
Targeted Digital Advertising: 
Challenges and Promises

Steve Tadelis
UC Berkeley Haas School of Business 

NBER and CEPR

November 2023



Wannamaker’s challenge
“Half the money I spend on advertising is wasted; the trouble is I 

don’t know which half.” John Wannamaker (1838-1922)

• But targeted digital advertising was supposed to change all that. 
• Display Ads: The “new” newspaper/billboard ads, better targeted to interests
• Video Ads: The ”new” TV ads, better targeted to interests
• Paid Search: Signal of intent + some demographic data + possible interests
• Social Networks: More demographic information + possible interests

• Was Wannamaker’s challenge solved by targeted digital ads?
• Do businesses, especially SMBs, benefit form targeting? 
• How should we consider privacy and its impact on welfare?
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Paid Search Advertising
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• -80% ROAS! (-100% for own-brand KW)
• Heterogeneous responses consistent 

with informative view of advertising:
• Less informed consumers are well worth 

advertising to (> 100% ROAS)
• But informed consumers make it cost-

ineffective for a well-known brand

• Likely much better for SMBs but very 
hard (impossible?) to measure



Targeted Video Ads: An Attempt to Increase Vaccines
Using Politics to Solve a Problem Caused By Politics
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Ad Campaign Details
• Selected about 2,000 low-vaccine (<50%), small (<1M resident) counties
• Randomly assigned half to treatment (i.e., eligible to get this ad on 

YouTube) and half to control (not eligible to see ads)
• Spent close to $100,000 on YouTube from Oct 14 to Oct 31, 2021

• Got 11.6 million ads, costing $8.55 per 1,000 ad impressions on avg

• Hit over 6 million unique viewers (some saw it more than once)
• 52% on phones, 30% on TV, 13% tablets, 4% computers

• Ad played on 150,284 distinct YouTube channels 
• Primary targeting was by location (later excluded age 18-24)

• possible by age, gender, income, parental status, location
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Cost Effectiveness was very high!

• The average treatment county had an increase of 102.6 vaccines

• 1,014 counties were treated 
• Implies a total increase of 104,036 vaccines

• We spent $96,408.56 (less than $100 per county on average)
• Implies a cost of $0.93 in ad spending per vaccine!!
• Much cheaper than other attempts to increase vaccination rates!! ($24-$82)
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Analyzing the effect of treatment intensity 
• Can’t just replace 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡𝑖𝑖 dummy with the number of ads! 

• Possible endogeneity: Google may be sending more ads to counties that are 
more receptive (more likely to get the vaccine) 

• We follow Angrist and Imbens (1995), using instrumental variables to 
estimate the effect of increased treatment intensity

𝑦𝑦𝑖𝑖𝑖𝑖 = 𝛼𝛼 + 𝜆𝜆𝑖𝑖 + 𝛾𝛾𝑖𝑖 + 𝛿𝛿(𝐴𝐴𝐴𝐴𝑠𝑠𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑠𝑠𝑡𝑡𝑖𝑖) + 𝜂𝜂 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡𝑃𝑃𝑃𝑃𝑛𝑛𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑠𝑠𝑡𝑡𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖
where we instrument for 𝐴𝐴𝐴𝐴𝑠𝑠𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑠𝑠𝑡𝑡𝑖𝑖 using 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑠𝑠𝑡𝑡𝑖𝑖

• �𝛿𝛿 is the coefficient of interest, the average causal response (ACR) to 
an increase of 1,000 ads per county 

6



Measures of treatment intensity (Persuasion?) 
Engagement rate = fraction of 
users watching at least 10 sec.
• a 1𝜎𝜎 increase in engagement 

rate results in 8.255 vacs
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View rate = fraction of 
users watching the full ad
• a 1𝜎𝜎 increase in view rate 

results in 12.34 vacs

Click rate = fraction of 
users clicking on the link to the 
original Fox News story
• a 1𝜎𝜎 increase in click rate 

results in 94.12 vacs
• a 1𝜎𝜎 increase in ads per 100 

residents results in 48.37 vacs
• a 1𝜎𝜎 increase in CPM results in 

4.887 vacs

 
Treatment Intensity 
Measure 

Engagement 
Rate 

View 
Rate 

Click 
Rate 

Ads per 100 CPM 
Residents 

 (1) (2) (3) (4) (5) 
A. Controlling for Population × Post Dummy 

 

Average Causal Response 8.255* 12.34* 94.12* 48.37* 4.877* 
 (6.333) (9.467) (72.11) (37.10) (3.742) 

Pop. × Post 275.5*** 
(18.70) 

275.4*** 
(18.70) 

275.0*** 
(18.74) 

274.8*** 
(18.77) 

275.4*** 
(18.71) 

B. Controlling for Population × Date Dummies 
 

Average Causal Response 8.153* 12.19* 92.96* 47.77* 4.817* 
 (6.335) (9.469) (72.12) (37.10) (3.742) 
County Fixed Effects Yes Yes Yes Yes Yes 
Date Fixed Effects Yes Yes Yes Yes Yes 

Observations 151945 151945 151945 151945 151945 
 



Social Media Ads: Do they help businesses?
• How easy is it for businesses to understand how well their ads are doing?

“some  producers  seem to  have  figured  out  their  business 
(or at least are on their way), while others are woefully lacking.”        

(Syverson, 2011 p. 327)

• Questions: 
1. Can variation in marketing effectiveness 

explain some of the huge variation in revenue 
generation and profitability per unit of input?

2. Can this shed light on “levels of sophistication” 
and “learning”? 

• Answers: Yes and yes!
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Ad Campaigns on Meta: Creative, Objective, Targets, and Budget



Delivering Ads and Recording Sales

• Auctions, Bidding, and Budgets
• Advertisers determine campaign budget and bidding strategies to target users likely to engage
• Meta's ad algorithm uses ML to estimate user “action rate” and ad “quality score” and optimizes 

ad delivery by scaling up bids for users predicted to convert.
• Winner: Total Value = Advertiser Bid × Action Rate + Quality Score

• Pixels and Outcomes
• “Pixels” are used by advertisers to track website visitors' actions (purchase, add-to-cart, etc.)
• Pixels send information about what happens on the advertiser’s site to Meta (Google, Twitter…)
• Meta Pixels can monitor/record 17 standard events, and advertisers can customize further.

10



Experimental Design
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100,000

$100

Advertiser’s Daily Budget

Target users

$5

5,000

4,500
5
0
0

T         C
Measure total revenue on advertiser’s website!

other

Experiment eligibility (advertiser):
• Meta Pixel for tracking sales 
• Ad campaign: Sales
• Advertiser had spent > $0 in the 

preceding 90 days;

Compliance is perfect for Holdout users, but only one-sided for Ad Eligible users



Data
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• Sample Size:
• 700,000 ad campaigns from 210,000 advertisers across 25 industries
• 3.94 billion unique user-ad opportunity pairs 
• > 8.9 million purchases and many other “conversion events” (e.g., “add to cart”; 

“signup”…) 

• Data collected
• 17 standard events that Pixels report (purchases, key page views, completed registration 

forms…)
• Data is gathered on the total number of user conversion events recorded by the Pixels
• Purchase data: Revenue generated; Number of purchases (in each experimental group)
• Total number of conversions (aggregation of all recorded Pixel events)
• Ad budget spent by the advertising campaign serves as the key independent variable



Benchmark Results: Average ITT effects
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Table 4 reports the results of estimating equation (1) for revenues, our primary outcome variable, as well as purchases, purchasers, 
and conversions, which are our secondary outcome variables of interest. In each regression, the dependent variable is the outcome 
variable corresponding to each column header. Each regression includes ad campaign fixed effects. Standard errors are in parenthesis. 
We cluster standard errors at the advertiser level. Statistical significance: * p<0.05, ** p<0.01, and *** p<0.001.



Experience matters – Historical Ad Spend
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Figure 4 presents the results of splitting the sample by quintiles of historical ad spending and 
estimating equation (1) for the observations that fall within each quintile (95% conf. intervals).



Establishing Advertiser Learning
“Learning can only take place through the attempt to solve a     
problem and therefore only takes place during activity.” 

(Arrow, 1962)

• Idea: advertisers who are more engaged in updates are taking on 
the necessary “activity” that Arrow refers to for LBD to occur

• Simple approach: We divide our campaigns into 2 groups: 
a) no updates to campaign; 
b) updates to campaign;
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Learning activities and age: Advertisers
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Figure 6: The Effect of Ad Spending on Revenues by Advertiser Age Quintiles and Advertiser Update Behavior

Never updated campaigns Updated campaign at least once

These figures present the results of first splitting the sample into advertisers that have never updated any of their ad 
campaigns, and those that have made at least one update across their campaigns. For each sample separately, we split 
the data by quintiles of advertiser age and estimate equation (1) for observations that fall within each quintile. Each bar 
shows the regression point estimate on Budget Spend and the corresponding 95% confidence interval.



Establishing Advertiser Sophistication
“The more that you read, the more things you will know. The            
more that you learn, the more places you'll go.” (Dr. Seuss, 1978)

• Idea: advertisers who “read” more data should learn better

• Approach: We divide our campaigns into 2 groups in two ways: 
a) Track only 1 pixel (the median – must have at least 1); 
b) Track more than 1 pixel; 
c) Adopts CAPI integration (“Conversion API” – guarantees better quality data to Meta); 

• Note: Sophistication is correlated with learning:
• Advertisers who track > 1 Pixel make, on average, 23% more campaign updates 
• Advertisers with CAPI integrations make, on average, 28% more campaign updates 
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Sophistication (Pixels) and campaign age
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Figure 7: The Effect of Ad Spending on Revenues by Campaign Age Quintiles and Pixel Event Tracking Behavior

Only 1 Pixel More than 1 Pixel

These figures present the results of first splitting the sample into campaigns run by advertisers that track below and
above the median number of Pixel events through their Meta Pixels. For each sample separately, we split the data by
quintiles of campaign age and estimate equation (1) for observations that fall within each quintile. Each bar shows the
regression point estimate on Budget Spend and the corresponding 95% confidence interval.



Introducing Privacy Considerations 
• Testing ad effectiveness requires identifying users who were 

exposed to ads vs. those who were not. 
• The identifier for advertisers (IDFA) is a random device identifier assigned by Apple to 

a user’s iOS device. The IDFA is used for tracking and identifying a user (without 
revealing personal information) and linking user actions and events to campaigns 
and channels. (The Android equivalent to the IDFA is the Google Advertising ID or 
GAID.)

• Many are concerned with privacy and tracking (Caveat: privacy paradox…)

• In 2021 Apple implemented App Tracking Transparency (ATT)
• Pop-up with the “default” being “no 3rd party app tracking”
• Google has yet to implement this (pushed form late 2023 to 2024)

• What will ATT do for advertising effectiveness and business success?
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Natural Experiment: iOS vs. Android
• Different countries have different exposure to ATT

• Meta classifies business into 25 “industry verticals” (Retail, 
Ecommerce, Technology, Automotive, Non-Profit…) 

• Divide the users to whom Meta shows ads into 2 categories:
• Users who do not allow data linking (iOS users who “opted out”);
• Users who do allow data linking: (iOS who opt in + other devices)

• ATT impacted different industries in different ways!

ATT Opt-Out Rates (%) on FB and IG as of Aug 2023

Most Affected U.S. Verticals

Vertical “Opt-Out” %

Retail 60.2

Consumer Packaged Goods 59.0

Restaurants 55.2

Ecommerce 54.4

Entertainment and Media 50.9

Least Affected U.S. Verticals

Vertical “Opt-Out” %

Gaming 41.3

Energy, Natural Resources, 
and Utilities

44.1

Advertising and Marketing 44.3

Agriculture 44.7

Politics 45.8

>



Diff-in-Diff: Exit from Meta Ads

• U.S. industries more impacted by ATT have 43% 
higher rates of advertiser Net Exit. 

• The effect is primarily driven by small businesses 
who are more reliant on offsite signal

• But this is advertising on Meta. What about “real” 
business outcomes like registration and survival?



Diff-in-Diff: External Data (in progress)
• ATT created at least a 14.9 percent reduction 

in new business registrations.
• This compares the outcomes between the 

top/bottom 5 impacted industries, based on the 
Business Formation Statistics (BFS) data.

• Preliminary analysis identifies similar results 
for other key macroeconomic outcomes:

• Decreased employment: -3%
• Decreased wages: -2%
• Decreased total output: -6%



Conclusion
• Ads work well when they are targeted well

• Targeting requires data savviness in measurement and analysis

• Privacy concerns may make consumers feel better (WTP?) but seem to 
come at the expense of ad effectiveness and business success. 

• We have SO MUCH more to learn about this industry and its welfare 
implications. 
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