
{marginaleffects}
{marginaleffects}; information criteria; zero inflation

lecture 05



review
example exam questions



Mini Exam



Paper and Workshop

For the prospectus: “as close to a complete paper as you can make it.”

Must haves: 

• A clear statement of the descriptive claim (or perhaps question). Put this 
in bold if you want 

• A clear argument that the pattern is important, even if the relationship 
isn’t causal. 

• A demonstration that any data collection is feasible. Complete is idea. 
• A initial data analysis. Averages and/or scatterplots are fine for now, 

perhaps even preferable.



{marginaleffects}



We understand how things work.

elegant, powerful theoretical framework

ML estimates Fisher information

invariance property delta method

probability model

quantities of interest



We understand how things work.
computation

# ---- fit logit model with optim() ---- 

# data  
devtools::install_github("jrnold/ZeligData") 
turnout <- ZeligData::turnout 

# formula 
f <- vote ~ age + educate + income + race 

# ---- create a function to fit the model ---- 

# log-likelihood function 
logit_ll <- function(beta, y, X) { 
  linpred <- X%*%beta  # perhaps denoted eta 
  p <- plogis(linpred) # pi is special in R, so I use p 
  ll <- sum(dbinom(y, size = 1, prob = p, log = TRUE)) 
  return(ll) 
} 

# function to fit model 
est_logit <- function(f, data) { 
   
  # make X and y 
  mf <- model.frame(f, data = data) 
  X <- model.matrix(f, data = mf) 
  y <- model.response(mf) 
   
  # create starting values 
  par_start <- rep(0, ncol(X)) 
   
  # run optim() 
  est <- optim(par_start,  
               fn = logit_ll,  
               y = y, 
               X = X, 
               hessian = TRUE, # for SEs! 
               control = list(fnscale = -1), 
               method = "BFGS")  
   
  # check convergence; print warning if not 
  if (est$convergence != 0) print("Model did not converge!") 
   
  # create list of objects to return 
  res <- list(beta_hat = est$par, 
              var_hat = solve(-est$hessian)) 
   
  # return the list 
  return(res) 
} 

# fit model 
fit <- est_logit(f, data = turnout) 
print(fit, digits = 2)

# ---- compute first difference ---- 

# make X_lo 
X_lo <- cbind( 
  "constant" = 1, # intercept 
  "age"      = quantile(turnout$age, probs = 0.25), # 31 years old 
  "educate"  = median(turnout$educate), 
  "income"   = median(turnout$income), 
  "white"    = 1 # white indicators = 1  
) 

# make X_hi by modifying the relevant value of X_lo 
X_hi <- X_lo 
X_hi[, "age"] <- quantile(turnout$age, probs = 0.75) # 59 years old 

# function to compute first difference 
fd_fn <- function(beta, hi, lo) { 
  plogis(hi%*%beta) - plogis(lo%*%beta) 
} 

# invariance property 
fd_hat <- fd_fn(fit$beta_hat, X_hi, X_lo) 

# delta method 
grad <- grad( 
  func = fd_fn,  
  x = fit$beta_hat,  
  hi = X_hi, 
  lo = X_lo)   
se_fd_hat <- sqrt(grad %*% fit$var_hat %*% grad) 

# estimated fd 
fd_hat 

# estimated se 
se_fd_hat 

# 90% ci 
fd_hat - 1.64*se_fd_hat  # lower 
fd_hat + 1.64*se_fd_hat  # upper

ML

Fisher info

invariance property

delta method

model

quantities of  
interest



But how can we do it 

easily?



But how can we do it 

robustly?



When you write lots of code to do common 
tasks, you run a major risk of mistakes.

Where possible, use old, well-tested, 
widely used code written by developers.



Rather than this…
# ---- fit logit model with optim() ---- 

# data  
devtools::install_github("jrnold/ZeligData") 
turnout <- ZeligData::turnout 

# formula 
f <- vote ~ age + educate + income + race 

# ---- create a function to fit the model ---- 

# log-likelihood function 
logit_ll <- function(beta, y, X) { 
  linpred <- X%*%beta  # perhaps denoted eta 
  p <- plogis(linpred) # pi is special in R, so I use p 
  ll <- sum(dbinom(y, size = 1, prob = p, log = TRUE)) 
  return(ll) 
} 

# function to fit model 
est_logit <- function(f, data) { 
   
  # make X and y 
  mf <- model.frame(f, data = data) 
  X <- model.matrix(f, data = mf) 
  y <- model.response(mf) 
   
  # create starting values 
  par_start <- rep(0, ncol(X)) 
   
  # run optim() 
  est <- optim(par_start,  
               fn = logit_ll,  
               y = y, 
               X = X, 
               hessian = TRUE, # for SEs! 
               control = list(fnscale = -1), 
               method = "BFGS")  
   
  # check convergence; print warning if not 
  if (est$convergence != 0) print("Model did not converge!") 
   
  # create list of objects to return 
  res <- list(beta_hat = est$par, 
              var_hat = solve(-est$hessian)) 
   
  # return the list 
  return(res) 
} 

# fit model 
fit <- est_logit(f, data = turnout) 
print(fit, digits = 2)

# ---- compute first difference ---- 

# make X_lo 
X_lo <- cbind( 
  "constant" = 1, # intercept 
  "age"      = quantile(turnout$age, probs = 0.25), # 31 years old 
  "educate"  = median(turnout$educate), 
  "income"   = median(turnout$income), 
  "white"    = 1 # white indicators = 1  
) 

# make X_hi by modifying the relevant value of X_lo 
X_hi <- X_lo 
X_hi[, "age"] <- quantile(turnout$age, probs = 0.75) # 59 years old 

# function to compute first difference 
fd_fn <- function(beta, hi, lo) { 
  plogis(hi%*%beta) - plogis(lo%*%beta) 
} 

# invariance property 
fd_hat <- fd_fn(fit$beta_hat, X_hi, X_lo) 

# delta method 
grad <- grad( 
  func = fd_fn,  
  x = fit$beta_hat,  
  hi = X_hi, 
  lo = X_lo)   
se_fd_hat <- sqrt(grad %*% fit$var_hat %*% grad) 

# estimated fd 
fd_hat 

# estimated se 
se_fd_hat 

# 90% ci 
fd_hat - 1.64*se_fd_hat  # lower 
fd_hat + 1.64*se_fd_hat  # upper



…do this.

# data  
devtools::install_github("jrnold/ZeligData") 
turnout <- ZeligData::turnout 

# fit model 
f <- vote ~ age + educate + income + race 
fit <- glm(f, family = binomial, data = turnout) 

# compute qi 
comparisons(fit,  
            variables = list(age = "iqr"),  
            newdata = datagrid(FUN_numeric = median))



use {marginaleffects}

relatively new ⚠

well documented ✅

widely used ✅



warning
“Easy-to-use” software is less likely to have bugs.

But it’s more likely to be used incorrectly— 
you might not understand what it’s doing.

It’s critical to read documentation carefully  
and test your understanding.



read documentation carefully



1. Quantity: What is the quantity of interest? 
• Do we want an expected value?  
• Or do we want a comparison of expected values 

(difference, ratio, derivative, etc.)? 
2. Grid: What predictor values are we interested in?  

• Do we want estimates for the observations in our 
dataset?  

• Or do we want estimates for hypothetical observations? 
3. Aggregation: How do we aggregate across the grid, if 

at all? 
• Do we want estimates for every observation in the grid?  
• Or do we want a summary of the estimates?

A Conceptual Framework for {marginaleffects}



expected value
E(y ∣ Xc)

predictions()

E(y ∣ Xhi) − E(y ∣ Xlo)

comparisons()

first difference, etc.

Quantity



predictions(fit, newdata = x, …)

comparisons(fit, newdata = x, …)

Grid

datagrid() is very powerful.

By default, {marginaleffects} tries to use the observed values.



predictions() → avg_predictions()

comparisons() → avg_comparisons()

Aggregation



Examples



# data  
devtools::install_github("jrnold/ZeligData") 
turnout <- ZeligData::turnout 

# fit model 
f <- vote ~ age + educate + income + race 
fit <- glm(f, family = binomial, data = turnout)



# ev as age ranges from 18 to 90; others at mean/mode 
predictions(fit, newdata = datagrid(age = 18:90))  

# fd as age moves across iqr; others at every observed value 
comparisons(fit, variables = list(age = "iqr"))  

# avg of the fds above 
avg_comparisons(fit, variables = list(age = "iqr")) 



things to tinker with…
• predictions() or comparisons()  

(i.e., quantity, part 1) 

• newdata argument  
(i.e., the grid) 

• comparison argument (comparisons() only)  
(i.e., quantity, part 2) 

• avg_*() variants  
(i.e., aggregation)



some notes

• always return a data frame 

• use your data wrangling skills on the output 

• use your ggplot2 skills on the output 

• always return the grid, so check that you did 
what you think you did.

predictions() and comparisons() 



Example
https://gist.github.com/carlislerainey/507332fe1f30ea097f3513ad2d195404 

https://gist.github.com/carlislerainey/507332fe1f30ea097f3513ad2d195404


information criteria



<latexit sha1_base64="jPCwA5NLDGS1GzGCp/gEulzyGwY="></latexit>

−2!(θ̂) + [constant × k]

Full Name Short constant

Akaike information criterion AIC 2

Bayesian information criterion BIC log(n)

complexity penalty



# data  
devtools::install_github("jrnold/ZeligData") 
turnout <- ZeligData::turnout 

# fit model 
f <- vote ~ age + educate + income + race 
fit <- glm(f, family = binomial, data = turnout) 

# fit model 
f <- vote ~ poly(age, 3) + educate + income + race 
fit3 <- glm(f, family = binomial, data = turnout) 

# create table 
modelsummary(list("Linear" = fit, "Cubic" = fit3),  
             shape = term ~ model + statistic)









Example
https://gist.github.com/carlislerainey/12b3d0e97b918099573ae2c42cc312eb  

https://gist.github.com/carlislerainey/12b3d0e97b918099573ae2c42cc312eb


models for counts







Note: Santiago is “highly decentralized.” 





<latexit sha1_base64="NjXB9/jbNqs6ef17R1Km1kYjOm8="></latexit>

Poisson Regression
Outcome. Counts 0, 1, 2, . . .

Model.

yi ∼ Pois(µi), µi = exp(Xiβ).

Expected value (choosing Xc).

E[y]c = µc,

µc = exp(Xcβ̂).

First difference (choosing Xhi and Xlo).

∆ = E[y]hi − E[y]lo = µhi − µlo,

µ• = exp(X•β̂).

Fit in R.
glm(y ~ x1 + x2, family = poisson())

Notes.

• Assumes mean and variance are equal.



<latexit sha1_base64="8ZHiFpOHD4H9MYXo8WlAtbYbAJs="></latexit>

Negative Binomial Regression
Outcome. Counts 0, 1, 2, . . .

Model.
yi ∼ NB(µi, θ), µi = exp(Xiβ).

Expected value (choosing Xc).

E[y]c = µc,

µc = exp(Xcβ̂).

First difference (choosing Xhi and Xlo).

∆ = E[y]hi − E[y]lo = µhi − µlo,

µ• = exp(X•β̂).

Fit in R.

library(MASS) # watch conflicts w/ tidyverse

glm.nb(y ~ x1 + x2)

Notes.

• θ (aka size) controls overdispersion in NB2.

• Var(yi) = µi + µ2
i /θ.



<latexit sha1_base64="gErpcOZNvlzaEzGwIaKau7r/SE8="></latexit>

Zero-Inflated Negative Binomial Regression
Outcome. Counts 0, 1, 2, . . .

Model.

yi ∼
{
0 w.p. πi,

NB(µi, θ) w.p. 1− πi
µi = exp(Xiβ), πi = logit−1(Ziγ).

Expected value (choosing Xc).

E[y]c = (1− πc)µc,

µc = exp(Xcβ̂), πc = logit−1(Zcγ̂).

First difference (choosing Xhi and Xlo).

∆ = E[y]hi − E[y]lo = (1− πhi)µhi − (1− πlo)µlo,

µ• = exp(X•β̂), π• = logit−1(Z•γ̂).

Fit in R.

library(glmmTMB)

glmmTMB(y ~ x1 + x2, ziformula = ~ x1 + x3, family = nbinom2)

Notes.

• θ (aka size) controls overdispersion in the NB2 component.

• Zero inflation is on the logit scale via its own design Zi, which can in-
clude intercept only (i.e., constant), the same covariates as X, or different
covariates.



Example
https://gist.github.com/carlislerainey/85180ee05c6f4566b2262f0dcc1f9117  

https://gist.github.com/carlislerainey/85180ee05c6f4566b2262f0dcc1f9117


List three important ideas from today’s 
class. For each, briefly connect it to one 

or more ideas from last week.

exit  
ticket


