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É The deconfounder

É Academic debate about the deconfounder

É Open research problems for the deconfounder



A frivolous causal inference problem

É Data about movies: casts and revenue

É Goal: Understand the causal effect of putting an actor in a movie

É Causal: “What will the revenue be if we make a movie with a particular cast?”



The naive solution

Title Cast Revenue

Avatar {Sam Worthington, Zoe Saldana, Sigourney Weaver, Stephen Lang, . . . } $2788M
Titanic {Kate Winslet, Leonardo DiCaprio, Frances Fisher, Billy Zane, . . . } $1845M
The Avengers {Robert Downey Jr., Chris Evans, Mark Ru�alo, Chris Hemsworth, . . . } $1520M
Jurassic World {Chris Pratt, Bryce Dallas Howard, Irrfan Khan, Vincent D’Onofrio, . . . } $1514M
Furious 7 {Vin Diesel, Paul Walker, Dwayne Johnson, Michelle Rodriguez, . . . } $1506M
Avengers: Age of Ultron {Robert Downey Jr., Chris Hemsworth, Mark Ru�alo, Chris Evans, . . . } $1405M
Frozen {Kristen Bell, Idina Menzel, Jonathan Gro�, Josh Gad, . . . } $1274M
Iron Man 3 {Robert Downey Jr., Gwyneth Paltrow, Don Cheadle, Guy Pearce, . . . } $1215M
Minions {Sandra Bullock, Jon Hamm, Michael Keaton, Allison Janney, . . . } $1157M
Captain America: Civil War {Chris Evans, Robert Downey Jr., Scarlett Johansson, Sebastian Stan, . . . } $1153M

...
...

...

Table 1: Top revenue movies

Title Cast Revenue

My Baby’s Daddy {Eddie Gri�n, Anthony Anderson, Michael Imperioli, Method Man, . . . } $51
When Did You Last See Your Father? {Jim Broadbent, Colin Firth, Juliet Stevenson, Gina McKee, . . . } $92
Rugrats in Paris: The Movie {E.G. Daily, Susan Sarandon, John Lithgow, Tara Strong, . . . } $103
Khiladi 786 {Akshay Kumar, Asin Thottumkal, Himesh Reshammiya, Mithun Chakraborty, . . . } $126
I Married a Strange Person! {Charis Michelsen, Tom Larson, Richard Spore} $203
Irreversible {Monica Bellucci, Vincent Cassel, Albert Dupontel, Jo Prestia, . . . } $792
Eddie: The Sleepwalking Cannibal {Thure Lindhardt, Dylan Smith, Georgina Reilly, Alain Goulem, . . . } $1632
Mi America {Robert Fontaine, Michael Brainard, Grant Boyd, Michael Derek, . . . } $3330
The Adventurer: The Curse of the Midas Box {Aneurin Barnard, Michael Sheen, Lena Headey, Sam Neill, . . . } $6399
Special {Michael Rapaport, Josh Peck, Robert Baker, Jack Kehler, . . . } $7202
Janky Promoters {Ice Cube, Mike Epps, Young Jeezy, Darris Love, . . . } $9069
Down Terrace {Robert Hill, Robin Hill, Julia Deakin, David Schaal, . . . } $10000
Alone With Her {Colin Hanks, Ana Claudia Talancfn, Jordana Spiro, Jonathon Trent, . . . } $10018
Naturally Native {Valerie Red-Horse, Yvonne Russo", Irene Bedard, Kimberly Guerrero, . . . } $10508
The Perfect Host {David Hyde Pierce, Clayne Crawford, Nathaniel Parker, Helen Reddy} $14870
Major Dundee {Charlton Heston, Richard Harris, Jim Hutton, James Coburn, . . . } $14873
Strangerland {Nicole Kidman, Joseph Fiennes, Hugo Weaving, Lisa Flanagan, . . . } $17472
5 Days of War {Rupert Friend, Val Kilmer, Andy Garceda, Dean Cain, . . . } $17479
The Good Night {Penelope Cruz, Martin Freeman, Gwyneth Paltrow, Simon Pegg, . . . } $20380
The Divide {Lauren German, Michael Biehn, Milo Ventimiglia, Courtney B. Vance, . . . } $22000

Table 2: Bottom revenue movies
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É Naive solution: Fit a regression (or use deep learning)

É Actors are features; revenue is the response

É Estimates revenue as a function of which actors are cast



The naive solution
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É But standard ML does not (necessarily) provide causal inferences

É Whether an actor was cast is different from casting an actor

É Causal inference is about prediction under intervention
[Hernan and Robins 2019; Imbens and Rubin 2015; Pearl 2009]





- James Bond movies are about James Bond, a British spy
- Cast James Bond, M, Q, Ms. Moneypenny
- M, Q, Ms Moneypenny only appear in Bond movies
- Bond movies always do well at the box office



The naive solution
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É James Bond-ness is an unobserved confounder.

É Confounders affect both the cast (“causes”) and the revenue (“effect”)

É Confounders bias “passive ML,” when used to predict interventions.

– Some actors overestimated; others are underestimated



The classical solution
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The classical solution
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É This approach assumes that we measure sufficient confounders.

É But this assumption is untestable. [Imbens and Rubin 2015]



Multiple causal inference

Title Cast Revenue

Avatar {Sam Worthington, Zoe Saldana, Sigourney Weaver, Stephen Lang, . . . } $2788M
Titanic {Kate Winslet, Leonardo DiCaprio, Frances Fisher, Billy Zane, . . . } $1845M
The Avengers {Robert Downey Jr., Chris Evans, Mark Ru�alo, Chris Hemsworth, . . . } $1520M
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Iron Man 3 {Robert Downey Jr., Gwyneth Paltrow, Don Cheadle, Guy Pearce, . . . } $1215M
Minions {Sandra Bullock, Jon Hamm, Michael Keaton, Allison Janney, . . . } $1157M
Captain America: Civil War {Chris Evans, Robert Downey Jr., Scarlett Johansson, Sebastian Stan, . . . } $1153M

...
...

...

Table 1: Top revenue movies

Title Cast Revenue

My Baby’s Daddy {Eddie Gri�n, Anthony Anderson, Michael Imperioli, Method Man, . . . } $51
When Did You Last See Your Father? {Jim Broadbent, Colin Firth, Juliet Stevenson, Gina McKee, . . . } $92
Rugrats in Paris: The Movie {E.G. Daily, Susan Sarandon, John Lithgow, Tara Strong, . . . } $103
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Eddie: The Sleepwalking Cannibal {Thure Lindhardt, Dylan Smith, Georgina Reilly, Alain Goulem, . . . } $1632
Mi America {Robert Fontaine, Michael Brainard, Grant Boyd, Michael Derek, . . . } $3330
The Adventurer: The Curse of the Midas Box {Aneurin Barnard, Michael Sheen, Lena Headey, Sam Neill, . . . } $6399
Special {Michael Rapaport, Josh Peck, Robert Baker, Jack Kehler, . . . } $7202
Janky Promoters {Ice Cube, Mike Epps, Young Jeezy, Darris Love, . . . } $9069
Down Terrace {Robert Hill, Robin Hill, Julia Deakin, David Schaal, . . . } $10000
Alone With Her {Colin Hanks, Ana Claudia Talancfn, Jordana Spiro, Jonathon Trent, . . . } $10018
Naturally Native {Valerie Red-Horse, Yvonne Russo", Irene Bedard, Kimberly Guerrero, . . . } $10508
The Perfect Host {David Hyde Pierce, Clayne Crawford, Nathaniel Parker, Helen Reddy} $14870
Major Dundee {Charlton Heston, Richard Harris, Jim Hutton, James Coburn, . . . } $14873
Strangerland {Nicole Kidman, Joseph Fiennes, Hugo Weaving, Lisa Flanagan, . . . } $17472
5 Days of War {Rupert Friend, Val Kilmer, Andy Garceda, Dean Cain, . . . } $17479
The Good Night {Penelope Cruz, Martin Freeman, Gwyneth Paltrow, Simon Pegg, . . . } $20380
The Divide {Lauren German, Michael Biehn, Milo Ventimiglia, Courtney B. Vance, . . . } $22000

Table 2: Bottom revenue movies
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É But our problem is not classical.

É There are many causes (one per actor)—multiple causal inference

É Multiple causes helps construct a variable that contains confounders.



The deconfounder
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The deconfounder
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É Find, fit, and check a factor model of the assigned causes.

É Use the model to form substitute confounders for each individual.

É Use the substitute confounders in a causal model of the outcome.

(Note: There are still untestable assumptions!)





Intuition and assumptions
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É Intuition: “Multi-cause confounders” induce dependence among the causes.

É That dependence is encoded in the data; we can capture it with a factor model

É Assume: No unobserved single-cause confounders. (Other assumptions too)



É “Overestimated”:

É “Underestimated”:

É Most “corrected”:

É Single cause confounding (Grimmer+ 2020):



Multiple causal inference (beyond James Bond)

É How do genes affect a trait?

É How do the players affect the game?

É How do prices of items affect how much money is spent?

É How do medicines affect lab measurements?

É How do neurons affect limb movement?



The deconfounder in more detail



Multiple causal inference

Title Cast Revenue

Avatar {Sam Worthington, Zoe Saldana, Sigourney Weaver, Stephen Lang, . . . } $2788M
Titanic {Kate Winslet, Leonardo DiCaprio, Frances Fisher, Billy Zane, . . . } $1845M
The Avengers {Robert Downey Jr., Chris Evans, Mark Ru�alo, Chris Hemsworth, . . . } $1520M
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...

Table 1: Top revenue movies
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Special {Michael Rapaport, Josh Peck, Robert Baker, Jack Kehler, . . . } $7202
Janky Promoters {Ice Cube, Mike Epps, Young Jeezy, Darris Love, . . . } $9069
Down Terrace {Robert Hill, Robin Hill, Julia Deakin, David Schaal, . . . } $10000
Alone With Her {Colin Hanks, Ana Claudia Talancfn, Jordana Spiro, Jonathon Trent, . . . } $10018
Naturally Native {Valerie Red-Horse, Yvonne Russo", Irene Bedard, Kimberly Guerrero, . . . } $10508
The Perfect Host {David Hyde Pierce, Clayne Crawford, Nathaniel Parker, Helen Reddy} $14870
Major Dundee {Charlton Heston, Richard Harris, Jim Hutton, James Coburn, . . . } $14873
Strangerland {Nicole Kidman, Joseph Fiennes, Hugo Weaving, Lisa Flanagan, . . . } $17472
5 Days of War {Rupert Friend, Val Kilmer, Andy Garceda, Dean Cain, . . . } $17479
The Good Night {Penelope Cruz, Martin Freeman, Gwyneth Paltrow, Simon Pegg, . . . } $20380
The Divide {Lauren German, Michael Biehn, Milo Ventimiglia, Courtney B. Vance, . . . } $22000

Table 2: Bottom revenue movies

New Note
David M. Blei

Columbia University

April 16, 2018

1

É Observed dataset D = {(a1, y1), . . . , (an, yn)}
– assigned causes ai = {ai1, . . . , aim}
– outcome yi

É Goal: Do causal inference, E[Y ; do(a)]
– “The expectation of Y in the model where we intervened on a.”



The deconfounder
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É Find, fit, and check a factor model of the movie casts.

É Use the factor model to form substitute confounders for each movie.

É Use the substitute confounders in a causal model of movie revenue.



Fit a probabilistic factor model

É A probabilistic factor model has the following form,

β j ∼ p(β j) j = 1, . . . , m

zi ∼ p(zi) i = 1, . . . , n

ai j ∼ p(ai j | zi ,β j).

É E.g., mixtures, matrix factorization, deep generative models, topic models, ...



Poisson factorization [Gopalan+ 2015]
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movies

actors

β jk ∼ Gam(a, b) i ∈ {1, . . . n}
zik ∼ Gam(a, b) j ∈ {1, . . . , m}

ai j ∼ Poi(z>i β j) k ∈ {1, . . . , d}

É Provides a generative model of the assigned causes ai j .

É Can be approximated on large datasets with variational methods

É A Bayesian form of non-negative matrix factorization [Lee and Seung 1999]



Poisson factorization [Gopalan+ 2015]
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movies

actors

β jk ∼ Gam(a, b) i ∈ {1, . . . n}
zik ∼ Gam(a, b) j ∈ {1, . . . , m}

ai j ∼ Poi(z>i β j) k ∈ {1, . . . , d}

É Consider the dataset of casts a1:n.

É Approximate the posterior distribution p(z1:n,β1:m |a1:n).
É We only model the actors ai; the outcome is not involved.



Check the factor model

Blade Runner

Star Wars Raiders of the Lost Ark

Nemo Forrest Gump

8 Mile

Unforgiven American Beauty Before Sunset

É We want the learned representation to capture the distribution of actors.

É Estimate ẑi = Emodel[Z |ai ,β]. (Approximate inference is OK.)

É Check how well ẑi captures the true distribution of the actors.
[Bayesian model criticism: Rubin 1984; Gelfand+ 1992; Gelman+ 1996; ...]



Check the factor model
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Figure 1: Graphical model representation of LDA. The boxes are “plates” representing replicates.
The outer plate represents documents, while the inner plate represents the repeated choice
of topics and words within a document.

where p(zn |θ) is simply θi for the unique i such that zin = 1. Integrating over θ and summing over
z, we obtain the marginal distribution of a document:

p(w |α,β) =
Z
p(θ |α)

 
N

∏
n=1
∑
zn
p(zn |θ)p(wn |zn,β)

!
dθ. (3)

Finally, taking the product of the marginal probabilities of single documents, we obtain the proba-
bility of a corpus:

p(D |α,β) =
M

∏
d=1

Z
p(θd |α)

 
Nd

∏
n=1
∑
zdn
p(zdn |θd)p(wdn |zdn,β)

!
dθd .

The LDA model is represented as a probabilistic graphical model in Figure 1. As the figure
makes clear, there are three levels to the LDA representation. The parameters α and β are corpus-
level parameters, assumed to be sampled once in the process of generating a corpus. The variables
θd are document-level variables, sampled once per document. Finally, the variables zdn and wdn are
word-level variables and are sampled once for each word in each document.

It is important to distinguish LDA from a simple Dirichlet-multinomial clustering model. A
classical clustering model would involve a two-level model in which a Dirichlet is sampled once
for a corpus, a multinomial clustering variable is selected once for each document in the corpus,
and a set of words are selected for the document conditional on the cluster variable. As with many
clustering models, such a model restricts a document to being associated with a single topic. LDA,
on the other hand, involves three levels, and notably the topic node is sampled repeatedly within the
document. Under this model, documents can be associated with multiple topics.

Structures similar to that shown in Figure 1 are often studied in Bayesian statistical modeling,
where they are referred to as hierarchical models (Gelman et al., 1995), or more precisely as con-
ditionally independent hierarchical models (Kass and Steffey, 1989). Such models are also often
referred to as parametric empirical Bayes models, a term that refers not only to a particular model
structure, but also to the methods used for estimating parameters in the model (Morris, 1983). In-
deed, as we discuss in Section 5, we adopt the empirical Bayes approach to estimating parameters
such as α and β in simple implementations of LDA, but we also consider fuller Bayesian approaches
as well.
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3.1 Model Description
For every combination of users u = 1, . . . , U and items

i = 1, . . . , I, consider two sets of variables. The first matrix
A = {aui} indicates whether user u has been exposed to
item i. The second matrix Y = {yui} indicates whether or
not user u clicked on item i.

Whether a user is exposed to an item comes from a Bernoulli.
Conditional on being exposed, user’s preference comes from
a matrix factorization model. Similar to the standard method-
ology, we factorize this conditional distribution to K user
preferences ✓i,1:K and K item attributes �u,1:K ,

✓u ⇠ N (0,��1
✓ IK)

�i ⇠ N (0,��1
� IK)

aui ⇠ Bernoulli(µui)

yui | aui = 1 ⇠ N (✓>u �i,�
�1
y )

yui | aui = 0 ⇠ �0, (1)

where �0 denotes that p(yui = 0 | aui = 0) = 1, and we in-
troduced a set of hyperparameters denoting the inverse vari-
ance (�✓, �� , �y). µui is the prior probability of exposure,
we discuss various ways of setting or learning it in subse-
quent sections. A graphical representation of the model in
Equation (1) is given in Figure 1a.

We observe the complete click matrix Y . These have a
special structure. When yui > 0, we know that aui = 1.
When yui = 0, then aui is latent. The user might have been
exposed to item i and decided not to click (i.e., aui = 1,
yui = 0); or she may have never seen the item (i.e., aui = 0,
yui = 0). We note that since Y is usually sparse in practice,
most aui will be latent.

The model described in Equation (1) leads to the following
log joint probability1 of exposures and clicks for user u and
item i,

log p(aui, yui | µui,✓u,�i,�
�1
y )

= log Bernoulli(aui | µui) + aui log N (yui |✓>u �i,�
�1
y )

+ (1� aui) log I[yui = 0], (2)

where I[b] is the indicator function that evaluates to 1 when
b is true, and 0 otherwise.

What does the distribution in Equation (2) say about the
model’s exposure beliefs when no clicks are observed? When
the predicted preference is high (i.e., when ✓>u �i is high)
then the log likelihood of no clicks log N (0 |✓>u �i,�

�1
y ) is

low and likely non-positive. This feature penalizes the model
for placing probability mass on aui = 1, forcing us to believe
that user u is not exposed to item i. (The converse argument
also holds for low values of ✓>u �i). Interestingly, a low value
of aui downweights the evidence for ✓u and �i (this is clear
by considering extreme values: when aui = 0, the user and
item factors do not a↵ect the log joint in Eq. 2 at all; when
aui = 1, we recover standard matrix factorization). Like
weighted matrix factorization (WMF) [8], ExpoMF shares
the same feature of selectively downweighting evidence from
the click matrix.

In ExpoMF, fixing the entries of the exposure matrix to
a single value (e.g., aui = 1, 8u, i) recovers Gaussian prob-
abilistic matrix factorization [18] (see Section 2). WMF is

1N.B., we follow the convention that 0 log 0 = 0 to allow the
log joint to be defined when yui > 0.

(a) Exposure MF.

U
I

yui

βi

µui

ψ

θu yui

x

(b) Exposure MF with
exposure covariates.

Figure 1: Graphical representation of the exposure MF
model (both with and without exposure covariates). Shaded
nodes represent observed variables. Unshaded nodes repre-
sent hidden variables. A directed edge from node a to node b
denotes that the variable b depends on the value of variable
a. Plates denote replication by the value in the lower corner
of the plate. The lightly shaded node aui indicates that it
is partially observed (i.e., it is observed when yui = 1 and
unobserved otherwise).

also a special case of our model which can be obtained by
fixing ExpoMF’s exposure matrix using c0 and c1 as above.

The intuitions we developed for user exposure from the
joint probability do not yet involve µui, the prior belief on
exposure. As we noted earlier, there are a rich set of choices
available in the modeling of µui. We discuss several of these
next.

3.2 Hierarchical Modeling of Exposure
We now discuss methods for choosing and learning µui.

One could fix µui at some global value for all users and items,
meaning that the user factors, item factors, and clicks would
wholly determine exposure (conditioned on variance hyper-
parameters). One could also fix µui for specific values of u
and i. This can be done when there is specific extra infor-
mation that informs us about exposure (denoted as exposure
covariates), e.g. the location of a restaurant, the content of
a paper. However, we found that empirical performance is
highly sensitive to this choice, motivating the need to place
models on the prior for µui with flexible parameters.

We introduce observed exposure covariates xi and expo-
sure model parameters  u and condition µui | u, xi ac-
cording to some domain-specific structure. The extended
graphical model with exposure covariates is shown in Fig-
ure 1b. Whatever this exposure model looks like, conditional
independence between the priors for exposure and the more
standard collaborative filtering parameters (given exposure)
ensures that the updates for the model we introduced in Sec-
tion 3.1 will be the same for many popular inference proce-
dures (e.g., expectation-maximization, variational inference,
Gibbs sampling), making the extension to exposure covari-
ates a plug-in procedure. We discuss two possible choices of
exposure model next.

Per-item µi. A direct way to encode exposure is via
item popularity: if a song is popular, it is more likely that
you have been exposed to it. Therefore, we choose an item-
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6. Case Study: Bayesian Skill Rating

We now consider a real-world example of the application of the framework
of graphical models and approximate deterministic inference discussed in the
previous sections. The model is known as TrueSkill [Herbrich et al. 2007] and
it addresses the problem of determining the skill ratings of players in a series of
competitive games. It generalizes the widely-used Elo system [Elo 1978] that is
used, for example, in international chess gradings. TrueSkill was deployed on the
Xbox Live online gaming system in 2005, and has been operating continuously
since then, processing millions of game outcomes per day.

The goal is to assign a skill value to each of the players on the basis of game
outcomes. Since the skill si of player i is unknown, in the Bayesian setting it is
assigned a probability distribution which, for simplicity, is given by a Gaussian
with mean µi and variance σ2

i . Under the Elo system, it is usual to regard a player’s
rating as provisional until a sufficient number of games (say 20) have been played.
This issue does not arise in a Bayesian setting since the uncertainty in the player’s
skill is quantified from the start. As new data (i.e. new game results) arrive, the
skill distribution is updated, and a reduction in the variance of this distribution
represents increasing confidence in the value of the player’s skill.

Consider a specific game between player 1 and player 2. We define for each
player a performance πi which represents how well they played on that particular
game. Since the performance of a player with a given skill can vary from game
to game, the performance is a noisy version of the skill. This is represented by
giving πi a Gaussian distribution, whose mean is si and with a variance β. The
winner of the game is the player with the higher performance value. This can
be represented by introducing a variable y = π2 − π1, where y > 0 indicates that
player 2 is the winner. Draws can also be modelled as occurring when the difference
in performance values is below a threshold |y| ! ϵ. The overall graphical model
for this specific game is shown in Figure 9.

Figure 9. Directed graph showing the TrueSkill model for a single game between two players.
See the text for details.
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Figure 3.2: The graphical model for a mixture.

Because zi is an indicator vector, this equation asserts that xi is drawn from f .xIˇzi /,923

as indicated in the last step of the generative process.1924

3.3 The posterior mixture model925

We described the mixture model as a data-generating process, a graphical model, and926

a factorized joint. The mixture matches the intuitions laid out in the beginning of the927

chapter. Each data point is randomly assigned to a cluster zi and is drawn from its928

cluster’s distribution f .xIˇzi /. If we generate data from a mixture, it will naturally929

cluster into datapoints drawn from the same component.930

How do we use a mixture model to analyze data? Loosely, we reverse the931

generative process. Given the data, we ask “If this dataset came from a mixture932

model, what are the assignments z, components ˇ, and proportions ✓ that generated933

it?” Specifically, the joint of Equation 3.1 reveals the posterior p.✓;ˇ; z j x/, the934

conditional distribution of the proportions, components, and assignments. Through935

this conditional, a mixture model tells us about a clustering of the data.936

As a toy example, consider a mixture of two-dimensional points .x.1/; x.2//.
The data likelihood is a product of two Gaussians—one for the first coordinate and
one for the second coordinate—and each mixture component contain two means
ˇk D .ˇ.1/k ; ˇ

.2/

k
/. The likelihood is

f .xi Iˇk/ D '.x.1/i Iˇ.1/k /'.x
.2/
i Iˇ.2/k /; (3.3)

where the function '.�/ is a univariate Gaussian density with unit variance

'.xIˇ/ D 1p
2⇡

expf�.x � ˇ/2=2g: (3.4)

Figure 3.3 (left) shows data drawn from this model; here there are four mixture937

components. Though unlabeled, this dataset clearly clusters into four groups.938

Figure 3.3 (right) shows the posterior distribution p.✓;ˇ; z j x/. It colors each939

data point according to its most likely posterior assignment and it uses a point940

1Equation 3.2 is convenient because it represents the conditional likelihood as a product of
exponentiated terms. This representation is easy to manipulate mathematically, and enables us to
evaluate the joint using mathematical operations (as opposed to indexing).

Model Predictive score

Probabilistic PCA 0.14
Poisson factorization 0.16
Mixtures 0.01
Deep exponential families 0.19



Do causal inference

Title Cast Revenue

Avatar {Sam Worthington, Zoe Saldana, Sigourney Weaver, Stephen Lang, . . . } $2788M
Titanic {Kate Winslet, Leonardo DiCaprio, Frances Fisher, Billy Zane, . . . } $1845M
The Avengers {Robert Downey Jr., Chris Evans, Mark Ru�alo, Chris Hemsworth, . . . } $1520M
Jurassic World {Chris Pratt, Bryce Dallas Howard, Irrfan Khan, Vincent D’Onofrio, . . . } $1514M
Furious 7 {Vin Diesel, Paul Walker, Dwayne Johnson, Michelle Rodriguez, . . . } $1506M
Avengers: Age of Ultron {Robert Downey Jr., Chris Hemsworth, Mark Ru�alo, Chris Evans, . . . } $1405M
Frozen {Kristen Bell, Idina Menzel, Jonathan Gro�, Josh Gad, . . . } $1274M
Iron Man 3 {Robert Downey Jr., Gwyneth Paltrow, Don Cheadle, Guy Pearce, . . . } $1215M
Minions {Sandra Bullock, Jon Hamm, Michael Keaton, Allison Janney, . . . } $1157M
Captain America: Civil War {Chris Evans, Robert Downey Jr., Scarlett Johansson, Sebastian Stan, . . . } $1153M

...
...

...

Table 1: Top revenue movies

Title Cast Revenue

My Baby’s Daddy {Eddie Gri�n, Anthony Anderson, Michael Imperioli, Method Man, . . . } $51
When Did You Last See Your Father? {Jim Broadbent, Colin Firth, Juliet Stevenson, Gina McKee, . . . } $92
Rugrats in Paris: The Movie {E.G. Daily, Susan Sarandon, John Lithgow, Tara Strong, . . . } $103
Khiladi 786 {Akshay Kumar, Asin Thottumkal, Himesh Reshammiya, Mithun Chakraborty, . . . } $126
I Married a Strange Person! {Charis Michelsen, Tom Larson, Richard Spore} $203
Irreversible {Monica Bellucci, Vincent Cassel, Albert Dupontel, Jo Prestia, . . . } $792
Eddie: The Sleepwalking Cannibal {Thure Lindhardt, Dylan Smith, Georgina Reilly, Alain Goulem, . . . } $1632
Mi America {Robert Fontaine, Michael Brainard, Grant Boyd, Michael Derek, . . . } $3330
The Adventurer: The Curse of the Midas Box {Aneurin Barnard, Michael Sheen, Lena Headey, Sam Neill, . . . } $6399
Special {Michael Rapaport, Josh Peck, Robert Baker, Jack Kehler, . . . } $7202
Janky Promoters {Ice Cube, Mike Epps, Young Jeezy, Darris Love, . . . } $9069
Down Terrace {Robert Hill, Robin Hill, Julia Deakin, David Schaal, . . . } $10000
Alone With Her {Colin Hanks, Ana Claudia Talancfn, Jordana Spiro, Jonathon Trent, . . . } $10018
Naturally Native {Valerie Red-Horse, Yvonne Russo", Irene Bedard, Kimberly Guerrero, . . . } $10508
The Perfect Host {David Hyde Pierce, Clayne Crawford, Nathaniel Parker, Helen Reddy} $14870
Major Dundee {Charlton Heston, Richard Harris, Jim Hutton, James Coburn, . . . } $14873
Strangerland {Nicole Kidman, Joseph Fiennes, Hugo Weaving, Lisa Flanagan, . . . } $17472
5 Days of War {Rupert Friend, Val Kilmer, Andy Garceda, Dean Cain, . . . } $17479
The Good Night {Penelope Cruz, Martin Freeman, Gwyneth Paltrow, Simon Pegg, . . . } $20380
The Divide {Lauren German, Michael Biehn, Milo Ventimiglia, Courtney B. Vance, . . . } $22000

Table 2: Bottom revenue movies

New Note
David M. Blei

Columbia University

April 16, 2018

1

É The representations ẑi are substitute confounders.

É They are latent attributes of movie casts that the factorization has uncovered.

É Form an augmented dataset of triplets (ai , yi , ẑi).



Do causal inference

Title Cast Revenue
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...
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Eddie: The Sleepwalking Cannibal {Thure Lindhardt, Dylan Smith, Georgina Reilly, Alain Goulem, . . . } $1632
Mi America {Robert Fontaine, Michael Brainard, Grant Boyd, Michael Derek, . . . } $3330
The Adventurer: The Curse of the Midas Box {Aneurin Barnard, Michael Sheen, Lena Headey, Sam Neill, . . . } $6399
Special {Michael Rapaport, Josh Peck, Robert Baker, Jack Kehler, . . . } $7202
Janky Promoters {Ice Cube, Mike Epps, Young Jeezy, Darris Love, . . . } $9069
Down Terrace {Robert Hill, Robin Hill, Julia Deakin, David Schaal, . . . } $10000
Alone With Her {Colin Hanks, Ana Claudia Talancfn, Jordana Spiro, Jonathon Trent, . . . } $10018
Naturally Native {Valerie Red-Horse, Yvonne Russo", Irene Bedard, Kimberly Guerrero, . . . } $10508
The Perfect Host {David Hyde Pierce, Clayne Crawford, Nathaniel Parker, Helen Reddy} $14870
Major Dundee {Charlton Heston, Richard Harris, Jim Hutton, James Coburn, . . . } $14873
Strangerland {Nicole Kidman, Joseph Fiennes, Hugo Weaving, Lisa Flanagan, . . . } $17472
5 Days of War {Rupert Friend, Val Kilmer, Andy Garceda, Dean Cain, . . . } $17479
The Good Night {Penelope Cruz, Martin Freeman, Gwyneth Paltrow, Simon Pegg, . . . } $20380
The Divide {Lauren German, Michael Biehn, Milo Ventimiglia, Courtney B. Vance, . . . } $22000

Table 2: Bottom revenue movies

New Note
David M. Blei

Columbia University

April 16, 2018

1

É Use the substitute confounders in a causal inference.

É E.g., fit regression from casts and confounders to revenue,

E[Y |a, ẑ] = β>a+η>ẑ.

É Use adjustment to perform causal inference,

E[Y ; do(a)]≈ 1
n

∑n
i=1E[Y |a, ẑi].



What just happened?
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É We modeled the causes with a factor model.

É We used learned representations as substitutes for measured confounders.

É Idea: This exploratory method can correct for some unobserved confounding.



É “Overestimated”:

É “Underestimated”:

É Most “corrected”:

É Single cause confounding (Grimmer+ 2020):



A little theory



The deconfounder
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É Suppose we fit a good factor model of the assigned causes (the actors).

É Then its learned representation will contain multi-cause confounders.

É Main assumption: No unobserved single cause confounders.



Intuition (through graphical models)

If we find a good factor model then

p(ai1, . . . , aim | zi ,β1:m) =
∏m

j=1 p(ai j | zi ,β j)



Intuition (through graphical models)
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É There cannot be an additional unobserved multi-cause confounder.

É Contradiction: If one existed then the independence statement would not hold.



Intuition (through graphical models)i
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É There still might be a single-cause confounder.

É Reason: The conditional independence still holds.



THEOREM: THE DECONFOUNDER

Suppose ptrue(a) can be written
∫

p(z)
∏

j p(a j | z,β)dz.

Further assume

1. No unobserved single-cause confounders X
2. The causes “pinpoint” the substitute Z = f (a)
3. Some other assumptions (see the paper)

Then

E [Y ; do(a)]−E
�

Y ; do(a′)
�

=

EZ ,X

�

EY [Y | Z , X ,a]−EY

�

Y | Z , X ,a′
��

.

(There has been further progress on identification; see references.)



The deconfounder

1. Find and fit a good probabilistic factor model of Ai .

2. Use it to estimate Zi , which renders the causes conditionally independent.

3. Use Zi to help with causal inference.

É This theory motivates the algorithm.

É We assume that information about multi-cause confounders is embedded in
the (observed) dependencies among the causes.

É The factor model extracts that information and uses it for causal inference.



The deconfounder

1. Find and fit a good probabilistic factor model of Ai .

2. Use it to estimate Zi , which renders the causes conditionally independent.

3. Use Zi to help with causal inference.

É Genome-wide association studies: e.g., Pritchard+ 2000, Astle+ 2009, Yu+
2006, Kang+ 2010, Song+ 2015, Haro+ 2015, Price+ 2006, Renaux+ 2020

É Econometrics in “factor-adjusted regression”: e.g., Stock and Watson 2016,
Gonclaves and Perron 2014, Cheng and Hansen 2015, Bai and Ng 2006

É Testing, covariance estimation, regression: e.g., Friguet+ 2009, Fan+ 2019,
Shah and Meinshausen 2018, Cevid+ 2018, Guo+ 2020



The deconfounder

1. Find and fit a good probabilistic factor model of Ai .

2. Use it to estimate Zi , which renders the causes conditionally independent.

3. Use Zi to help with causal inference.

How might the deconfounder go wrong?

É The factor model does not capture the distribution of causes. (It doesn’t.)

É There is uncertainty about inference of z. (There is.)

É There is unmeasured single-cause confounding. (There probably is.)

É There is estimation variance. (Yes.)



The deconfounder

1. Find and fit a good probabilistic factor model of Ai .

2. Use it to estimate Zi , which renders the causes conditionally independent.

3. Use Zi to help with causal inference.

My two cents

The deconfounder is an exploratory method that removes some sources of con-
founding bias. A better factor model captures more of the multi-cause confounding.

How to use a deconfounder: Condition on known confounders, both multi-cause
and single-cause, and use domain knowledge to build a good factor model. Then
use the deconfounder to explore hypothetical causal connections in your data.



Example: Genome-wide association studies (GWAS)

É GWAS is a problem of multiple causal inference

É How is genetic variation causally connected to a trait?

É For each individual: a trait and many measurements of the genome (SNPs).



Example: Genome-wide association studies (GWAS)

É Multiple-cause confounding is a problem.

É Non-causal SNPs may be highly correlated to causal SNPs

É Misestimates causal effects



Simulation study

Algorithm 1: The Deconfounder

Input: a dataset of assigned causes and outcomes {(ai, yi)}, i = 1, . . . ,n
Output: the average potential outcome E [Y (a)] for any causes a
repeat

choose an assignment model from the class in Equation (4)
fit the model to the assigned causes {ai}, i = 1, . . . ,n
check the fitted model M̂

until the assignment check is satisfactory
foreach datapoint i do

calculate ẑi = EM̂ [Zi |ai].
end
repeat

choose an outcome model from Equation (29)
fit the outcome model to the augmented dataset {(ai, yi, ẑi)}, i = 1, . . . ,n
check the fitted outcome model

until the outcome check is satisfactory
estimate the average potential outcome E [Y (a)] by Equation (28)

causally affect height? Here we give a brief account of how to use the deconfounder, omitting

many of the details. We analyze GWAS problems extensively in Section 3.2.

Imagine we collect a dataset of n = 5,000 individuals; for each individual, we measure height

and genotype, specifically the alleles at m = 100,000 locations, called the single-nucleotide poly-

morphisms (SNPs). Each SNP is represented by a count of 0, 1, or 2; it encodes how many of

the individual’s two nucleotides differ from the most common pair of nucleotides at the location.

Table 2 illustrates a snippet of the data (10 individuals).

ID (i) SNP_1
(ai,1)

SNP_2
(ai,2)

SNP_3
(ai,3)

SNP_4
(ai,4)

SNP_5
(ai,5)

SNP_6
(ai,6)

SNP_7
(ai,7)

SNP_8
(ai,8)

SNP_9
(ai,9)

· · · SNP_100K
(ai,100K )

Height (feet)
(yi)

1 1 0 0 1 0 0 1 2 0 · · · 0 5.73
2 1 2 2 1 2 1 1 0 1 · · · 2 5.26
3 2 0 1 1 0 1 0 1 1 · · · 2 6.24
4 0 0 0 1 1 0 1 2 0 · · · 0 5.78
5 1 2 1 1 1 0 1 0 0 · · · 1 5.09
...

...
...

Table 2: How do SNPs causally affect height? This table shows a portion of a dataset: simulated
SNPs as the multiple causes and height as the outcome.
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É Generate SNPs ai j , where each individual belongs to a latent group ci .

É The true outcome is a trait yi , drawn from

yi =
∑

j β jai j +λci
+ εi εi ∼N (0,σci

),

where many β j are zero, i.e., non-causal SNPs.

É Confounded: the intercept λci
and error εi are connected to the latent group.



Simulation study

pred. Real-valued outcome Binary outcome
score RMSE×102 RMSE×102

No control —
Control for confounders∗ —

(G)LMM —
PPCA 0.14
PF 0.15
LFA 0.14
Mixture 0.00
DEF 0.20

É We fit many factor models; none was the true model.

É Each provides different levels of predictive performance.

É All computation done in Edward [Tran+ 2018] .



Simulation study

pred. Real-valued outcome Binary outcome
score RMSE×102 RMSE×102

No control — 58.82 29.50
Control for confounders∗ — 25.32 25.77

(G)LMM — 35.18 28.87
PPCA 0.14 33.32 26.70
PF 0.15 33.38 26.84
LFA 0.14 33.93 26.83
Mixture 0.00 57.59 29.96
DEF 0.20 26.47 25.91

É Also fit outcome models with no control and with observed confounders

É The deconfounder provides good causal estimates.

É Predictive checks indicate downstream causal performance.



Is the theory correct?

É There has been some debate about the theory (Ogburn+ 2020, 2021).

É Key worry: By definition, we can never know anything about truly unobserved
confounders from the observational data.

É The deconfounder does not challenge this indisputable fact.

É Rather, it finds a class of confounders that are effectively observed.

É Thus the deconfounder tries to extract effectively observed information.

É For a clarification of this theory, see Wang and Blei (2020).



Is the theory useful?

0 200 400 600 800 1000
Number of causes

0

1000

2000

3000

4000

5000

6000

n=1000 units; linear outcome
Naive linear regression (OLS)
PCA subset deconfounder

0 200 400 600 800 1000
Number of causes

0

500

1000

1500

2000

2500

M
SE

n=1000 units; logistic outcome
Naive logistic regression
PCA subset deconfounder

É Grimmer+ 2020 discusses assumptions required for identification.

É They argue that “pinpointability” Z = f (A) is difficult to accept. (I agree.)

É They show that the assumption of pinpointability implies that simple
regression also performs causal inference when n� p.
(But see above when n< p.)

É They argue that single-cause confounding easily arises (e.g., Stan Lee).



Summary

É The deconfounder assumes there is information in the dependency among
causes that is helpful for removing confounding bias.

É The algorithm tries to extract this information for causal inference. It uses
unsupervised learning and Bayesian model criticism.

Caveat

É The deconfounder is not a turnkey solution to causal inference.

É It does not relieve the researcher from measuring confounders.

É It comes with uncheckable assumptions.



Ongoing collaboration with MSK

É What is the chemo-sensitivity of cells when we silence genes a1, . . . , ap?

É Data: Individual cells

– Causes: Gene expression level (counts)
– Outcome: Chemo sensitivity (binary)

É Possible multi-cause confounding:

– copy number
– tumor microenvironment
– batch effects
– metabolic changes



Some ideas of further research about the deconfounder

É We need methods to propagate uncertainty through the deconfounder.
(Uncertainty comes from factor modeling, no pinpointability, finite samples, ...)

É The field of model criticism needs attention.
(It helps evaluate the substitute confounder.)

É The deconfounder does not easily handle causally dependent causes.
(Can we adapt it to time series?)

É We don’t yet understand the bias-variance trade-off.
(The better the factor model, the more variance we incur in the estimator.)

É We don’t have a complete picture of causal identification.
(What can be identified? What assumptions can we relax?)
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Extra slides



On identification

É A causal quantity is identifiable if it can be written as a function of the
observed variables.

É If the causal quantity changes, so does the distribution of the observed data.

É D’Amour (2019) gives two examples where E[Y ; do(a)] is not identifiable.

É These results help flesh out the theory of multiple causal inference.

É But identification is still possible (with assumptions).



On identification

É Assume we pinpoint a substitute confounder ẑ = f (a), e.g., many causes.

É (Theorem) Differences of complete interventions are

E [Y ; do(a)]−E
�

Y ; do(a′)
�

.

They are nonparametrically identifiable when the outcome separates
contributions from the unobserved confounders and causes.

É (Theorem) Consider a subset of causes B. The subset intervention is

E [Y ; do(aB)] .

It is identifiable with overlap on the subset, p(aB | z)> 0.



Causal quantity Result Condition Source

P(Y (a)) Non-ID No conditions D’Amour (2019)

E [Y (a)]°E
£
Y (a0)

§
ID Consistent substitute confounder;

Categorical substitute confounder;
No confounder/cause interaction;
Differentiable relationships

Th. 6 (WB)

EA
£
EY

£
Y (a1:k, A(k+1):m)

§§
ID Consistent substitute confounder;

A1:k satisfy overlap
Th. 7 (WB)

E
£
Y (a0) |A = a

§
ID Consistent substitute confounder;

a0 and a map to same substitute
Th. 8 (WB)

E [Y (a)] ID E [U |A] nonlinear;
E [Y |A,U] linear

Sec 2.1 (IJ)

E [Y (a)] ID Measure instrument W;
Instrument W satisfies overlap

Sec 2.2 (IJ)

R
Y (a)q1(a)da

°R
Y (a)q2(a)da

ID p(a | z)> 0 when q1(a), q2(a)> 0 Sec 2.3 (IJ)

Table 1: Identification in multiple causal inference

3 D’Amour98

In both his discussion here and his earlier paper (D’Amour, 2019), Alex D’Amour has significantly99
contributed to the understanding of multi-causal identification. We have enjoyed a productive100
conversation with him over the past years. We were glad to read that the feeling is mutual.101

In his discussion, D’Amour articulates the fundamental tension between using the causes to infer102
unobserved confounding and using them to estimate causal effects. In other words, the deconfounder103
does not provide free lunch: the more information is baked into estimating the substitute confounder,104
the less information is available for estimating causal quantities. Moreover, the assumption that we105
can pinpoint the substitute confounder is at odds with “all-cause” overlap, i.e., that P(A |Z)> 0. As106
D’Amour (2019) points out, both cannot be simultaneously satisfied.107

Theorems 6–8 in the paper live at one extreme of this tension. They assume a pinpointed substitute108
confounder and forgo overlap on all the causes. (Note it is still possible for subsets of the causes109
to satisfy overlap, as in Theorem 7.) The pinpointed substitute confounder is achievable thanks to110
the multiplicity of the causes and the consistent estimability of factor models. Going forward, how111
does identification fare as we move away from this extreme? Point identification might no longer be112
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Theory and practice

É Scientist: That’s complicated. Umm...Can I still use the deconfounder?
Us: Yes, but please assess its uncertainty.

É Here is a Bayesian way. Draw samples of Z; then draw samples of outcome
parameters conditional on Z; compute the causal quantity (e.g., ATE). We get
many samples of the ATE, which lets us compute a credible interval.

É This uncertainty reflects estimation uncertainty and identification uncertainty.
It tells us how the finite data informs us of the causal quantity of interest.

É In cases where a causal quantity is identified, this uncertainty only involves
estimation uncertainty. When the causal quantity is not identifiable, it returns
uninformative posterior (with uninformative priors).



Are we living in an identified world?
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Predictive checks

É Goal: Make sure the factor model fits the data well.

É Our checks are similar to classical posterior predictive checks.

É Generate replicated datasets from the fitted factor model.

É Compare replicated data to real data



Predictive checks

É Statistic: Negative expected predictive log-likelihood entries

t(ai,heldout) = −E[logp(ai,heldout | Z) |ai,obs]

Larger values indicate more model misfit.

É Compute predictive scores

predictive-scorei = p
�

t(arep
i,heldout)> t(ai,heldout)

�

,

where the replicated data come from the predictive distribution.

É A factor model passes the check if the mean of the predictive scores > 0.1.
(This is a subjective criterion.)



The bias-variance tradeoff

É The factor model should fit the assigned causes well. It makes sure the
substitute confounder captures all multi-cause confounders; hence it leads to
unbiased causal estimates.

É We lose efficiency in causal-effect estimation when the factor model fits the
assigned causes too well, e.g., when the latent space has too many
dimensions. (The resulting causal estimates are still unbiased.)

É The latent space can theoretically have more dimensions than the number of
causes, but it might result in highly variable causal-effect estimates.

É For an optimal bias-variance tradeoff, we choose the smallest factor model
that passes the predictive check.


