white circles), eight individuals, or 20%, have diabetes 
(white circles with cross). Obesity and insulin resistance increase the risk of diabetes by 20 and 30 percentage points, respectively. Accordingly, five out of ten individ-
uals, or 50% without obesity but with insulin resistance suffer from diabetes (white circles with cross). Of 30 individuals with obesity but without insulin resistance (white 
triangles), 12, or 40%, suffer from diabetes. Individuals with obesity and insulin resistance (yellow triangles) have the highest risk of developing diabetes. Here, 14 of 20 
individuals, or 70%, suffer from diabetes. To calculate the total effect of obesity on the risk of diabetes, the proportion of study participants with diabetes is compared 
 between individuals with and without obesity. In this example, this results in 13 and 26 people with diabetes in the group without and the group with obesity, respectively, 
corresponding to a risk of diabetes of 26% and 52%, respectively. The total effect of obesity on the risk of diabetes (Figure 2a) takes into account both the direct risk 
 increase due to obesity and the indirect risk increase via insulin resistance in the presence of obesity. For the direct effect (Figure 2b), the figures were calculated similar 
to Figure 2a, with the difference that here the effect of obesity on insulin resistance was “eliminated”. This is recognizable by the fact that the number of individuals with 
insulin resistance in the group with and in the group without obesity is the same (ten yellow circles and ten yellow triangles). The calculation of the figures for the indirect 
effect (Figure 2c) is also analogous to the total effect, with the difference that here individuals without insulin resistance and obesity have the same risk of diabetes (12 of 
30 individuals, 40%) as persons without insulin resistance and with obesity (16 of 40 individuals, 40%). In this case, obesity only influences the risk of diabetes via the 
 increased risk of insulin resistance.

a) Total effect

b) Direct effect c) Indirect effect

Risk of diabetes obesity – 13/50 = 26%
Risk of diabetes obesity + 26/50 = 52%
Risk difference 26 percentage points

Risk of diabetes obesity – 13/50 = 26%
Risk of diabetes obesity + 23/50 = 46%
Risk difference 20 percentage points

Risk of diabetes obesity – 23/50 = 46%
Risk of diabetes obesity + 26/50 = 52%
Risk difference 6 percentage points

Obesity –, insulin resistance –
Obesity +, insulin resistance –
Diabetes
Obesity –, insulin resistance +
Obesity +, insulin resistance +

FIGURE 2 
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for potential confounders when estimating causal 
 effects, for example, regression analysis (11). One 
way to correct for confounding in mediation analysis 
is illustrated by the following real-world example 
from diabetes research. 

Applied example from diabetes research
Boonpor et al. (12) ) examined the effect of a fish-based 
diet in comparison with a meat-based diet on the risk of 
diabetes and to what extent this effect is mediated by 
obesity. The motivation for this study was the question 
of whether a fish diet could have other (direct) effects 
on the risk of diabetes apart from its obesity-inhibiting 
effect. For this purpose, the data of around 200 000 
study participants from the UK Biobank were analyzed. 
Over a median follow-up period of 5.4 years, 5067 new 
cases of diabetes were diagnosed in this cohort. The 
analysis adjusted  for several confounders which could 
bias the relationship between a fish-based diet and the 
incidence of diabetes. For example, it was assumed that 
age affects both diet and the risk of diabetes, which 
would create a bias due to the confounder “age”. The 
causal relationships examined in this study are pres-
ented in Figure 3. Confounders are presented in a 
causal diagram as characteristics with arrows leading to 
both the exposure and the outcome. Figures 3 clearly 
 illustrates an important difference between mediation 
analysis and “conventional” effect estimations in which 
only the total effect from the exposure to the outcome is 
of interest. With conventional effect estimations, con-
founding must be adjusted for by all characteristics that 
influence both the exposure and the outcome. On the 
other hand, for valid mediation analysis, the effects of 
the exposure on the mediator (fish-based diet → obe -
sity) and of the mediator on the outcome (obesity → 
diabetes) are also relevant. These effects can also be 
biased by confounding. Consequently, the analysis 
must include adjustments for exposure-mediator con-
founders and mediator-outcome confounders in addi-
tion to exposure-outcome confounders.

Regression-based mediation analysis
In their mediation analysis, Boonpor et al. (12) used 
 regression models to adjust for confounding. An intro-
duction to regression analysis is provided by Schneider 
et al. (11). It is important to note that two regression 
models are usually computed for mediation analysis. 
The first regression model estimates the relationship 
between exposure and outcome and the second between 
exposure and mediator. With respect to Figure 3, this 
means that the effect of a fish diet (exposure) on the 
incidence of diabetes (outcome) is estimated using the 
first regression model, and the effect of a fish diet on 
obesity (mediator) is estimated by the second model. 
Both regression models must adjust for all three con-
founder sets in Figure 3. Boonpor et al. (12) adjusted 
for several potential confounders (Table 2). The total, 
direct, and indirect effect can be estimated using math-
ematical equations based on the regression coefficients 
of both regression models (4). Depending on the 

 research question, these equations are more or less 
complex and are implemented in standard statistical 
software. The confounder-adjusted analysis demon-
strated a lower incidence rate by a factor of 0.56 for a 
fish-based diet in comparison with a meat-based diet. A 
reduction by a factor of 0.81 was attributable to the 
 indirect effect via obesity, which corresponded to a PM 
of 31%.

Practical implementation and interpretation of 
 mediation analysis
The regression-based implementation of mediation 
analyses presented above is incorporated in a user-
friendly manner in several statistical programs (for 
example, SAS, R, or Stata). This method may be used 
for different types of outcomes and mediators. The cor-
rect regression model to use is determined by the scale 
of the outcome variable in question. For example, 
relative risks or odds ratios for dichotomous outcomes 
can be estimated and broken down into direct and indi-
rect effects. In Boonpor et al (12), the outcome was a 
time-to-event and the mediator a binary variable, so 
Cox regression and logistic regression were used, 
 respectively. 

The selection of confounders can be a challenge 
when implementing mediation analysis. As already 
mentioned, three types of confounding variables must 

TABLE 1

The risk of diabetes as a function of the exposure “obesity” and the mediator 
“insulin resistance”

Obesity

not present (−)

present (+)

not present (−)

present (+)

Insulin resistance

not present (−)

not present (−)

present (+)

present (+)

Risk of diabetes

20%

40%

50%

70%

FIGURE3

Directed acyclic graph showing the causal relationship between a fish-based diet, obesity, 
and diabetes

Exposure-mediator  
confounder

Exposure 
Fish-based diet

Mediator 
Obesity

Exposure-outcome 
confounder

Outcome 
Diabetes

Mediator-outcome 
confounder
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be adjusted for in mediation analysis (Figure 3). It is 
important that the selection of confounders is justified 
by subject-matter reasons and not only data-driven. 
One way of making the selection of confounders 
 easier is to use graphical representations of causal 
 relationships in causal diagrams based on expert 
knowledge. Based on a causal diagram and math-
ematical rules, freely available software may be used 
to identify relevant confounders (for example, 
 DAGitty) (13). 

Mediation analysis is used for both RCTs and 
 observational studies. However, in the mediation case 
more assumptions must be fulfilled than with conven-
tional estimations of associations between exposure 
and outcome. A key assumption when estimating 
causal effects is that there are no unknown or 
 unmeasured confounders. Usually it is not possible to 
verify whether this assumption is fulfilled in a given 
case. Because it is more difficult to fulfill this 
 assumption in mediation analysis due to the three 
confounder sets which need to be adjusted for, 
 mediation analysis is considered more prone to bias 
than studies that only estimate the total effect. Medi-
ation analyses in RCTs have the advantage that con-
founding between the intervention and outcome and 
between the intervention and mediator are prevented 
by randomizing the intervention so that confounders 
can be disregarded for these relationships. However, 
mediator-outcome confounders must also be adjusted 
for in RCTs because the mediator is usually not ran-
domized. In general, mediation analyses are therefore 
more susceptible to bias than conventional effect esti-
mations.

In order to obtain valid effect estimates, it is an 
 advantage if there is a clear chronological order 
 between exposure, mediator, and outcome. Ideally, 
therefore, a dataset with (at least) three survey dates 
should be available. Otherwise it might not be guaran-
teed that, for example, the mediator follows the expo-
sure and not vice versa. If the chronological order of 
exposure, mediator, and outcome is unclear, then the 

direction of the causal relationship is also unclear. An 
unequivocal chronological order is therefore also cru-
cial for the interpretation of mediation analyses. In 
addition, attention should be paid to whether the con-
founders were identified with the help of expert 
knowledge, for example by using causal diagrams, 
and whether all three types of confounders were 
 adjusted for. As with any study, mediation analyses 
should also be judged in the light of the overall avail-
able evidence.  

Discussion
We have used examples to explain how mediation ana-
lyses can be implemented to decompose the effect of an 
exposure or intervention into a direct and an indirect 
 effect. The regression-based approach provides an 
 opportunity to perform mediation analyses. These pro-
cedures are flexible for use with various scales of the 
outcome and mediator and, unlike older methods, can 
also adjust for an interaction between the exposure and 
the mediator. However, these procedures do also have 
their limitations when dealing with more complex 
 issues. For example, situations with more than one 
mediator require more extensive programming (5). 

Therefore, the concepts and methods presented 
here can only give a brief insight into the principle of 
mediation analysis. The methodology can be 
 expanded in many ways, for example, by decomposi-
tion of the total effect into more than two components 
(14), and alternatives to the regression-based 
 approach (for example, [15, 16]) are also available. 
The fundamental principle, however, is the same for 
all methods: the decomposition of exposure effects 
into direct and indirect components with the aim of 
examining not only whether, but also how, an expo-
sure causes an outcome. 
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Questions on the article in issue 41/2023:

Mediation Analysis in Medical Research
The submission deadline is October 12, 2024. Only one answer is possible per q uestion.  
Please select the answer that is most appropriate.

Question 1
Which question does mediation analysis deal with? 
a) Which exposure leads to the observed outcome? 
b) What other outcome can result from the exposure?
c) Which factors lead to the exposure which is responsible for the 

 outcome? 
d) Based on what mechanism does an exposure lead to a particular 

outcome? 
e) How pronounced would the outcome be if another exposure 

 interacts? 

Question 2
The article draws on the example of the relationship between 
obesity and diabetes. What is mentioned in the text as a potential 
mediator? 
a) Increased consumption of glucose
b) Reduced consumption of glucose
c) Insulin resistance
d) Increased production of insulin
e) Reduced production of insulin

Question 3
One of the necessary assumptions for estimating causal effects 
is that exposed study participants would have had the same end-
point as unexposed participants if they had actually not been 
 exposed (and vice versa). Which term is used for this? 
a) equality
b) credibility
c) dependency
d) diversity
e) exchangeability

Question 4
Which of the following aspects are both listed in the article under 
the necessary assumptions required to estimate causal effects? 
a) positivity and consistency
b) interference and competition
c) abstinence and consistency
d) interference and plausibility
e) plausibility and competition

Question 5
Causal diagrams are often constructed to explain mediation 
analysis. What is the technical term for this type of diagram? 
a) Direction Anticipating Graphs (DAG)
b) Directed Acyclic Graphs (DAG)
c) Directed Triangular Graphs (DTG)
d) Direct Acyclic Diagrams (DAG)
e) Bidirectional Acyclic Graphs (BAG)

Question 6
In the case of the example for a mediation analysis cited in 
the article, which of the following dimensions answers the 
following question: “How great would the effect of obesity on 
the risk of diabetes be if obesity had no impact on the devel-
opment of insulin resistance?”
a) the indirect effect
b) the combined effect
c) the uncoupled effect
d) the direct effect
e) the subtracted effect

Question 7
How is “proportion mediated” (PM) defined in the article? 
a) Difference between indirect and total effect
b) Ratio of the indirect effect over the total effect
c) Difference between direct and indirect effect
d) Sum of indirect and direct effects
e) Quotient of the total effect divided by the direct effect

Question 8
The article presents an example of a mediation analysis 
 between fish-based diet (in comparison with meat-based 
diet) and the incidence of diabetes. What is assumed to be 
the mediator here? 
a) HDL levels
b) LDL levels
c) Blood pressure
d) Heart rate
e) Obesity

Question 9
How large was the PM in the mediation analysis regarding 
fish-based diet? 
a) 5.8 %
b) 13.7 %
c) 27.1 %
d) 30.6 %
e) 42.1 %

Question 10
 During mediation analysis for an RCT, what type of 
 confounder should be considered since they are not yet 
 adjusted for by randomization? 
a) Age as a confounder
b) Intervention-outcome confounder
c) Mediator-outcome confounder
d) Gender as a confounder
e) Intervention-mediator confounder

cme plus  


