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Motivating example: \What is the effect of Bost text Problem: Can write ATT in terms of observed variables

perceived gender on popularity of post? but, need to adjust for text of the document

T': perceived gender is male Y : number of upvotes
1. Insight 1: for causal adjustment, the part of text

r=1 =0 which carries information about treatment and
| |
] ] .
— Sy osted by u/Booiny F[28/5'9" SW: 280 CW: Trt(Jheidgdeennc;Ier %ﬁ;ﬁvtsg outcome is all that matters.
Almost down 100 pounds! Food and Recipes - Super Grateful 2. Insight 2: outcomes are produced by humans
I haven't posted here since I hit 50 po I just want to take a moment and exp ' ' '
and I see the 3 digits dctj)wn in the nea acceptable cauliflower pizza. I've only Labeled gender N pI’OCeSSIﬂg teXt ThUS, Oﬂ|y teXt Iﬂformathﬂ that
|| ear and it's so so good! | " i . .
L i L e Sy e e carries natural language meaning matters.
E[Y|T=1] =50 E[Y|T =0] =20 y =EY|T=1do(T = D] - E[Y|T = 1;do(T = 0)] 3. Taken together: supervised dimensionality
Average effect of treatment on the treated (ATT) reduction + language modeling

Difference in upvotes between groups explained by

different writing styles between women and men Counterfactual outcome for post written by people

self-labeled as men
Top-level comments from subreddits

Causal BERT — an example with gender labels and upvotes

P(T=1|4 E[Y|T =1A4]
T ....i.... Problem: no ground truth ATTs, and no way to Noise: 7 =10 v=40
......... ........ realistically simulate text Confounding: Low Med. High Low Med. High
. Ground truth 1.00 1.00 1.00 1.00 1.00 1.00
T Strategy: _ Unadjusted 1.03 1.24  3.48 0.99 122 3.51
® Choose observed covariate that can be NN 00 03 115 201 150 108 291
/1 .... .... 1 predmted from text. E.g., subreddit NN ¢plugin 103 118  1.40 0.85 1.05 2.07
T ® Simulate outcomes that depend on effect from C-ATM 4@ 101 1.16 245 1.04 | 1.04 172
! treatment and effect from covariate C-ATM ¢plusin 101 113 2.09 0.95 094 111
: Q

| confoundin C-BERT 49 1.07 = 1.07 1.14 1.50 095 1.12
Jointly update Al ( . 9) | C-BERT ¢plugin 1.08 115  0.94 207 1.07 127

otrained ® E.g., linear model:

£ Down
language model N Y.=T.+ p,(x(Z) — 0.5) + €, ¢; ~ N (0,y) NN: Feedforward neural network with bag-of-words (NN)
Pounds ? C-BERT: Causal BERT [this paper]

. : : C-ATM: C | ised topi del with rtized inf thi
PI’OpOI’tIOﬂ of self-labeled men in subreddit Z ausal supervised topic model with amortized inference [this paper]

Use predicted values in plug-in estimators



