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Lookalike Targeting on Others’ Journeys:
Brand Versus Performance Marketing

K. Sudhir∗ Seung Yoon Lee∗ Subroto Roy†

Abstract

Lookalike targeting is a widely used model-based ad targeting approach that uses a seed

database of individuals to identify matching “lookalikes” for targeted customer acquisition.

An advertiser has to make two key choices: (1) who to seed on and (2) seed-match rank range.

First, we find that seeding on others’ journey stage can be effective in new customer acqui-

sition; despite the cold start nature of customer acquisition using Lookalike audiences, third

parties can indeed identify factors unobserved to the advertiser that move individuals along

the journey and can be correlated with the lookalikes. Further, while journey-based seeding

adds no incremental value for brand marketing (click-through), seeding on more downstream

stages improves performance marketing (donation) outcomes. Second, we evaluate audience

expansion strategies by lowering match ranks between the seed and lookalikes to increase ac-

quisition reach. The drop in effectiveness with lower match rank range is much greater for

performance marketing than for brand marketing. Performance marketers can alleviate the

problem by making the ad targeting explicit, and thus increase perceived relevance; however,

it has no incremental impact for higher match lookalikes. Increasing perceived targeting rele-

vance makes acquisition cost comparable for both high and low match ranks.
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INTRODUCTION

Lookalike advertising is a targeting approach in digital advertising where the advertiser uses a

“seed database” of customers with desired behaviors to algorithmically identify “matching looka-

likes” in a much larger third party database for targeting. The technique, originally introduced

by Facebook in 2013, helps advertisers target and acquire customers using the depth and breadth

of third party data available to Facebook, by finding similarities with customers that exhibit “de-

sirable” behaviors (e.g., browse, visit, purchase, donate). The assumption behind the targeting

technique is that greater similarity (correlation) in behaviors and descriptors (e.g., demograph-

ics/psychographics) with a focal firm’s desirable seed individuals leads to greater advertising re-

sponsiveness and more efficient acquisition. Several large data-driven advertising platforms such

as Google, Twitter, LinkedIn, Outbrain and Taboola also offer Lookalike ad targeting services.1

Lookalike targeting is considered most useful to expand customer acquisition to new “cold”

audiences; it thus differs from many digital targeting methods that improve efficiency by target-

ing “warm” customers who are either on the journey to purchase or have already purchased. For

example, keyword search (e.g., Rutz and Bucklin 2011) uses information on a customer’s needs

captured in search terms; retargeting (e.g., Lambrecht and Tucker 2013) uses knowledge of prod-

ucts browsed, and contextual targeting (e.g., Ghose, Li, and Liu 2019) uses the journey context of

the focal individual to target. A focal individual’s past purchasing/browsing behaviors (e.g., Rossi,

McCulloch, and Allenby 1996, Pancras and Sudhir 2007, Rafieian and Yoganarasimhan 2020) is

also well-known to improve targeting effectiveness. But targeting only on warm customers is often

insufficient to meet a firm’s customer acquisition volume goals. Lookalike targeting promises to

serve a complementary role to these methods by efficiently expanding customer acquisition to cold

prospects who are similar to the warm prospects already on the journey by “kickstarting” their

interest.
1Google calls its service “Similar Audiences.” Google claims Lookalike Targeting improves performance relative to standard

digital ad networks based on firm-specified targeting by over 41%. (https://www.thinkwithgoogle.com/future-of-
marketing/emerging-technology/similar-audiences)
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While it is reasonable to expect improvements in targeting based on one’s own journey moving

down the purchase funnel, whether others’ journey stage can serve as effective seeds for Lookalike

targeting is not a priori obvious. This is because the profiled lookalikes based on journey stage

seeding have never themselves embarked on the journey with the focal firm. On the one hand,

journey-based seeding may enable advertisers to identify lookalikes that are already interested in

the category or engage with similar brands and competitors. But, to the extent that movement along

the journey to purchase is based on brand-specific and contextual needs unrelated to permanent

(and observed to third party) characteristics of the seed that are correlated with the lookalike,

journey-based lookalike seeding would unlikely add incremental value for customer acquisition.

This paper offers the first empirical investigation of Lookalike targeting and provides guidance

for its practical use. First, we evaluate the fundamental premise of Lookalike targeting: can seeding

lookalikes based on journey stage of others indeed improve targeting effectiveness? And if effec-

tive, what journey stage should an advertiser use? For an advertiser seeking an upstream behavior

(click-through to a brand site for brand building), would there be incremental value in seeding

on behaviors further down the journey (e.g., purchase, donation), or is seeding on the upstream

clickthrough behavior sufficient? Similarly, for an advertiser seeking downstream performance

outcomes, would there be an incremental value in seeding further down the journey on loyalty

(e.g, repeat purchase, lifetime value, WOM), versus seeding on single past purchase event? On

the one hand, due to favorable selection inherent in moving down the journey, seeds from further

down the customer journey can improve targeting, regardless of brand building or performance

marketing objectives if the selection is correlated with both upstream and downstream behavior.

However, if the selection is correlated primarily with downstream behaviors, then finer filtering

is wasteful for upstream performance; in that it may eliminate potentially viable audience targets.

Thus choice of journey stage seeds as a function of marketing objectives is an empirical question.

Our second set of research questions address the advertiser’s challenge of audience expansion

to increase the reach of the acquisition campaign. Specifically, we investigate the interaction effect

between the journey stage of seeds and Lookalike match rank (based on level of similarity with
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seeds). The choice of journey stage seed and match rank range involves an exploration-exploitation

tradeoff. If the Lookalike targeting algorithm’s match score (and rank) with the seed is highly

predictive of the lookalike’s desired behavior (e.g., clickthrough, donations), then an exploitation

strategy focusing on high match rank is likely preferable. However, as the predictive accuracy

of the match score with the seed declines, exploration over lower ranks may be fruitful. Hence,

we ask the following questions: First, should the match rank choice vary by the journey stage of

the seeds, i.e., upstream versus downstream journey stage seeding? Second, do the differential

effects of seeding and match rank vary based on the desired advertising outcomes, i.e., for brand

marketers seeking upstream outcomes such as clickthrough versus performance marketers seeking

downstream outcomes such as donations? Finally, given that ad performance is lower among low

match ranked lookalikes, we consider an approach to improve their responsiveness. Motivated by

recent work (Summers, Smith, and Reczek 2016; Shin and Yu 2021) that suggests that consumers

perceive greater relevance to the advertised product when they know that firms have targeted ads to

them, we test whether making targeting explicit in ads improves performance. We conjecture that

the gains in performance from making targeting explicit would be greater for lower match rank

individuals, for whom the ad is less relevant relative to the higher match ranked individuals for

whom the ads are intrinsically more relevant.

To address these research questions, we conducted a set of randomized field experiments using

Lookalike targeting on Facebook for new donor acquisition. Specifically, we test the effectiveness

of different Lookalike audience profiling strategies by comparing ad effectiveness across the cor-

responding Lookalike audience sets. We use Facebook’s randomized audience experiment feature

to ensure that each Lookalike audience set receives an equal chance of winning the bid for ad

exposure.2 With its size and scale of 2.6 billion active monthly users worldwide (Statista 2020),

Facebook is an ideal platform for an initial study of questions around Lookalike targeting.

A key practical challenge in assessing the effectiveness of any targeted advertising strategy is

2Note that in contrast to A/B tests to assess creative elements of different ads, where similarity of audiences across ads is
critical for the experiment to be valid (e.g., Braun and Schwartz 2021), our research questions on lookalike targeting depends on
identifying different audiences for different seeding strategies.
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to have an appropriate control against which to measure lift. Researchers in recent ad-lift studies

have therefore partnered with advertising platforms to let their algorithm identify a target for an

ad, randomize these potential targets into the treatment ad or a control (e.g., Johnson, Lewis, and

Nubbemeyer 2017), and use the difference in outcomes to measure incremental lift. This issue

is particularly important when studying advertising on potentially “warm” targets, who have al-

ready embarked on the journey and therefore likely to purchase even without ads. However, such

platform-level cooperation is practically difficult to obtain for individual advertisers that rely on

large ad platforms like Facebook. We therefore consider an alternative strategy. First, note that

since Lookalike targeting is focused on “cold” customers, who have not yet embarked on the jour-

ney, the issue of customers buying without an ad is already less pronounced in the context of new

customer acquisition. But to the extent consumer needs in the category arise exogenously or these

are larger brands with a potential high baseline of interest, different seeding treatments may target

lookalikes with differential propensity to purchase without ads. To address this concern, we con-

duct our advertising experiment with a relatively small firm/non-profit for whom there is typically

no new customer sales or new donor donations in the absence of advertising. We demonstrate that

the outcomes from a control group not exposed to the treatment ad is close to zero, and hence the

outcomes of the treated group can be considered as lift.

Our key findings are as follows: Overall, despite the cold start nature of lookalike audiences,

seeding on other’s journey stages can improve advertising performance—third parties such as Face-

book can indeed identify factors unobserved (to the advertiser) that move individuals along the

journey and can be correlated with lookalikes. However, the gains from moving seeds along the

journey differ by advertiser objective. For a performance marketer seeking downstream journey

outcomes such as donors, donation rates increase as one moves further down the journey stage in

seeding. In contrast, for a brand marketer seeking more upstream outcomes (e.g., clickthrough),

going further down the journey stage does not improve outcomes.

Second, we find an interaction effect between upstream/downstream stage seeding and Looka-

like match rank. For downstream stage seeding (has donated), ad effectiveness decreases signifi-
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C. Assessing Ad Lift for Lookalike Targeting

Figure A.2: Ad Creatives for Ad Lift Experiment

(a) Control: Careers Ad (b) Treatment

In this experiment, we assess our assumption that without an ad, the baseline visits and donation

will be close to zero in the experimental context. We do so with a control condition, where users

were directed to a HelpAge careers webpage that listed job openings. In contrast, users allocated

to the treatment condition received an ad asking for donations similar to the one used in our main

experiment.

The goal of the ad lift experiment is twofold: to show i) that individuals’ propensity to visit/donate

without solicited advertising is near zero, and ii) the baseline propensity without an ad does not

differ between upstream and downstream seeded Lookalike audience.

To the extent that HelpAge careers page is still an ad for HelpAge, there may be some spillover

effects on visits and donations to HelpAge, but if we still get close to zero visits and donations

with this control, our claim would be valid. Ideally, we would have liked the control to be directed

to a public service announcement (PSA) that was not related to HelpAge, but this was not feasible

due to Facebook and HelpAge policies.14

14Facebook does not approve PSA-like holdout advertising from an unrelated business ad account; See https://

www.facebook.com/policies/ads/. HelpAge advertising policy does not allow audience traffic to be directed to non-
HelpAge content/websites.
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Figure A.3: Ad Lift for Lookalike Targeting
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Note: Error bars represent standard error.

Figure A.2 displays the ad creatives for the control and treatment conditions. We ran random-

ized audience and creative split experiments testing effects of advertising for donation (vs. control,

i.e., the career ad) with seeding based on Website Visit (upstream) and Website Donation (down-

stream). The experiment was conducted on a representative sample of 240,832 Facebook users in

India.

Figure A.3 shows the results for the control and treatment conditions for the two types of

seeding strategy. For both types of seeding, the control condition leads to very small (close to zero)

number of visits to the donation page for both website visit seeding (.026%) and website donation

seeding (0.022%). Clearly, the treatments effects are much larger at 0.183%. For completeness,

we note that donation rates in the control condition were also zero for website visit seeding (0%)

and website donation seeding (0.001%). Overall, we conclude that our assumption is valid, and

we can interpret the treatment outcomes reported in the paper as very close to actual lift.
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