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Standard statistics training
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1. Take some model

lm()
glm()
lmer()
gam()
brm()
loess()
clm()
…

2. Make sure you code everything that goes into the model the right way

# assigning the deviation contrasts to race.f
contrasts(df$race.f) = contr.sum(4)

# center variables to make interaction interpretable
df$x1_cent <- scale(df$x1, center = TRUE, scale = FALSE)
df$x2_cent <- scale(df$x2, center = TRUE, scale = FALSE)



Standard statistics training
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3. Fit model

estimator go brrrrrrr
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4. ??? 

5. Profit



Some pitfalls of this approach
» it gets confusing quickly 

» interactions, nonlinearities, categorical predictors and their combinations

» it often needs to be relearned for different model classes and different 
model implementations

» Ordinal model? Tough luck, now the coefficients mean something else

» sometimes it‘s not clear which coefficients answer your research question

» sometimes it‘s not clear which research question your coefficients answer
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Let‘s say you‘re interested in X à Y

You fit a model:
Y~ X + C1 + C2 + C3

This implies that you have the 
following causal model in your head:

X

C1

C2

C3

Y

If this model is correct, you should not
interpret your model’s coefficients of C1, 
C2 and C3 substantively because the 
models controls for X – a mediator of 
their effects, which leads to 
- overcontrol bias (removes part of the 

effect of interest) and 
- potential collider bias (introduces new 

spurious associations)

More on the logic of third variable control: 
Rohrer (2018), Wysocki et al. (2022)

https://journals.sagepub.com/doi/full/10.1177/2515245917745629
https://journals.sagepub.com/doi/10.1177/25152459221095823


Some pitfalls of this approach
» it gets confusing quickly 

» interactions, nonlinearities, categorical predictors and their combinations

» it often needs to be relearned for different model classes and different 
model implementations

» Ordinal model? Tough luck, now the coefficients mean something else

» sometimes it‘s not clear which coefficients answer your research question

» sometimes it‘s not clear which research question your coefficients answer

7

But what’s the alternative???



Models as prediction machines with marginaleffects
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Fitted model

Coefficients 
somewhere in 
here

Feed in 
combinations of 
predictor values

Get out predicted 
outcomes

1. Decision: Which 
combinations to feed in to 
answer research question

2. Decision: How to combine 
the predicted outcomes to 
answer research question
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Model predicting life satisfaction 
from gender, age and income

Query Response

Query: What’s the predicted life satisfaction for a woman who is 35 years old and earns 20,000 Euro?

predictions(mod, newdata = data.frame(sex = 1, alter = 35, einkommenj1 = 20000))

Response: 
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Query: What’s the predicted life satisfaction for a woman who is 35 years old and earns twice as 
much, 40,000 Euro?

predictions(mod, newdata = data.frame(sex = 1, alter = 35, einkommenj1 = 40000))

Response: 
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Query: What’s the predicted difference in life satisfaction between that woman if she earns 20,000 
Euro versus 40,000 Euro, all else being equal?

comparisons(mod, 
  newdata = data.frame(sex = 1, alter = 35, einkommenj1 = 20000), 
  variables = list("einkommenj1" = c(20000, 40000)))

Response:

Counterfactual comparison: What if this one thing changed, but all else remained 
equal? 
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For a 35-year-old 
woman Slope: partial derivative – what does 

the model imply for a tiny tiny change 
in the predictor?



Target quantities

»Essential building blocks:
» predictions()

» comparisons() – contrast various predictions
» slopes() – partial derivatives of predictions

»We can generate these target quantities for arbitrary observations
» any observation from the data
» any made-up observation that may be of interest

» for example: what does the model predict for a person who is perfectly average? 
(“marginal effect at the mean”)
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Target quantities

»Often, we are interested in target quantities averaged over 
observations

» average for everybody in the data
» avg_predictions(), avg_comparisons(), avg_slopes()

» average for subgroups of the data
» avg_*(…, by = subgroupvariable)

» some target population that requires reweighting of the data
» avg_*(…, wts = weightingvariable)
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comparisons(mod, variables = “sex”)

avg_comparisons(mod, variables = “sex”)

1. For everybody in the data, set sex 
to 1 and predict outcome

2. For everybody in the data, set sex 
to 0 and predict outcome

3. Take difference between the 
predictions à individual-level 
counterfactual comparison, “all else 
being equal”

4. Average the individual-level 
counterfactual comparisons



Target quantities

»target quantities can be
» calculated on different scales (depending on the model type) and

» contrasted in different manners
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Predicted
Log odds = 0

Predicted
Log odds = 4

Log odds difference of 
4 – 0 = 
4 log odds

Odds ratio of e4 ≈ 54.6

predictions(…,type = “link”)
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Risk difference of 0.98 – 0.50 =  
0.48, 48  percentage points

Risk ratio of 0.98/0.50 = 1.96

Predicted probability = 0.98 

Predicted probability = 0.50 

Predicted
Log odds = 0

Predicted
Log odds = 4

Log odds difference of 
4 – 0 = 
4 log odds

Odds ratio of e4 ≈ 54.6

predictions(…,type = “link”)

predictions(…,
type = “response”)
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Risk difference of 0.98 – 0.50 =  
0.48, 48  percentage points

Risk ratio of 0.98/0.50 = 1.96

Predicted probability = 0.98 

Predicted probability = 0.50 

Predicted
Log odds = 0

Predicted
Log odds = 4

Log odds difference of 
4 – 0 = 
4 log odds

Odds ratio of e4 ≈ 54.6

predictions(…,type = “link”)

predictions(…,
type = “response”)



Target quantities

»Basic decisions: 
»What to calculate 

» predictions, comparisons, slopes

» for whom
» avg_*(), newdata =…, wts =…

» on which scale
» type = 

» and, in the case of comparisons, how to contrast
» comparison = 
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Uncertainty and significance

»And then you can do whatever you want with your target 
quantities

»slap confidence intervals on them
» or credible intervals if you fitted a Bayesian model
» marginaleffects will always automatically report intervals

»compare them in arbitrary ways
» null hypothesis tests, equivalence tests
» of any target quantity or combinations and transformations of them
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Worked example

»https://j-rohrer.github.io/marginal-psych/
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What else

»marginaleffects can do a lot

»supports over 100 different classes of models (in R)

»A wealth of case studies provided online
» conjoint experiments, elasticity, interrupted time series, inverse probability 

weighting, matching, dealing with missing data, survival analysis, machine 
learning

»All objects produced are “tidy”

»Lots of plotting functionality (returns ggplot2 objects)
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Read more

»“Models as Prediction Machines” preprint by Vincent Arel-
Bundock and me: https://osf.io/preprints/psyarxiv/g4s2a_v2

» Preprint website with replication package: https://j-
rohrer.github.io/marginal-psych/

»Website with documentation including full book on 
marginaleffects by Vincent: https://marginaleffects.com/

24

https://osf.io/preprints/psyarxiv/g4s2a_v2
https://j-rohrer.github.io/marginal-psych/
https://j-rohrer.github.io/marginal-psych/
https://j-rohrer.github.io/marginal-psych/
https://j-rohrer.github.io/marginal-psych/
https://j-rohrer.github.io/marginal-psych/
https://marginaleffects.com/


Thank you for your attention!
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