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Outline
1. Review the Basic Concepts and Terminology of Statistical Mediation Modeling

2. Applying Mediation Models to Multi-wave (e.g., pre/baseline, post 1, post 2) randomized trials of 

interventions.

3. Specific considerations

A. Analyzing change scores (post – pre) vs. post scores only.

B. Using baseline values as covariates, when available.

C. Testing the statistical significance of the mediated effect.

D. Examining mediation even when the intervention did not have a significant effect on the primary 

outcome.

E. The biasing effects of unreliability in mediator measurement. Observed vs. Latent mediators.

F. Modifications for when the primary outcome is binary, or a time-to-event outcome.

4. Examples of Applications



Learning Objectives

1. To understand the principles and concepts when testing 
mechanistic hypotheses with statistical mediation modeling.

2. To select from the various options involved including 
baseline covariate adjustments, change score analyses, 
data wave timing, and mediation measurement when 
designing mediation models.

3. To approximate the sample size needed to adequately 
power mediation testing.



Basics of Statistical Mediation 
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Mediation in a 2-wave (Pre-Post) RCT Design with Change 
Scores

where ∆ = post – pre change scores. Note that the b and c’ paths 

change from an analysis of post scores only.
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Mediation in a 3-wave (Pre, Post1 , Post2 ) RCT 

Design
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Mediation in a 3-wave (Pre, Post1 , Post2 ) RCT 

Design

where ∆ = post – pre change scores. Note that the b and c’ paths 

change from an analysis of post scores only.
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Mediation in a 3-wave (Pre, Post1 , Post2 )
RCT Design with a Latent Mediator
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Testing the statistical significance of the mediated effect

1. Joint significance test. If both paths (a and b) of the mediated 
effect are statistically significant (e.g., p < 0.05), then the mediated 
effect is also statistically significant (p < 0.05).

2. Sobel (1982) test. Provides a formula to calculate the standard 
error for the a*b effect, then you divide a*b by this standard error and 
get a p-value from the standard normal distribution.

3. Bootstrapping methods. Resample the data, with replacement, 
thousands of times, calculate a*b from each sampling, then compute 
a standard error for a*b.





NYU Caregiver Intervention Study (M. Mittelman, PI)

• Randomized controlled trial of 406 spouse caregivers of 
dementia patients. Dyads were randomly assigned to an 
intervention condition or a usual care control group.

• The intervention involved strengthening social 
support resources (e.g., support group services, 
other family members). Usual care participants 
received information and access to standard services.

• 312 spouse caregivers provided care in the home for
at least one year after randomization.

• Changes in social support were hypothesized to be important proximal 

outcomes and mediators of change in caregiver depression and patient 

nursing home placement rate.



Satisfaction with Social Support in 

the NYU Caregiver Intervention 

Study

Likert-type ratings were obtained on how satisfied spouse caregivers were 

with their social support networks (1 = very dissatisfied, 6 = very satisfied).

– “In general, how satisfied are you with your social network?”

– “How satisfied are you with the assistance you get with daily activities 

(help with chores, patient care)?”

– “How satisfied are you with the emotional support you get from your 

social network?”



% mediated = 30%





Beat the Blues Intervention (L. Gitlin, PI)

• Randomized controlled trial of 208 African Americans 

age 55+ with PHQ-9 scores > 5. Participants were 

randomly assigned to a multicomponent

cognitive-behavioral intervention or to a wait-list 

control.

• Beat the Blues was delivered by social workers and 

targeted symptom recognition, depression knowledge, 

stress reduction, and behavioral activation.

• 179 participants provided mediator and outcome data at 4 weeks. Changes in 

depression knowledge, behavioral activation, and anxiety

• hypothesized to mediate the effect of the intervention on changes in 

depressive symptoms as measured by two outcomes (PHQ-9 and CES-D).

• Mediators were examined individually and jointly.











AgingPLUS Intervention (M. Diehl, PI)

• Randomized controlled trial of 335 adults 45-75 years of 

age. Participants were randomly assigned to the 

AgingPLUS intervention or to a Health Education control 

condition.

• AgingPLUS aimed to improve physical activity by 

targeting age-related motivational factors. These 

included negative views of aging, self-efficacy, and

behavioral intentions.

• 278 participants provided physical activity outcome data

at 8 weeks.

• Changes in motivational factors measured at 4 weeks were hypothesized to 

mediate the effect of the intervention on changes in physical activity at 8 weeks.

• 108 separate mediation models were run, 9 mediators for 12 physical 

activity outcomes (9*12 = 108).









Mplus Code for Diehl et al. (2025) mediation analysis

Title: group(X)- AS(M)-actigraph:kcal(Y); 

Data: File is AgingPLUS_PA_Final_1206.csv; 

Variable:

Names are group d_kcal w0kcal w0AS d_AS ... 

(list all variables in *.csv file); 

Usevariables are group d_kcal w0kcal w0AS d_AS; 

Missing = .;

Analysis:

bootstrap = 10000;

Model:

d_AS ON w0AS group;

d_kcal ON w0kcal d_AS group;

model indirect:

d_kcal IND group;

Output: stdyx cint(bcbootstrap);



Select Mplus output for Diehl et al. (2025) mediation analysis

STANDARDIZED MODEL RESULTS

STDYX Standardization

Two-Tailed 

P-ValueEstimate S.E.

D_AS

W0AS

Est./S.E.

ON

-0.486 0.051 -9.627 0.000

GROUP 0.339 0.048 7.046 0.000

D_KCAL ON 

W0KCAL -0.367 0.094 -3.885 0.000

D_AS 0.167 0.070 2.402 0.016

GROUP 0.118 0.057 2.060 0.039

Effects from GROUP to D_KCAL

Total 0.174 0.055 3.192 0.001

Total indirect 0.057 0.025 2.247 0.025
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c’ 
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Bootstrapped standard 
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NYU Caregiver Intervention Study (M. Mittelman, PI)

• Randomized controlled trial of 406 spouse caregivers 
of dementia patients. Dyads were randomly assigned 
to an intervention condition or a usual care control 
group.

• The intervention involved strengthening social 
support resources (e.g., support group services, other 
family members). Usual care participants received 
information and access to standard services.

• 312 spouse caregivers provided care in the home for at least one 
year after randomization.

• Changes in social support were hypothesized to be important 

proximal outcomes and mediators of change in caregiver depression 

and patient nursing home placement rate.



Satisfaction with Social Support in 

the NYU Caregiver Intervention 

Study

Likert-type ratings were obtained on how satisfied spouse caregivers were 

with their social support networks (1 = very dissatisfied, 6 = very satisfied).

– “In general, how satisfied are you with your social network?”

– “How satisfied are you with the assistance you get with daily activities 

(help with chores, patient care)?”

– “How satisfied are you with the emotional support you get from your 

social network?”



% mediated = 30%



% mediated = 50%



The Case for Latent Mediating Variables

• A key assumption of most multivariate causal models, including mediation 

models, is that all predictors (including the mediators) are measured without 

error.

• Monte Carlo simulation studies have shown that even mild unreliability in the 

mediating variable can introduce serious estimation biases (e. g., Hoyle & 

Kenny, 1999). These biases typically inflate the type II error rate (i.e., reduce 

power) for the mediated effect (a*b) and inflate the type I error rate (the false 

positive rate) for the direct effect (c’) .

• Latent variables are underlying constructs that are only measured indirectly, 

usually by their presumed effects on multiple correlated observed indicators. By 

extracting these common variance components, latent variables are said to be 

measured without error.

• If you have collected multiple indicators of a mediating process, consider 

extracting a latent mediating variable.
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Typical Mediation Question: What percentage of an intervention’s 

effect on a primary outcome variable can be explained by that 

intervention’s effect on a mediating mechanism?

Answer: Using the exact same data from the NYU caregiver 

intervention study, we found that the percentage of the intervention’s 

impact on depressive symptoms that was mediated by its effect on 

satisfaction with social support ranged from 30% to 69%, depending 

entirely on the specific analytic method used.





A guide for conducting rigorous mechanistic 

research with behavioral interventions:

Introducing the Checklist for Investigating 

Mechanisms in Behavior-change Research (CLIMBR)

Jeffrey Birk, PhD

May 22, 2025





Addressing Some 

Common Challenges
Must I test mediation using a particular time-ordered
relationship among variables?

• If possible, the mediator should occur in time between the predictor and
outcome.

• Consider the relevant timescales for your research design in terms of expected effects as well as 
practical considerations.

• You might consider measuring changes in M and changes in Y.
• However, a well powered randomized controlled trial does not require measurement of M or Y at 

baseline.

• Entirely cross-sectional research is relatively easy to conduct. However, it
may have less utility than a thoughtfully sequenced research design in which
the progression of X□M□Y is evaluated over time.



Outline
1. Review the Basic Concepts and Terminology of Statistical Mediation Modeling

2. Applying Mediation Models to Multi-wave (e.g., pre/baseline, post 1, post 2) randomized trials of 

interventions.

3. Specific considerations

A. Analyzing change scores (post – pre) vs. post scores only.

B. Using baseline values as covariates, when available.

C. Testing the statistical significance of the mediated effect.

D. Examining mediation even when the intervention did not have a significant effect on the 

primary outcome.

E. The biasing effects of unreliability in mediator measurement. Observed vs. Latent mediators.

F. Modifications for when the primary outcome is binary, or a time-to-event outcome.

4. Examples of Applications



Summary of Key Points
3. Specific considerations

A. Analyzing change scores (post – pre) vs. post scores only.

B. Using baseline values as covariates, when available.

C. Testing the statistical significance of the mediated effect. A bias-corrected bootstrap method 

usually provides the most power.

D. Examining mediation even when the intervention did not have a significant effect on the primary 

outcome. This is fine. The mediated effect may still be statistically significant and 

interpretable.

E. The biasing effects of unreliability in mediator measurement. Observed vs. Latent mediators. 

Unreliability massively undercuts power. Extracting latent mediators, if feasible, is one way to 

address this. If sticking with observed variables, use measures that have strong psychometric 

properties.



Mediation in a 3-wave (Pre, Post1 , Post2 ) RCT 
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Mediation in a 3-wave (Pre, Post1 , Post2 )
RCT Design with a Latent Mediator
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Q & A

Thank you!

Check out our website
https://embraceroybal.wisc.edu

or 

Contact:

EMBRACE@umn.edu

mailto:EMBRACE@umn.edu
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