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MoTivAaTION: 2020 DiGITAL AD CAMPAIGN [AGGARWAL ET AL. (2023) NATURE HUMAN
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2020 Digital Ad Campaign in U.S. Presidential Election: How would
online ads against Donald Trump affect voter turnout in five battle- P—
ground states: AZ, MI, NC, PA, and WI?
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MoTivAaTION: 2020 DiGITAL AD CAMPAIGN [AGGARWAL ET AL. (2023) NATURE HUMAN

BEHAVIOR]

2020 Digital Ad Campaign in U.S. Presidential Election: How would
online ads against Donald Trump affect voter turnout in five battle-
ground states: AZ, MI, NC, PA, and WI?

> A stratified randomized experiment from Feb. 2020 to Nov. 2020 on
nearly 2 million voters

® Treatment group: an average of 754 ads against Trump by
Acronym

® Control group: no ads from Acronym

® Qutcome: voted in 2020 U.S. election? (binary)
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BEHAVIOR]

2020 Digital Ad Campaign in U.S. Presidential Election: How would
online ads against Donald Trump affect voter turnout in five battle-
ground states: AZ, MI, NC, PA, and WI?

> A stratified randomized experiment from Feb. 2020 to Nov. 2020 on
nearly 2 million voters

® Treatment group: an average of 754 ads against Trump by
Acronym
® Control group: no ads from Acronym
® Qutcome: voted in 2020 U.S. election? (binary)
> Effect: difference in voter turnout between treated and control groups
> Estimate: ATE = —0.06%, SE = 0.12% (insignificant)
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A stratified randomized experiment from Feb. 2020 to Nov. 2020 on
nearly 2 million voters
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® Treatment group: an average of 754 ads against Trump by
Acronym

® Control group: no ads from Acronym

® Qutcome: voted in 2020 U.S. election? (binary)

> Effect: difference in voter turnout between treated and control groups
> Estimate: ATE = —0.06%, SE = 0.12% (insignificant)
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This 2016 Trump voter won't
vote for him again after Trump’s
poor handling of coronavirus put
her family’s lives at risk.

“One reasonable question... is how well our findings would general-
ize... to other electoral contexts... it could be that the 2020 election
was exceptional because of COVID... perhaps digital advertising would
have larger effects in more typical settings...”




THis TALK: WouLD THE AD AGAINST TRUMP REMAIN INEFFECTIVE IN 20247

+COVID-19, death of George Floyd and racial unrest, etc.

+Same presumptive candidates™ from major parties (Biden, Trum)
+Nearly similar treatment/ad campaigns (ad against Trump)
+Economy remains a major concern

+Abortion (Roe v. Wade), immigration, Ukraine/Israel.

Figure. Similarities and differences between U.S. presidential elections in 2024 and 2020 (source: Pew Research
Center).

*: Last time a rematch occurred was in 1956 (Eisenhower and Stevenson).



OUR SETUP

» Estimand: Ad effect in 2024,

6 =E[Y(1) — Y(0)|2024 (i.e. target)]
» Design
® Source: 2020 RCT from [Aggarwal et al. 2023]
® Target: 2024 voters in Pennsylvania (~4.8 million from 67 counties as of Apr. 15)
® 2024 covariates C 2020 covariates
> Allows
® Shift in voter demographics between 2024 and 2020 (i.e., covariate shift)

¢ Shift in voter turnout between 2024 and 2020 (sensitivity analysis):

pr(Y(a) | target (2024), voter demographics) # pr(Y(a) | source (2020), voter demographics)

unobserved



OUR APPROACH: TRANSFER LEARNING WITH SENSITIVITY ANALYSIS

> Step I: Conduct inference under [Robins, Rotnitzky, and Scharfstein 2000]’s sensitivity model

> Step Il: Find a plausible range of sensitivity parameters (i.e., calibration)



STEP |I: CoNDUCT INFERENCE UNDER THE SENSITIVITY MODEL

» (70,71) quantifies the shift in (Y(0), Y(1)) between 2024 and 2020 via an odds ratio model

Odd(Y(a) | target (2024), voter demographics)
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STEP II: FIND A PLAUSIBLE RANGE OF SENSITIVITY PARAMETERS (1.E., CALIBRATION)

Key idea: Find (7o, y1) that shifts blue collar states’ Y(a)’s to non-blue collar states’ Y(a)’s in 2020

Source (2020 RCT) “blue collar”\/not blue collar”
[AZ, M1, NC, PA, WI] [MI, PA, WI [AZ, NC]
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® For Philadelphia, this calibration procedure rules out negative ad effects in 2024
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CALIBRATED RESULT FOR PENNSYLVANIA: PosITIVE AD EFFECT (I.E., INCREASED
TUurRNOUT)

> v =1 = 0(i.e., 2024 ~ 2020) = ad effect remains insignificant in all counties
> ~voy1 7 0 (i.e., 2024 # 2020) = positive ad effect in 9 counties

® They are mostly urban-ish (Philadelphia, Pittsburgh, suburbs of Philadelphia) or college towns
® Biden won all of the 9 counties in 2020

l Northampton

‘
-

Delaware

Philadelphia
g
Figure. Gray: all significant (7o, 1) pairs are implausible.

Alleghen
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» Acknowledgements

® UW-Madison: Xiaobin Zhou*, Elaine Chiu*, Xindi Lin*, Ang Yu*, Sameer Deshpande, Jingqi
Duan, Steven Moen, Ajinkya Hemant Kokandakar, Ben Teo, Kwangmoon Park, Jiaxin Hu, and
statistics student seminar participants on Apr. 29

® Chan Park* (UPenn), Melody Huang* (Harvard), Ying Jin (Stanford), and OCIS seminar
participants on Apr. 30

*: people here at ACIC today



FAQs ABouT DATA

>

>

>

Is the voting data self-reported?
No. See [Aggarwal et al. 2023] for details.

Does the data contain which candidate the voter voted for?
No.

Why is your voter data discrete?
We’re not sure. Perhaps, this is done to preserve some privacy?

Is party registration measured accurately?
Yes and no. [Aggarwal et al. 2023] and current voter registration data documentation discuss some
reasons for errors.

How was the treatment randomized?

The randomization was stratified within gender, race, and age groups with the intention of increasing
the propensity for women, black, and young people. The average treatment probability was 85.6%.
Was the randomization done through Facebook/Meta?

No. Our understanding from Aggarwal et al. 2023 is that the participants were randomized before the
advertising company delivered the ads.

Were ads delivered?

Yes and no. 60% of the treatment group participants were identified and served ads. The analysis was
intention-to-treat. See [Aggarwal et al. 2023] for details.



FAQs ABoUT ANALYSIS

> What about treating this data as longitudinal?
Excellent idea, but this requires measuring same voter over time. This data is not easy to get.

> Is our calibration reasonable?
Great question! We’re also experimenting with the “right” way to assess whether a given ~y value is
extreme or not. Note that our calibration is sensitive to the source population’s study design.

> [s your conclusion sensitive to data quality from 2024 voter registration data (i.e. target data)?
Yes. Unfortunately, high quality target data is expensive.

> Why is there a high proportion of treated individuals?
We’re not sure. Perhaps Acronym wanted to deliver the ads against Trump to as many voters as
possible?

» Do you plan to validate your results for 2024?
Great question! How to validate these results is a bit trick and we would be happy to talk to you more
about this



FAQs ABouT FRAMEWORK AND ASSUMPTIONS

> Is SUTVA violated?
Great question! It is possible, especially if
¢ Different doses of ads: Y(700 ads) # Y(800 ads) # Y(1)
® Different ads in 2020 and 2024: Y(ad in 2020) # Y(ad in 2024)
® Voters talk to each other due to ads: Y( my trt, your trt) # Y( my trt )
® There are carry-over effects from 2020 ad campaign into 2024
But, we also picked 2020 and 2024 to minimize SUTVA violations as the candidates are identical
between the two years.
> Is the data from 2020 independent from 2024?
Excellent question! This question is a bit tricky to answer, especially if 2024 is a fixed, census-level
data. We’re happy to talk more about this.
» Can the sensitivity model depend on covariates?
Yes. While this introduces more complexity in interpreting the sensitivity parameters, it could be
useful if there is a priori knowledge about how the ad effects in 2024 and 2020 differ with respect to
measured covariates. For example, for A = 0, we can define

exp(VDemocrat? [(Democrat?)),  exp(Yrepublican?/(Republican?))

if we believe the change between 2020 and 2024 is different for Democrats and Republicans. We call
this a local sensitivity model.



NOTATION AND CAUSAL ASSUMPTIONS

» Population type: S € {0, 1} where
® S = 1is source (e.g. 2020)
® S =0is target (e.g. 2024)
Outcome: Y € {0, 1} where Y = 1is voted
> Treatment: A € {0, 1} where A = 1is ad against Trump
» Covariates: X € RP where
® Source covariates: X
® Target covariates: V C X
» Potential outcomes: Y(a) € {0,1},a € {0, 1}
® Y(1): voted if, contrary to fact, voter got negative ad
® Y(0): voted if, contrary to fact, voter did not get negative ad

» Causal estimand: 6 = E[Y(1) — Y(0) | S = 0]

v

4/21



DATA TABLE FOR OUR SETUP

X
—_——

STV X\V Y(1)  Y(0)
11V v v

Source RCT (i.e. 2020) | 1 | vV v v
1V v v
1|V v v
0|V

Target (i.e. 2024) o

0|V

The goal is to identify and estimate § = E[Y(1) — Y(0) | S = 0]



ReviEw OoF TRANSPORTABILITY IN RCT

Causal assumptions on the source:

(A1) SUTVA: Y = Y(A)if S = 1

(A2) Randomized treatment: A L Y(1),Y(0) | X,S=1

(A3) Overlapof A: 0 < 7(x) =pr(A=1|X=x,5=1)< 1

(A1)-(A3) are usually satisfied in RCTs

Transportation assumptions:

(A4) Overlapof S:0 <pr(S=1|V=v) <1forallv
(A5) Transportability: Y(1), Y(0) L S|V

(A4) can be checked with data while (A5) cannot be checked with data

See [Tipton and Peck 2017],[Dahabreh, Robins, Haneuse, and Hernan 2019], [Egami and Hartman 2023],
and [Degtiar and Rose 2023] for details



REVIEW: IDENTIFICATION UNDER (A1)-(A5)

Let us = E[Y | X, A = a,S = 1]. Under (A1)-(A5), the target ATE 6 is identified:

0 =E[Y(1) - Y(0) | S = 0]
= E[E[x1(X) — po(X) | V,S=1] | S = 0]
N——

CATE(X) in source

CATE(V) in source

Reweigh CATE(V) to target
For reference, when X = V, we have
0 = E[E[1u1(X) — 1o(X) | S =10].

In other words, when source and target covariates differ, we have more nuisance parameters (i.e. projection
of CATE(X) onto V); see recent work by [Zeng et al. 2023].



WHAT IF TRANSPORTABILITY (A5) FAILS?
SENSITIVITY ANALYSIS

Suppose transportability (A5) does not hold:

pr(Y(1). Y(0) | V.5 = 0) # pr(¥(1), ¥(0) | V.S = 1)

-
2024 (i.e., target) 2020 (i.e., source)

For each Y(a), we measure the deviation between the two probabilities via odds ratios:

900) = gt v g e € (-00:%) ®
0dd(¥(a) | v,s) = —P" ((“zj_|1 N;’f;? grseton 3)

Broadly speaking, the unobservable part (target) differs from the observable part (source) by exp(7,).

> Since the red part is unobserved, v, cannot be estimated. Instead, -, is chosen to quantify the
difference between the target and the source

> In general, a large |7,| = large difference between 2020 and 2024

8
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INTERPRETING SENSITIVITY PARAMETER 7,

exp(va) =

> When v, = 0, transportability (A5) holds
» When 7, # 0, large |y,4| = large difference between 2024 and 2020
> Positive y; = more turnout in 2024 after receiving ads against Trump compared to that in 2020
> Negative 71 = less turnout in 2024 after receiving ads against Trump compared to that in 2020
Source (2020 RCT) Target (2024)
0.20 0.20]

o
-y
6]
o
-y
[¢)]

o
o
a

Voting Probability

Voting Probability

0.00

o
o
S

[T TN T N [THNN TN I T

20 30 40 50 20 30 40 50
Vv \

Toy example: pr(Y(a) = 1| V,S = 1) = expit(—0.1V)

9/21



Two-PARAMETER SENSITIVITY MODEL AND SOME REMARKS

To jointly characterize Y(1), Y(0), we use the following model

pr(Y(1) =y, Y(0) = yo | V=v,5 = 0) ccexp(v1y1 + Y0y0) - pr(Y(1) = y1, Y(0) = yo |V = v, 5= 1)

Some remarks:

| 2

The sensitivity model does not place any observable restrictions on the data [Robins, Rotnitzky, and
Scharfstein 2000; Franks, D’Amour, and Feller 2019]

A pseudo-R? version of 7, is in Proposition 3 of Franks, D’Amour, and Feller 2019.

We can also reparametrize the sensitivity model in terms of P(S = 1] Y(1), Y(0),V = v); see
Appendix and [Carroll et al. 1997].

The sensitivity model can depend on covariates (e.g. exp(1yv + ...); “local” sensitivity analysis)

Some works that use this model: [Robins, Rotnitzky, and Scharfstein 2000; Franks, D’Amour, and Feller
2019; Scharfstein et al. 2021; Dahabreh, Robins, Haneuse, Robertson, et al. 2022]

There is a long and healthy discussion about what constitutes a “good” model for sensitivity analysis
[Robins 2002; Rosenbaum 2002]



ALTERNATE PARAMETRIZATION OF THE SENSITIVITY MODEL

Odd(Y(a) | v,S =
Odd(Y(a) | v,S=1)
regression model [Carroll et al. 1997]:

» The sensitivity model exp(~,) = implies the following partially linear logistic

pr(S=1]Y(a) =y,V = v) = expit (—7ay — na(v))
o pr(S=0) w(v)

) =108 (2 St v s =7

w(V)=p(V[S=0)/p(V|S=1)

> The joint sensitivity model implies the following partially linear logistic regression model:

pr(S=1[Y(1) = y1,Y(0) = 0,V = v) = expit (—71y1 — Yoyo — 1(V))

1)~ g (3= w(v) )

pr(S = 1)E{exp(11Y(1) + % Y(0)) | V,S =1}

21



IDENTIFICATION UNDER (A1)-(A4) + SENSITIVITY MODEL

Again, let 114(X) = E(Y | X, A= a,S = 1). Under (A1)-(A4) and the sensitivity model, we have

520].

E{exp(')/a):ua(x) | V,§5= ]}
E{eXP(%)Ma(X) +1- Ma(x) | V,5= 1}

E[Y(a) | S=0] =E

> It is an exponential tilt of po(V) = E[ua(X) | V,S = 1]
> If v, = 0 (i.e. transportability (A5) holds), we return to the previous result:

E[Y(a) | § = 0] = B[E[ua(X) | V.S = 1] | S = 0]

2/21



EsTIMATION: SIMPLE, PLUG-IN ESTIMATOR

E{exp(Va)Na(X) ‘ V.5 = 1}

B |8 = O] = B | e ia(X) + 1 — a(X) [ V.5 = 1}

-

Identification leads to a simple, plug-in estimator:
1. Estimate p,(V) = E[uq(X) | V, S = 1] from source data
® An example: for a = 1, regress Y /7(X) on V to get p1(V)
® Because source is an RCT, p,(V) can be consistently estimated

2. Average the exponentially tilted p,(V) among target sample

R o1 eXp('Ya)ﬁa(Vi)
EV@ 1S =01=0 D o) +1— v

0(71.70) = E[¥(1) | S = 0] —E[Y(0) | $ = (]

Since our voter data is discrete, this plug-in estimator is nonparametric and efficient; see Theorem 1 of
[Chamberlain 1987]



BOOTSTRAPPING FOR TRANSFER LEARNING

In general, bootstrapping is easy and convenient for estimating SEs or confidence intervals (Cls)
Here, we lay out one (theoretically valid) bootstrap for transfer learning with sensitivity analysis

In each bootstrap iteration b € {1,--- , B}:
1. Resample source data with replacement of size ny, obtain data D

2. Resample target data with replacement of size n;, obtain data D7

3. With D% and D7, construct the ATE estimator 5; from above

Theorem: If p(V) is smooth enough and Donsker condition holds, the above procedure yields a valid
(1—a)Clofé.

The smoothness + Donsker conditions hold for our discrete voter data.



ESTIMATOR BASED ON EFFICIENT INFLUENCE FUNCTION

For a given 7,, we have the efficient influence function (EIF) of 6.

» The EIF is very messy because (a) V # X and (b) sensitivity analysis; see next page.
» Our EIF recovers Zeng et al. 2023’s EIF when 7, = 0.

Practically, an EIF-based estimator is useful if V is continuous.
» Four nuisance functions: (i) propensity score m(X), (ii) outcome regression ,(X), (iii) projection of
outcome regression p(V), and (iv) weights between source and target
w(V) = p(V | S = 0)/p(V | $ = 1).
» To avoid Donsker conditions, we need cross-fitting in source data.

» The estimator is not doubly robust for 7, # 0.

> Also, the estimator does not reduce “plug-in bias” from p,(V).



EIF-BASED ESTIMATOR

~ 1 . a; 1—a iy - e Tia(x7)
fora =, 2 P <{ 7o) T 1-70) } [e%ﬁ(v,-) F1=p(vi)  @ep(vi) + 1 p(v)
_ €7V pa(Vi) {eia(xi) +1— ﬁa(x,-)}e%ﬁ(v,-)]
[e%ﬁa(vi) +1- pa(Vi)]2 [e%ﬁa(vi) +1- pa(vi)]z
o) {€3(v) + 1= p(vi)} — alvi){ e fialx)) + 1= ﬁa(Xf)}>
[pa(v) + 1= pa(vi)T?
l e pa(Vi)
NP Dl ¥ o e ¥

ng .
i€Target

_I_

Our EIF recovers [Zeng et al. 2023]’s EIF when v, = 0:

1 > w(v) (%(a);)'i‘11_;(61);)>[y:‘—ﬁa(x,~)]+

s i€Source

1 . . N 1 ~

— > W(vi)lfa(xi) — pa(vi)] + - > Avi)
S i€Source t i€Target



VOTER DEMOGRAPHICS BETWEEN SOURCE AND TARGET POPULATION

Age Group Gender Party
e (2020 RCT)

Philadelphia

County

Fulton

Target (2024 PA)
by County

0.25 0.50 0.75 1.0.00 0.25 0.50 0.75 1.0.00 0.25 0.50 0.75
Proportion Proportion Proportion
M 18-24 |11 25-34 || 35-39 M 40+ [ Female M Other M Democrat [ Other/Unknown Ml Republican

Figure. Registered voter demographics.
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ADDITIONAL RESULTS ON PENNSYLVANIA: SENSITIVITY ACROSS COUNTIES

> We calculate the smallest |y — 7| that makes the target ATE significant

® Asmall |y — 7| = a small shift can make the ad effect significant = more sensitive

County |71 — Yo Estimate (95% Cl)
N N Philadelphia | 0.018 0.71 (0.00, 1.43)
Most Sensitive for Positive Effect ’
Ot Sensitive for Fosttive Bects Monroe 0.028 0.62 (0.02, 1.22)
. Bedford 0.002 | —0.81(—1.60,—0.01)
Most S tive for Negative Effect ’
Ost Sensitive for Megative Efiects Fulton 0.002 | —0.88 (—1.72,—0.03)
Centre 0.032 0.59 (0.01,1.16)
0.028 —0.059 (—1.17,0.01)
Lehigh 0.034 0.53(0.02,1.23
Sensitive In Either Direction enig 0.032 C0.62 ((_1‘257 —O.)OZ)
Northampton | 0.032 0.60 (0.01, 1.20)
0.030 —0.59 (—1.18,0.00)
Insensitive In Both Directions Clinton - -

Table. The smallest |y; — 7| that makes the ad effect significant and the corresponding effect estimates with 95%
confidence intervals. Ad effects are in the unit of percent point.



ADDITIONAL RESULTS ON PENNSYLVANIA: NEGATIVE AD EFFECTS (I.E., DECREASED
TURNOUT)
> Most counties are sensitive towards a negative effect (i.e., ads against Trump decrease turnout)
® The most sensitive countes are Fulton and Bedford, which had the largest margin for Trump in

2024 (85.41% for Trump in Fulton; 84.49% for Trump in Bedford)
» Three counties are sensitive for both positive and negative effects: Centre, Lehigh, Northampton'

rd

Clinton
Monroe
Con Northampton
entre .
Allegheny Dauphin Lehigh
Bedford Philadelphia
Montgomery
Fulton Delaware

Figure. Black: insensitive to negative ad effects. Gray: all significant (v, ;) pairs are implausible.

1Northampton is a “pivot county” identified by Ballopedia.

19/ 21



REFERENCES |

[ Aggarwal, Minali et al. (2023). “A 2 million-person, campaign-wide field experiment shows how digital
advertising affects voter turnout”. In: Nature Human Behaviour 7.3, pp. 332-341.

[4 Carroll, Raymond J et al. (1997). “Generalized partially linear single-index models”. In: Journal of the
American Statistical Association 92.438, pp. 477-489.

[4 Chamberlain, Gary (1987). “Asymptotic efficiency in estimation with conditional moment restrictions”.
In: Journal of econometrics 34.3, pp. 305—-334.

[3 Dahabreh, Issa J, James M Robins, Sebastien JP Haneuse, and Miguel A Hernan (2019). “Generalizing
causal inferences from randomized trials: counterfactual and graphical identification”. In: arXiv preprint
arXiv:1906.10792.

[ Dahabreh, Issa J, James M Robins, Sebastien JP Haneuse, Sarah E Robertson, et al. (2022). “Global
sensitivity analysis for studies extending inferences from a randomized trial to a target population”. In:
arXiv preprint arXiv:2207.09982.

[d Degtiar, Irina and Sherri Rose (2023). “A review of generalizability and transportability”. In: Annual
Review of Statistics and Its Application 10, pp. 501-524.

Egami, Naoki and Erin Hartman (2023). “Elements of external validity: Framework, design, and
analysis”. In: American Political Science Review 117.3, pp. 1070-1088.

[ Franks, AlexanderM, Alexander D’Amour, and Avi Feller (2019). “Flexible sensitivity analysis for

observational studies without observable implications”. In: Journal of the American Statistical Association.

20/ 21



REFERENCES Il

B
B

) &) & &

Robins, James M (2002). “[Covariance Adjustment in Randomized Experiments and Observational
Studies]: Comment”. In: Statistical Science 17.3, pp. 309-321.

Robins, James M, Andrea Rotnitzky, and Daniel O Scharfstein (2000). “Sensitivity analysis for selection
bias and unmeasured confounding in missing data and causal inference models”. In: Statistical models in
epidemiology, the environment, and clinical trials. Springer, pp. 1-94.

Rosenbaum, Paul R (2002). “Covariance adjustment in randomized experiments and observational
studies”. In: Statistical Science 17.3, pp. 286—327.

Scharfstein, Daniel O et al. (2021). “Semiparametric sensitivity analysis: Unmeasured confounding in
observational studies”. In: arXiv preprint arXiv:2104.08300.

Tipton, Elizabeth and Laura R Peck (2017). “A design-based approach to improve external validity in
welfare policy evaluations”. In: Evaluation review 41.4, pp. 326-356.

Zeng, Zhenghao et al. (2023). “Efficient Generalization and Transportation”. In: arXiv preprint
arXiv:2302.00092.

21



	Motivation
	Method
	Conclusions
	Appendix
	Appendix
	References


