
Motivating example: What is the effect of 
perceived gender on popularity of post?
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self-labeled as men

1. Insight 1: for causal adjustment, the part of text 
which carries information about treatment and 
outcome is all that matters. 

2. Insight 2: outcomes are produced by humans 
processing text. Thus, only text information that 
carries natural language meaning matters. 

3. Taken together: supervised dimensionality 
reduction + language modeling
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Problem: Can write ATT in terms of observed variables 
but, need to adjust for text of the document

Causal BERT — an example
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Problem: no ground truth ATTs, and no way to 
realistically simulate text 
Strategy:  
• Choose observed covariate that can be 

predicted from text. E.g., subreddit 
• Simulate outcomes that depend on effect from 

treatment and effect from covariate 
(confounding) 

• E.g., linear model: 

Yi = Ti + β1(π(Zi) − 0.5) + ϵi, ϵi ∼ 𝒩(0,γ)

Proportion of self-labeled men in subreddit Z

Table 1: Comparisons on semi-simulated data show that effect estimation is improved by: (a) language modeling (left);
(b)supervised dimensionality reduction (right). (a) C-BERT and C-ATM improve effect estimation over NN and BERT
(sup. only), which do not model language structure. (b) C-BERT and C-ATM improve effect estimation over BOW,
BERT, LDA and ATM, which produce representations that are not supervised to predict the treatment and outcome. The
tables report estimated NDE for Reddit and estimated ATT for PeerRead. Shaded numbers are closest to the ground
truth. The simulation setting used is �1 = 10.0, � = 1.0 for Reddit and �1 = 5.0 for PeerRead.

(a) Language Modeling Helps
Dataset: Reddit PeerRead

(NDE) (ATT)

Ground truth 1.00 0.06
Unadjusted 1.24 0.14

NN  ̂
Q 1.17 0.10

NN  ̂
plugin 1.17 0.10

BERT (sup. only)  ̂Q 0.93 0.19
BERT (sup. only)  ̂plugin 1.17 0.18
C-ATM  ̂

Q 1.16 0.10
C-ATM  ̂

plugin 1.13 0.10
C-BERT  ̂

Q 1.07 0.07
C-BERT  ̂

plugin 1.15 0.09

(b) Supervision Helps
Dataset: Reddit PeerRead

(NDE) (ATT)

Ground truth 1.00 0.06
Unadjusted 1.24 0.14

BOW  ̂
Q 1.17 0.13

BOW  ̂
plugin 1.18 0.14

BERT  ̂Q -15.0 -0.25
BERT  ̂plugin -14.1 -0.28
LDA  ̂

Q 1.20 0.07
LDA  ̂

plugin 1.20 0.09
ATM  ̂

Q 1.17 0.08
ATM  ̂

plugin 1.17 0.08

Table 2: Embedding adjustment recovers the NDE on Reddit. This persists even with high confounding and high
noise. Table entries are estimated NDE. Columns are labeled by confounding level. Low, Med., and High correspond to
�1 = 1.0, 10.0 and 100.0.

Noise: � = 1.0 � = 4.0
Confounding: Low Med. High Low Med. High

Ground truth 1.00 1.00 1.00 1.00 1.00 1.00
Unadjusted 1.03 1.24 3.48 0.99 1.22 3.51

NN  ̂
Q 1.03 1.18 2.04 0.89 1.08 2.24

NN  ̂
plugin 1.03 1.18 1.40 0.85 1.05 2.07

C-ATM  ̂
Q 1.01 1.16 2.45 1.04 1.04 1.72

C-ATM  ̂
plugin 1.01 1.13 2.09 0.95 0.94 1.11

C-BERT  ̂Q 1.07 1.07 1.14 1.50 0.95 1.12
C-BERT  ̂plugin 1.08 1.15 0.94 2.07 1.07 1.27

5 DISCUSSION

We have examined the use of black box embedding meth-
ods for causal inference with text. The challenge is to
produce a low-dimensional representation of text that is
sufficient for causal adjustment. We adapt two modern
tools for language modeling — BERT and topic modeling
— to produce representations that predict the treatment and
outcome well. This marries two ideas to produce causally
sufficient text representations: modeling language and
supervision relevant to causal adjustment. We propose a
methodology for empirical evaluation that uses real text
documents to simulate outcomes with confounding. The

studies in this simulated setting validate the representa-
tion learning insights of this paper. The application to real
data completes the demonstration of our methods.

There are several directions for future work. First, the
black box nature of the embedding methods makes it
difficult for practitioners to assess whether the causal as-
sumptions hold: is it possible to develop visualizations
and sensitivity analyses to aid these judgments? Second,
we require both the treatment and outcome to be external
to the text. How can the approach here be extended to
estimate the causal effect of (or on) aspects of the writing
itself? Third, the deep learning methods we have used are
mainly geared towards predictive performance. Are there

Top-level comments from subreddits 
with gender labels and upvotes

NN: Feedforward neural network with bag-of-words (NN) 
C-BERT: Causal BERT [this paper] 
C-ATM: Causal supervised topic model with amortized inference [this paper]
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Use predicted values in plug-in estimators


