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Abstract

This dissertation consists of three chapters that explore the effects of creative elements
in video ads on social media platforms and investigate how these ads impact consumer
behavior in both normal times and times of crisis.

The first chapter performs a comprehensive exploration of video ads on social
media platforms using large-scale observational data. Understanding what makes
video advertising effective in boosting performance is a crucial task, given firms’ heavy
investment and its ubiquitous presence in our daily life. It is also a demanding task
due to the limited availability of video ad data and the complexity of video features.
We first conduct unsupervised clustering to provide a taxonomy of video ad features
to understand the commonalities and differences that designers favor when creating
video ads. We find videos with much speech tend to have a lower presence of text
and a higher presence of people. Second, we perform a feature importance ranking
after constructing meaningful and representative creative features. We run multilevel
linear models of selected video and campaign features on ad performance outcomes
to gain insights into the effectiveness of video elements. We observe that text and its
early appearance deteriorate view-related outcome metrics, whereas the presence of
people and their early appearance improve view-related metrics. Third, we explore
the heterogeneous effects of basic video elements on advertising performance across
different platforms, industries, and campaign objectives.

The second chapter follows up on the results from the previous chapter and in-
vestigates how algorithmic optimization interacts with whether the firm features the
product early or late in the ad. Advertising algorithms seem sophisticated in achiev-
ing a single specific objective, such as views and conversions for digital video ads.
However, the algorithm’s focus on only one goal may present problems for advertisers
if they hope the ad could achieve multiple goals such as building awareness, raising
interest, and boosting conversions. Using a field experiment, we find that ad algo-
rithms can effectively achieve the prescribed video objective - for example: changing
the campaign objective from view to click would significantly improve the probability
of clicks while decreasing the short-duration video view probability. The mechanism
is that the target audience will change as the campaign goal changes, because opti-
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mization algorithms always try to find the "right" audience to maximize the specified
performance metrics. We find that the algorithm’s single-minded pursuit of a speci-
fied objective can be moderated by how quickly content about the product is revealed.
Our results suggest that in advertising markets where algorithms are programmed to
narrowly fulfill one objective, advertisers need to tailor content to engage users in a
way that helps them achieve multiple objectives.

The third chapter investigates how people’s response to digital ads changed with
fluctuations in the COVID pandemic situation. As new variants keep coming, the
world has experienced multiple rounds of COVID-19 virus hits. With the high mu-
tation rate of the virus, people may have to live with COVID-19 and its variants for
quite a while. The main research question addresses how people’s responses to online
ads, in the form of views and conversions when viewing them, change with the ups
and downs of the pandemic’s severity, specifically its perceived severity as reflected
by stay-at-home behavior. We use a difference-in-differences identification strategy
and a fixed-effects model. The main results show that ad conversions increase as
the pandemic situation becomes more severe. We find the effect stems not just from
people replacing offline shopping with online shopping interchangeably, but also from
the psychological impact of COVID. Since people are likely to coexist with COVID-19
for the foreseeable future, our research helps firms and businesses better understand
consumers’ behavior and better adjust to future changes in the pandemic situation
through their marketing practices.

Thesis Supervisor: Sinan Aral
Title: David Austin Professor of Management
Professor of Information Technology and Marketing

4



Acknowledgments

Foremost, I would like to express my sincere gratitude to my advisor Prof. Sinan Aral

for his continuous guidance, tremendous support, and amazing resources during my

Ph.D. study and research. I also want to thank him for being very understanding.

His insights and encouragement keep me motivated.

I want to thank my committee. Prof. Catherine Tucker provided me with tremen-

dous research guidance. I am extremely grateful for her kindness, care and support.

Prof. Dean Eckles is always ready to help me with insightful research suggestions and

highly constructive feedback. I truly appreciate that.

I have had two fulfilling research internship experiences. My sincere thanks go

to the entire VidMob team for providing me with an internship, data, experiments,

and multiple research opportunities. I also want to thank Snap for the research

opportunity and the incredible internship experience.

I have had a great time at MIT interacting with brilliant faculty members, peers,

and friends inside and outside the Marketing Department. I deeply appreciate all the

academic and non-academic advice, feedback, and help from them. I would also like

to thank the Sloan Ph.D. program office for its continuous help and care.

Last but not least, I want to thank my dear parents, Jiandong Cao and Hong

Yu, for their unconditional love and support, and my husband, Xiao Zhang, for his

incredible support and encouragement all the time.

5



6



Contents

1 Performance Effects of Video Ad Features: Evidence from a Large-

scale Video Platform 17

1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

1.2 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

1.3 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

1.3.1 Data Sampling Criteria . . . . . . . . . . . . . . . . . . . . . . 22

1.3.2 Video Tag Data Description . . . . . . . . . . . . . . . . . . . 23

1.3.3 Performance Metrics & Other Campaign-Level Data . . . . . . 24

1.4 Unsupervised Feature Exploration . . . . . . . . . . . . . . . . . . . . 27

1.5 Feature Importance Analysis . . . . . . . . . . . . . . . . . . . . . . . 28

1.5.1 Feature Construction . . . . . . . . . . . . . . . . . . . . . . . 29

1.5.2 Group Feature Importance Methods . . . . . . . . . . . . . . . 30

1.5.3 Group Feature Importance Results . . . . . . . . . . . . . . . 31

1.6 Regression Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

1.7 Heterogeneous Effects . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

1.7.1 Industry Category . . . . . . . . . . . . . . . . . . . . . . . . 37

1.7.2 Media Platform . . . . . . . . . . . . . . . . . . . . . . . . . . 39

1.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

1.9 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

1.9.1 Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

1.9.2 Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

7



2 Do Algorithms Help Firms Achieve Their Targeting Objectives? 65

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

2.2 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

2.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

2.3.1 Treatment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

2.3.2 Data Sampling and Identification . . . . . . . . . . . . . . . . 71

2.3.3 Data Summary . . . . . . . . . . . . . . . . . . . . . . . . . . 72

2.3.4 Data Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

2.4 Main Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

2.4.1 Possible Mechanism . . . . . . . . . . . . . . . . . . . . . . . . 76

2.5 Follow-up Experiments: Age Appeal as an Additional Treatment Vari-

ation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

2.6 Robustness Checks . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

2.6.1 Additional Advertising Outcomes . . . . . . . . . . . . . . . . 81

2.6.2 Accounting for Time Variation . . . . . . . . . . . . . . . . . . 82

2.6.3 Adding the View-through Campaign Objective . . . . . . . . . 82

2.7 Audience & Campaign Characteristics Driving the Differences . . . . 83

2.7.1 Organization Type . . . . . . . . . . . . . . . . . . . . . . . . 83

2.7.2 Age . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

2.7.3 Viewing Time . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

2.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

2.9 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

2.9.1 Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

2.9.2 Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

3 How Does the Severity of the COVID-19 Pandemic Affect Digital

Advertising? 107

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

3.2 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

3.3 Data Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

8



3.3.1 Pinterest Ad Data . . . . . . . . . . . . . . . . . . . . . . . . 111

3.3.2 Spectus Mobility Data . . . . . . . . . . . . . . . . . . . . . . 114

3.3.3 COVID Data . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

3.4 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

3.5 Results & Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

3.5.1 Further Discussion . . . . . . . . . . . . . . . . . . . . . . . . 120

3.5.2 Robustness Checks . . . . . . . . . . . . . . . . . . . . . . . . 121

3.5.3 Generalizability – Alternative Social Media Platforms . . . . . 123

3.6 Heterogeneous Results . . . . . . . . . . . . . . . . . . . . . . . . . . 125

3.6.1 Effects by Industry . . . . . . . . . . . . . . . . . . . . . . . . 125

3.6.2 Effects by Campaign Objective . . . . . . . . . . . . . . . . . 126

3.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

3.8 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

3.8.1 Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

3.8.2 Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

9



10



List of Figures

1-1 Example of Amazon Rekognition bounding box . . . . . . . . . . . . 41

1-2 Barplots of proportion by campaign objective, platform and industry 42

1-3 Boxplots of outcome metrics by campaign objective, platform and in-

dustry . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

1-4 Unsupervised k-means clustering of creative elements’ relative duration 44

1-5 Basic video creative element group importance . . . . . . . . . . . . . 45

1-6 Random forest group importance of face and person video elements on

predicting advertising performance . . . . . . . . . . . . . . . . . . . 46

1-7 Lasso group importance of face and person video elements on predicting

advertising performance . . . . . . . . . . . . . . . . . . . . . . . . . 47

1-8 Fixed-effects model coefficients of specific video elements on advertising

performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

1-9 Fixed-effects model coefficients of basic video features by industry -

part 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

1-10 Fixed-effects model coefficients of basic video features by industry -

part 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

1-11 Fixed-effects model coefficients of basic video features by industry -

part 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

1-12 Fixed-effects model coefficients of basic video features by media platform 52

1-13 Elbow method to determine the optimal number of clusters . . . . . . 53

1-14 Robustness check on k-means clustering of creative elements with 4

clusters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

11



1-15 Robustness check on k-means clustering of creative elements with 6

clusters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

1-16 Random forest sub-group breakdown of basic video elements . . . . . 56

1-17 Lasso sub-group breakdown of basic video elements . . . . . . . . . . 57

1-18 Coefficients of basic video features by campaign objective . . . . . . . 58

2-1 Screenshot of Facebook Experiment Platform Setup . . . . . . . . . . 89

2-2 Screenshot of Published Facebook Ad . . . . . . . . . . . . . . . . . . 90

2-3 Predicted Probabilities with 95% C.I. in Different Treatment Conditions 91

2-4 Age Distribution of Campaign Audience and Page Followers . . . . . 92

2-5 Comparison in Audience Age Distribution Between Younger vs. Older

Content Tailoring . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

2-6 Predicted Probabilities of % Video Plays with 95% C.I. in Different

Treatment Conditions . . . . . . . . . . . . . . . . . . . . . . . . . . 94

2-7 Predicted Probabilities with 95% C.I. in Different Treatment Condi-

tions with View-through Optimization as an Additional Campaign Ob-

jective Treatment Condition . . . . . . . . . . . . . . . . . . . . . . . 95

2-8 Predicted Probabilities with 95% C.I. in Different Treatment Condi-

tions by Local vs. National Audience Appeal . . . . . . . . . . . . . . 96

2-9 Predicted Probabilities with 95% C.I. in Different Treatment Condi-

tions by Age . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

2-10 Hourly 3s View and Click Rates for Three Days (A & B) and Ten Days

(C & D) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

2-11 Predicted Probability Comparison Between First Three Days and Re-

maining Seven Days . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

3-1 Summary of the campaign industry and objective percent . . . . . . . 129

3-2 Time series plots of ad expenditure and impressions . . . . . . . . . . 130

3-3 Region distribution of Pinterest ad impressions . . . . . . . . . . . . . 131

3-4 Stay-at-home time series data of example states . . . . . . . . . . . . 132

3-5 COVID-related data over time of NY, CA and TX . . . . . . . . . . . 133

12



3-6 Correlation between stay-at-home and death rate in MA . . . . . . . 134

3-7 Correlation between stay-at-home and death rate in CA . . . . . . . . 135

3-8 Effects of stay-at-home on ad effectiveness by industry categories . . . 136

3-9 Moderating effects of person creative by industry categories . . . . . . 137

3-10 Effects of stay-at-home on ad effectiveness by industry categories . . . 138

3-11 Stay-at-home time series data of all states . . . . . . . . . . . . . . . 139

3-12 COVID-19 fatality time series data of all states . . . . . . . . . . . . 140

3-13 Vaccination rate time series data of all states . . . . . . . . . . . . . . 141

3-14 Aggregated 2s view rate time series data of example states – parallel

trend . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

13



14



List of Tables

1.1 Table of basic video creative elements summary statistics . . . . . . . 59

1.2 Table of basic campaign feature and outcome metrics summary statistics 60

1.3 Fixed-Effects Model with Basic Video Elements . . . . . . . . . . . . 61

1.4 Fixed-Effects Model with Basic Video Elements - Relative Appearance

Duration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

1.5 Fixed-Effects Model with Basic Video Elements - Start Time . . . . . 63

1.6 Fixed-Effects Model with Basic Video Elements - Location . . . . . . 64

2.1 Summary Statistics of Outcome Metrics: . . . . . . . . . . . . . . . . 100

2.2 Table of Main Binomial Regression Results . . . . . . . . . . . . . . . 101

2.3 Marginal Effects of Changing One Treatment Variable While Keeping

the Other Treatment Variable Constant . . . . . . . . . . . . . . . . . 102

2.4 Chi-square Test Results of Demographic Age and Gender Distributions

Between Older vs. Younger Appeal for Each Treatment Group . . . . 103

2.5 Table of Marginal Effects When Changing from Early Informational

Content to Late by Organization’s Audience Appeal . . . . . . . . . . 104

2.6 Binomial Regression Coefficients of 3-second Video Plays and Link Clicks105

3.1 Summary of campaign metrics . . . . . . . . . . . . . . . . . . . . . . 143

3.2 Table of ad campaign performance metric summary by industry . . . 144

3.3 Table of ad campaign performance metric summary by campaign ob-

jective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

3.4 Table of main ad creative presence summary by industry . . . . . . . 146

3.5 Fixed effect model of the COVID indicators on stay-at-home . . . . . 147

15



3.6 Main results for 2s view outcome . . . . . . . . . . . . . . . . . . . . 148

3.7 Main results for conversion outcome . . . . . . . . . . . . . . . . . . . 149

3.8 Main results for firm-defined conversion outcome . . . . . . . . . . . . 150

3.9 Table of 2s views – segmenting the pandemic duration . . . . . . . . . 151

3.10 Table of conversions – segmenting the pandemic duration . . . . . . . 152

3.11 Table of firm-defined conversions – segmenting the pandemic duration 153

3.12 Table of alternative independent variables on ad conversions . . . . . 154

3.13 Table of conversions – Facebook platform . . . . . . . . . . . . . . . . 155

3.14 Table of alternative independent variables on 2s views . . . . . . . . . 156

3.15 Robustness check – using DMA as location unit instead of state . . . 157

3.16 Robustness Check – additional video feature covariates . . . . . . . . 158

3.17 Table of 3s views – Facebook platform . . . . . . . . . . . . . . . . . 159

16



Chapter 1

Performance Effects of Video Ad

Features: Evidence from a

Large-scale Video Platform

1.1 Introduction

Advertising in video format has become a prevalent practice on social media plat-

forms. Video-based advertising, containing audio and dynamic visual elements, has

been found to perform better in drawing attention [12, 30] than text- or image-based

advertising. Video ad expenditure in the US has increased from $8.92 billion in 2017

to $10.18 billion in 2019, and spending is expected to reach $12.66 billion by 2024

[61]. It is also projected that, by the end of 2022, 82% of consumer internet traffic will

be from online videos [51]. Due to its growing dominance and proven effectiveness in

advertising industries, businesses are eager to understand how different video features

affect people’s willingness to watch and purchase.

Understanding video is a challenging task due to its high dimensionality. For

example, machine learning papers tend to use pixel color values to define the raw

input features in video analytics. However, the use of pixels sacrifices interpretability

to a large extent. Now, some tools could make use of machine learning techniques
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to extract some interpretable features. Take Amazon Rekognition as an example.

It provides moment-to-moment video descriptions including the presence of people

and facial expressions, gaze directions, the approximation to celebrity, approximate

age, gender, text, and speech, with a detailed and comprehensive account such as the

area, the positions, the confidence, and the value of these features at each 0.1-second

interval of the video. The descriptive data again provides an extremely rich set of

video information for each video ad asset. The sheer amount of information can be

overwhelming for drawing meaningful insights because of the high dimensionality.

Our paper would like to simplify, construct and comprehend the rich set of video

creative elements given the data provided by the aforementioned recognition system.

We are not aware of any existing publication that has given such an extensive and

interpretable high-level overview of video ad features and their possible relationships

with ad performance. We want to make the first attempt using large-scale empirical

data. We collaborated with a video creative ad firm that serves ads on multiple online

social media platforms, including Facebook, Google, Twitter, Snapchat, Pinterest,

and LinkedIn. We sampled some of their video ads that ran in 2019. Overall, we

analyzed 70,006 different video ads, which ran 90,015 ad campaigns on the six major

social media platforms. Based on monthly active users, five of the six platforms are

ranked in the 15 most popular social networking sites or apps worldwide as of October

2020 [16]. The impressions (i.e., the total number of times the video ads were shown to

consumers in these campaigns) add up to around 1 trillion. The advertised products

or services span 22 industries, including technology, entertainment, financial, food,

retail, transportation, nonprofit, and health, covering almost every aspect of our daily

lives.

The first part of the paper makes an initial exploration of the basic features pro-

vided in the data to gain a better understanding of video creative characterization

and correlation. In particular, we use k-means unsupervised clustering to categorize

videos purely based on their creative design, regardless of their advertising perfor-

mance. We would like to understand any common patterns when creative designers

come to create these videos. Furthermore, we provide a broad classification of videos

18



based on the commonly used creative elements.

The second part of the paper serves to characterize specific features, explore their

importance individually and collectively, and understand the association between

features and ad performance. We first choose two different methods to conduct our

feature selection. We use lasso to look predominately at the importance of the reg-

ularized linear relationship. We also use random forest to better account for the

non-linear relationship between our features. Since each creative element has mul-

tiple features relating to its confidence, size, positions, and variations over time, we

mainly use group lasso and group random forest to determine the collective impor-

tance of each creative element, which could also provide some insights for our analysis.

Overall, we find that campaign-related features, industry, and video-summarizing fea-

tures are most important for determining outcomes. Among video creative elements,

we find basic creative elements such as text, people, and speech are most important.

Comparatively, face and celebrity are less critical. Among specific creative elements,

females tend to be more important than males. The middle gaze is generally more

important than other gaze directions. There is much more variation in emotion im-

portance across different outcomes. Based on importance analysis insights, we apply

fixed-effects models to assess the effects of the video creative elements on advertising

performance. We start with the primary elements and the most basic features, i.e.,

indicators of the presence of each element. Some interesting findings are that speech

and the presence of people are preferred, whereas text is not favored when it comes to

view-related metrics. Meanwhile, longer duration and the earlier appearance of faces

and celebrities is favored. The effect of a logo being present is not significant. We

also further investigate the effects of specific video elements, including facial emotion,

gaze direction, gender, and age group. We find the presence of females and young

adults is consistently favored.

The third and last goal of the paper is to explore heterogeneity based on different

platforms and industry categories. The intended audience, the placement of ad videos,

and the interface of each social media platform can vary a lot. For example, Facebook

commonly presents sponsored ads in the form of a news feed. People see them as they
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scroll down the screen. YouTube presents video ads within organic YouTube videos.

The audience age distribution of each platform also differs. For example, LinkedIn

is primarily for working professionals, and we find that text has a positive effect on

LinkedIn. Industry categories also bring about distinctive styles of video ads, as the

nature of the products and the appropriate audience groups again differ drastically.

For example, we find celebrity has a negative effect on education industry ads, whereas

text has a positive effect in the professional services industry.

A necessary clarification is that our paper does not intend to make causal claims

about the effect of each creative element of video ads. Instead, the primary purpose of

this paper is to provide a comprehensive characterization of video creatives, illustrate

the importance and possible effectiveness of each creative element, and explore the

heterogeneous effects by differing campaign setup and ad nature. Our research tries

to help better guide the research in video ad creatives with associational evidence

and large-scale generalizable data. We hope our extensive video feature exploration

inspires subsequent research with a more causal focus.

1.2 Literature Review

One stream of the literature relates to the characterization of advertising creatives.

Pictures, text, brand, and headline are four major regions of interest that were found

to draw people’s attention in traditional print ads [70]. In some eye-tracking lab

settings, it has been found that the brand element receives the most eye fixations

per unit of size, followed by the text and then the pictorial [69]. The advertising

literature stresses the significance of both visual and verbal characteristics in dual role

theory [56]. Recently emerging studies on video advertising also present multiple ways

of characterizing features. In an attempt to automatically code political campaign

advertisement videos, features are categorized as image summarization, text, face,

speech, and music [32]. The existing ad design creative literature provides us with

the foundation of feature construction. Meanwhile, our paper still makes a unique

contribution to video advertising by covering a large variety of products and services.
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Following feature characterization, the directly related stream of literature assesses

the effectiveness of features in advertising. The brand is one type of advertising ele-

ment that exists in every ad and has been studied widely. Research into TV commer-

cials has found that the presence of a brand-differentiating message in a commercial

causes a significant decrease in zapping probabilities [60]. Multiple research studies

have proved that faces are also particularly effective in attracting people’s attention

[37, 28, 40, 6]. Static or dynamic graphics are another typical ad element. In a com-

edy movie clip, happy, happier, happiest is the best order for scenes. It is found that a

positive trend in happiness results in higher watching intentions and more significant

success at the box office [41]. Such pictorial elements frequently involve humans. A

direct mail field experiment in South Africa conducted by a consumer lender found

that including a photo of an attractive woman increased loan demand by about the

same amount as reducing the interest rate by 25% [8]. In TV commercials, there

is also a positive association between auditory energy levels in ads and ad-watching

behavior [72]. Moreover, background music has been found to affect audience moods

and purchase intentions [3]. In the most recent format – skippable video advertising

– high-arousal stimuli increase ad effectiveness in ad-congruent contexts, and prod-

uct involvement affects the intrusiveness of high- and low-arousal skippable ads [7].

It is also found that entertaining ad content mitigates the negative impact of the

transition from unskippable to skippable ads, given that consumers have a negative

prior. Meanwhile, more informational ad content is preferred if the consumer has a

negative prior about the advertiser’s product, whereas less information is preferred

with a positive prior [20]. In influencers’ videos, when products are advertised in the

most engaging part, sales improve [71]. Overall, many video features have their own

literature. Despite much research devoted to studying the effectiveness of particular

advertising or video features, to our knowledge, our paper is the first to provide a

comprehensive overview of the common video ad creatives and their importance in

determining ad performance. We hope to fill this gap by running a large-scale feature

importance ranking and regression analysis.

The main contribution of our research lies in a thorough exploration of the cre-
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atives’ importance and effectiveness for ad performance. We have found literature

that provides an overview of the effectiveness of video creative elements in comedy

movie trailers via an online experiment [41]. However, the video marketing practice

of comedy trailers can be greatly different from video ads in other industries, and

both the target audience and people’s reactions might also differ in experiments ver-

sus when they use social media. There is plenty of literature that provides insights

on print ads [69, 52, 53, 70]. However, the design of print ads is still fundamentally

different from video ads, and reactions gathered from eye-tracking are better at diag-

nosing people’s attention levels than understanding people’s lower-funnel conversion

intentions. So far, we have not seen any literature that provides such a broad overview

of video ad creatives. This seems to be an open area to which we can contribute.

1.3 Data

Our dataset is obtained from an anonymous advertising firm that specializes in video

ad creation. The firm provided us with de-identified video data processed by Ama-

zon Rekognition, which produces various video tag features, along with the videos’

corresponding performance metrics on Facebook, a widely used social media platform.

1.3.1 Data Sampling Criteria

The anonymous ad analytics firm provided us with advertising campaign data from

Jan 1, 2019, to Dec 31, 2019. When sampling the ad campaigns, we required the video

duration to be at least 3 seconds and no more than 120 seconds. We specified the

minimum 3s criterion because one of the main performance metrics we focus on in our

analysis is the 3-second play rate. For those video ads lasting less than 3s, the 3s view

rate would have a different interpretation and thus would no longer be accurate. We

limited the video ads to a maximum two-minute duration because 1) more than 98%

of the video data in the firm’s 2019 database was for videos lasting ≤ 120s, and 2)

longer-duration video ads could be as long as an hour, for which completely different

video creative strategies might be needed compared to short video ads. Moreover, we

22



only included video ads with at least 1$ spent and 50 impressions. We believe any ad

campaign with fewer than 50 impressions or less than 1$ spent is more likely to be a

trial run than a formal advertising campaign.

1.3.2 Video Tag Data Description

The descriptive video data is the output of Amazon Rekognition tag data, which

describes everything that can be detected by computer vision in the video. The main

topics of the tag data are person, face, text, speech, and logo. Apart from speech, all

the other basic features have bounding box data to proxy their sizes. Fig. 1-1 gives an

example of a bounding box produced by the Amazon Rekognition system. Whenever

its computer vision algorithms detect a face appearing in the video, it draws a tight

rectangular shape based on the outer edges of the face. The bounding box area gives

an approximate percentage for the face size compared to the entire video screen size.

Similarly, Amazon Rekognition also detects any person, text, and logo appearing in

the video and produces bounding boxes for them in each frame. Apart from bounding

box data for the person and text categories, we also have the number of people and

the speed of text and speech in each frame.

Furthermore, the person and face categories have a rich set of sub-category fea-

tures, including the predicted gender, age range, gaze direction, and facial expression

of the detected face, as well as how likely it is that the detected person is a celebrity.

For each of these sub-category features, we also have their appearance timing and

confidence scores. In the same example in Fig. 1-1, we see that Amazon Rekognition

gives a confidence score of 100, indicating that the detected person is 100% likely to

be Jeff Bezos.

Table 1.1 shows the summary statistics of the basic video features. The first

column is the proportion of videos in the sample in which each feature was detected.

The rest of the columns are the summary statistics including minimum, 1st quantile,

median, mean, 3rd quantile and maximum of the duration of appearance of each

feature relative to the entire video duration. We find that 90% of the videos have

at least some text in them, and the average amount of time that text appears for in
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each video is around 74%. This makes sense because, in many short online video ads,

the main messages are delivered in the form of text. Moreover, people also appear in

many videos (around 78%), and the average duration for which they appear in each

video is also greater than half of the time. In contrast, speech, celebrities and logos

appear less commonly. However, for features like celebrity and logo, we are still not

quite sure whether that is due to algorithmic detection limitations.

1.3.3 Performance Metrics & Other Campaign-Level Data

In addition to video creative data, we also have Facebook aggregated performance

metrics and associated campaign-level determinants (shown in Table 1.2 and Fig.

1-2).

Table 1.2 gives the summary statistics of the key campaign factors – impressions

and campaign expenditure – as well as the key outcome metrics we consider: 2s or 3s

video play rate, through-play rate, click rate and conversion rate. All of these data

are left-skewed with mean values higher than median. Meanwhile, we notice that

both click rates and conversion rates are really low, with mean values equal to 0.01,

and median values of 0.01 and 0.00.

The video duration in Table 1.2 represents how long each video was in seconds, and

the campaign duration refers to how many full days each campaign ran for. Impression

refers to the number of times this video was shown to users within this campaign.

Impressions may include multiple views of ads by the same people. Spending refers

to the total amount of money the campaign cost.

Two- or three-second video plays and through-play reflect people’s interest in the

video ads. Two-second or three-second video plays count the number of instances

when the user viewed the video ad continuously for at least 2 or 3 seconds. Whether

the data is for 2s video play or 3s video play depends on what was available for each

platform and what our collaboration firm was able to pull. We have 3s view data for

Facebook and Twitter, and 2s view data for Snapchat, Pinterest and LinkedIn. We do

not have YouTube’s 2s or 3s view data, so we do not include it when analyzing the 2s

or 3s view rates. Through-plays count the number of instances when the user watched
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through the entire video. Clicks refer to clicks on any area of the ad that links to

destinations or experiences for the ad. In the case of Snapchat, it refers to the swipe

action that serves a similar purpose to clicks on other platforms. Our definition of

conversion, however, is less accurate than the other three. It refers to the maximum of

any one of the lower-funnel actions such as app installs or activation, checkouts, add-

to-carts and purchases. These are actions that could bring direct revenue to the firms.

The reason it’s less accurate is that not all campaigns set up conversion tracking.

Some campaigns may attract purchases but report 0 conversion due to no tracking.

The second reason is that even with tracking, actions like purchases may still not be

accurately tracked because users might not make the purchase in the same session, or

may visit offline stores. Third, the conversion action for different products or services

in different industries can vary a lot and requires different levels of effort. For example,

an in-store purchase is much more time-consuming and expensive than activating a

free app. Fourth, on some platforms, conversion is defined by the advertiser, so the

criteria for conversion might change. All the outcome metrics are in the form of a

"rate". The rate is calculated with respect to the corresponding impression value.

For example, the 3s play rate of a video is calculated by the number of times a video

ad has been viewed for more than three seconds (i.e., 3s plays) divided by the number

of impressions.

Finally, in Fig. 1-2 we present the percentage of objectives that the ad campaigns

chose, the platforms they ran on and the industries they belonged to. For indus-

tries, we only present those segments representing more than 1% in our data sample.

Around two-thirds of the ad campaigns adopted either conversion or app installs as

the campaign objective. These are relatively lower-funnel campaign objectives com-

pared to others like brand awareness, reach and video views. Different campaign

objectives might produce very different ad performance outcomes.

In Fig. 1-3, we use a boxplot to illustrate the differences in objective on the

top-left. The four different colors represent the four different performance metrics

we measure. The campaign objectives are arranged in the order of the corresponding

marketing funnel, from high to low. Although different platforms might have different

25



names for campaign objectives, and categorize them more specifically, we re-classify

each platform’s campaign objectives into five main categories to get a more intuitive

comparison. In general, the outcomes are consistent with the funnel stage of the

campaign objectives. For example, the higher-funnel campaign objectives of video

views and brand awareness have very similar distributions for all the outcomes. The

lower-funnel campaign objectives tend to have higher lower-funnel metric measure-

ments. Each campaign objective did well in optimizing its own goal. For example,

the video view objective has the highest 2s/3s view rate and through-play rate, the

click objective has the highest click rate and the conversion objective has the highest

conversion rate. However, the difference in conversion rate might also be due to the

limited ability to accurately represent and track lower-funnel actions. However, if we

compare the same outcome among ads with different funnel-stage campaign objec-

tives, the distributions can differ significantly. The reason for such differences is the

different targeting strategies as brought by the corresponding optimization objective

and subsequently very different audience groups.

The plot on the right of Fig. 1-3 illustrates how each metric differs by platform.

The metrics are all in log form, to better enable comparison, as their original dis-

tributions are highly skewed. We do not have a two- or three-second view rate for

YouTube, so we only report three metrics for the platform. YouTube seems to have

the highest through-play rate compared to all the other platforms. However, its click

rate is not significantly higher compared to others. Pinterest has the highest two- or

three-second view rate.

In the bottom plot of Fig. 1-3, we use a boxplot to illustrate industry differences.

We select several industry categories that represent at least 1% of the entire data.

The apps & websites and automotive industries have the highest short-duration view

rates. There is more variation in click rate and conversion rate compared to view rate.

As explained earlier, we cannot be sure whether the difference in conversion rate is

due to differences in industry or differences in conversion metric measurement for

each industry. Overall, the common pattern for each platform is two-/three-second

view rate > through-play rate > click rate > conversion rate, regardless of campaign
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objectives, media platforms or industries.

1.4 Unsupervised Feature Exploration

After getting an overall picture of the basic video features and campaign features,

we wanted to learn more about the design patterns and possible classification of

these videos. At this stage, we were just interested in video classification without

consideration of their campaign setup and performance. We chose k-means to perform

the unsupervised video classification because k-means is a common and interpretable

practice for unsupervised clustering.

When running k-means, we only included the video creative elements’ relative

duration (the appearance duration of a creative element relative to the entire video

duration). We excluded the campaign variables because our main purpose in this

unsupervised clustering was to get a picture of video clustering and adding cam-

paign variables could have interfered severely with the clustering process. We used

relative appearance duration for the basic video creative elements including people,

face, celebrity, text, speech and logo, the relative appearance duration of varying

demographics including gender and age, and the relative duration of varying gaze

directions. We included smile as the only emotion variable because the detection of

other emotions tends to have very low accuracy with low confidence. Adding emotion

might have added too much noise into the clustering process. These variables were

easy to understand and were standardized with a fixed range from 0 to 1. Since there

was no outcome variable for cross-validation, we adopted the elbow method [66] and

determined the optimal number of clusters for k-means clustering to be five, as shown

in Fig. 1-13.

In Fig. 1-4, we present the clustering results of all these variables. Each color

indicates a different cluster, and there are five clusters. Each point represents the

mean of the relative duration for a creative element in the corresponding cluster. The

size of the point can be seen as a proxy for the within-cluster standard deviation

value. The bottom plot summarizes the clustering of the basic creative elements,
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the middle plot summarizes the people’s age and gender elements, and the top plot

summarizes the gaze directions and smile elements. We observe that logo appearance

duration is generally low, and text appearance duration is generally high regardless

of clusters. In terms of speech duration, the cluster with the highest relative speech

duration (cluster 2 - yellowish-green color) has the lowest text duration, but also a

relatively high person and face appearance duration. This implies that video ads

need to have more speech- and person-related elements to compensate for the choice

of less text. Finally, the top three clusters of person appearance duration are also the

top three in face and celebrity appearance duration. This is intuitive as these three

elements tend to be very correlated. Meanwhile, the top cluster for people, face and

celebrity (cluster 5) is also the top cluster for early adult, female, smile and middle

gaze, implying a common design pattern adopted with the appearance of people in

video ads, i.e., young female adults looking straight at the audience with a smile. In

addition, we also observe the generally minimal presence of senior people and upward

gaze directions in video ads. These observations are robust to initial seeding and

small variation in cluster numbers as we tried multiple random seedings and different

numbers of clusters, including four and six clusters as shown in Figs. 1-14 and 1-15.

1.5 Feature Importance Analysis

The previous unsupervised clustering section provides a high-level view of the common

creative strategies designers would like to adopt. Naturally, the next step is to explore

whether these strategies are important and effective in achieving their advertising

goals. In this section, we conduct feature importance analysis by first constructing

the features that we use in our prediction model. We summarize the features from the

output of the Amazon Rekognition system so that the number becomes manageable

and the features are interpretable. Second, we further group features of the same

creative element category or sub-category and perform group lasso and random forest

to rank group feature importance.
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1.5.1 Feature Construction

We construct most features based on the algorithmically detected timing, size, loca-

tion and confidence, as well as features specific to each video element. In general, for

the basic video element categories like text, person, face, celebrity and logo, we include

the first appearance (start time), last appearance (end time), appearance duration

(element duration), average size, and variation of size (standard deviation) through-

out a video. In terms of the location, we divide the screen into 3×3 zones, namely

the top-left, top-center, top-right, left, center, right, bottom-left, bottom-center, and

bottom-right zones, and calculate the percentage of time for which the specified video

element appears in each zone. Depending on the size of the bounding box, an element

can appear in more than one zone or even all nine zones at a given time. Meanwhile,

some basic video elements have additional features. Text has the additional features

of speed and average visibility, logo has average clarity, and celebrity has average

confidence. For the person element, we also include the number of people. Moreover,

speech is also a basic element without visuals, so it has fewer features: duration, start

time, end time and speed.

For the more specific video elements like emotion, gaze direction, age group and

gender, we include the first appearance (start time), last appearance (end time),

appearance duration, average confidence and standard deviation of confidence. We

do not include size because they either overlap or are highly correlated with the face

and person sizes. In addition, we also include the total video duration and number

of labels in the video.

The grouping of video creative features is fairly intuitive. For basic video elements

like text, speech, person, face, celebrity and logo, we include all their corresponding

subfeatures like location, size and timing as well as element-specific sub-features as

one group. They give an overall description of these elements’ appearance. For

the specific video elements, we group all confidence and timing features based on

their sub-elements like the exact gaze direction or emotion. Finally, we only include

an "other features" group for video features. This group includes features that are
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difficult to categorize into video creative element groups. Specifically, they are the

total duration of the video, the total number of labels detected in the video by Amazon

Rekognition, and the industry to which the advertised product/service belongs. The

reason we include industry as part of video features is that different categories of

products or services also significantly affect the overall creative design in video ads.

In addition to video features, we also constructed or included all the necessary

campaign-related features. In terms of campaign features, we constructed the cam-

paign setup group with variables like campaign schedule, campaign objective, impres-

sions, expenditure, and the campaign audience group, like the percentage of female,

male and different age groups whenever available.

1.5.2 Group Feature Importance Methods

We mainly use two very different types of feature selection techniques. The first is

group lasso [67, 73, 46], which solves the following optimization problem

min
𝛽∈𝑅𝑝

(︂
||𝑦 −

𝐿∑︁
𝑙=1

𝑋𝑙𝛽𝑙||22 + 𝜆
𝐿∑︁
𝑙=1

√
𝑝𝑙||𝛽𝑙||2

)︂

where 𝑙 indicates group, 𝑝𝑙 is the number of predictors in group 𝑙, and || · ||2 is the

Euclidean norm. We apply the randomized lasso based on the stability selection

method [47]. Based on stability selection, the feature importance is calculated by

random bootstrapping the sample many times, each time multiplying each variable

by a random multiplier between 0 and 1, selecting the optimal lambda using cross-

validation, running group lasso and then counting the number of times each feature

gets selected by lasso regression. The importance is obtained from the number of

selected times divided by the total number of times re-sampled.

The second approach to assess importance is to use random forest [9], which can

explore non-linear relationships. It is a type of ensemble learning and consists of a

number of decision trees. The random forest feature importance is produced based on

permutation importance [9]. To assess the group importance, we use a group variable

importance measure that extends the permutation importance to groups of variables
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[27]. Let 𝑋𝑇 = (𝑋1, 𝑋2, ..., 𝑋𝑝) be a random vector, and 𝐽 = (𝑗1, ..., 𝑗𝑘) be a 𝑘-tuple

of increasing indices in 1, ..., 𝑝 with 𝑘 ≤ 𝑝. The random forest group importance of a

sub-vector 𝑋𝐽 = (𝑋𝑗1 , 𝑋𝑗2 , ..., 𝑋𝑗𝑘)
𝑇 is defined as

𝑙(𝑋𝐽) := 𝐸

[︂(︀
𝑌 − 𝑓(𝑋(𝐽))

)︀2]︂− 𝐸[(𝑌 − 𝑓(𝑋))2]

where

𝑋(𝐽) = (𝑋1, ...𝑋
′
𝑗1
, 𝑋𝑗1+1, ..., 𝑋

′
𝑗2
, 𝑋𝑗2+1, ..., 𝑋

′
𝑗𝑙
, 𝑋𝑗𝑙+1, ..., 𝑋𝑝)

𝑇

such that 𝑋 ′
𝑗 = (𝑋 ′

𝑗1
, 𝑋 ′

𝑗2
, ..., 𝑋 ′

𝑗𝑘
)𝑇 is a replicate of 𝑋𝐽 , which is independent of 𝑋𝐽 ,

𝑌 and all other predictors. An essential clarification about our feature selection ap-

proach is that a feature being important does not necessarily mean it will contribute

positively to the outcome. The feature might also make the ad performance signifi-

cantly worse.

1.5.3 Group Feature Importance Results

Fig. 1-5 illustrates the group importance of basic video creative elements and cam-

paign groups when predicting each outcome metric (in log form) respectively using

lasso (left figure) and random forest (right figure). The feature importance when

predicting each performance metric is displayed in different colors. The round point

shape refers to video features, and the triangles refer to campaign-related features.

The size of a point indicates the number of individual features falling into each feature

group. The higher the importance score, the more important the group of features is

in predicting each advertising outcome. In general, we observe that the basic element

appearance groups like text, speech, logo, person and celebrity have lower importance

than campaign and industry groups regardless of outcome metrics. Conversion has

the highest feature importance among the four outcome metrics, regardless of feature

groups. Moreover, among all the basic video creative elements, text appearance in

general has the highest importance, followed by person appearance. Celebrity ap-

pearance generally has low importance. This might be explained by the low celebrity
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detection accuracy of the Amazon Rekognition system.

We also look at the importance breakdown of these basic video creative elements

in Figs. 1-16 and 1-17. Instead of grouping all the time, location, size and any other

relevant features together into one group for each element, we make more, smaller

groups to look at how each type of feature might have different importance levels

in determining the outcome metrics. The type time includes the start time, end

time and appearance duration relative to the entire video duration. The type size

includes average size and variation in size. The type location includes the percentage

of appearance in all nine zones on the screen. The type confidence generally includes

average confidence and variation. For text and logo, the additional average clarity

also falls into the confidence type. The type speed refers to the total words per

second. Figs. 1-16 and 1-17 show the importance of these subgroups of basic video

creative elements using random forest and lasso respectively. The size of the points

in the plots represents the number of features, and the color represents different basic

creative elements. In both figures, we observe that text confidence and speed are the

two most important features when predicting all four outcome metrics. Among logo

subgroups, logo time is the most important. As for celebrity, the location subgroup

is generally less important. Other than that, there are not many consistent patterns.

Despite the lower importance of basic creative elements compared to campaign

groups in Fig. 1-5, they are still comparatively more important than the specific

video creative elements in Figs. 1-7 and 1-6 in terms of importance magnitude. There

are more variations in these specific creative elements. Figs. 1-7 and 1-6 show the

importance of these sub-elements using both feature importance methods. Each group

has five features: two describe the average confidence and variation in confidence, and

the other three describe the start time, end time, and appearance duration. Each

color represents a different category, including emotion, gaze direction, age group and

gender. Across both figures and the four outcome metrics, we observe some common

patterns that the presence of females is generally more important than that of males.

Middle gaze direction is more important than other gaze directions. In Fig. 1-7,

we observe that either smile or happy emotion is often one of the most important
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emotion groups when using lasso for prediction. We observe that young adult is

consistently the most important age group for all metric predictions in Fig. 1-6 using

random forest, and for both view-related metric predictions in Fig. 1-7 using lasso.

Meanwhile, the senior age group is the least important age group for all outcomes

when using random forest. This might be because senior people are generally not

targeted by online ads.

To sum up, we find that campaign-related feature groups, and video summary

features like media duration, number of objects and industry, have higher overall

importance than video creative elements. Basic video elements such as text and

person have higher importance than specific video elements that describe the people-

and face-related elements such as age, gender, emotion and gaze direction. Among the

basic video elements, text is the most important, followed by person. Among specific

elements, the middle gaze direction is commonly the most important of all the gaze

directions. Female is more important than male. Young adults are more important

than other age groups in predicting view metrics. In terms of subgroups such as

the time, confidence and location feature groups, we do not observe very consistent

patterns. Lastly, the importance we discuss here refers to how much influence the

group has in affecting advertising performance, but the impact is not guaranteed to

be positive. In the next section, we try to assess whether the effect is positive or

negative and exactly how large it is.

1.6 Regression Analysis

We conduct the regression analysis in this section, aiming to learn about the effects of

video features on ad performance. We adopt the fixed-effects model specification that

takes fixed effects on partner ID, industry, week, platform and campaign objective

combination.

𝑦𝑖𝑗𝑘𝑙𝑡 = 𝛼𝑗 + 𝛿𝑘 + 𝛾𝑙 + 𝛿𝑡 + 𝛽𝑇𝑥𝑖𝑗𝑘𝑙𝑡 + 𝜖𝑖𝑗𝑘𝑙𝑡

The partner ID 𝑗 represents each different advertiser account. Each advertiser account

might run multiple advertising campaigns for the same or similar products or services
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on more than one platform. There is a commonality for ad campaigns run by the same

advertiser due to similar products/services and similar campaign strategies. Similarly,

the products or services falling into the same industry 𝑘 might also share common

traits. We include time fixed effect 𝑡 indicating the week in the year 2019 to account

for the seasonal effect of advertising campaigns. Meanwhile, the same ad might also

be run multiple times with different campaign objectives on different media platforms

𝑙. We believe the combination of campaign objective and platform will also make a

difference in intercepts due to varying algorithmic recommendation effectiveness on

different platforms under different objectives.

Given we have constructed hundreds of features with a lot of collinearity between

them, the first step is to get an overall and simplified picture of the most basic video

creative elements. With reference to insights from the feature selection section, we

decided to include only the simplest variables, dummy indicators of whether text,

person, face, celebrity, logo and speech elements were present in each video in our re-

gression model, plus the other campaign and video features including video duration,

number of labels, ad industry, campaign setup, campaign audience and objective.

Table 1.3 shows the main effects we are interested in, i.e., whether the presence of

these basic video features is significantly associated with ad performance. Each col-

umn presents the regression coefficients with respect to different outcome metrics. As

defined in the Data section, we used the 3s view rate, through-play rate, click rate

and conversion rate, all in log forms, to measure each ad’s performance. These four

metrics approximately cover users’ response to the ad from high-funnel lead genera-

tion, i.e., the 3s view rate in Model (1) and through-play rate in Model (2), to the

mid-funnel lead-nurture click rate in Model (3), down to low-funnel sales (i.e., con-

versions) in Model (4). We were able to gain a clearer picture of the entire consumer

journey based on these four outcome metrics. All the outcome metrics are in log form

when running regressions because their original values tend to be skewed. Moreover,

we assume heteroskedasticity and hence use cluster-robust standard errors.

In Table 1.3, we could interpret the first value in Model (1) (−0.058) as the

presence of text in a video ad being associated with around a 5.6% decrease in the

34



2-second/3-second video play rates, and this effect is statistically significant. The

presence of speech is significantly positively associated with an increase in 2s/3s play

rates. The presence of people is also positively associated with 2s/3s play rate metrics

with statistical significance. Both the face and celebrity indicators are a subset of the

person indicator. There has to be a person for a face or a celebrity to be detected.

We observe that given there are people in the video, face and celebrity are in general

no longer significant. The presence of a logo has no significant effects either. Looking

at the table in general, we observe that the presence of creative elements only has

a significant effect on the highest-funnel metric of 2s/3s video plays and not much

effect on others. Besides the basic video creative elements, we include the general

video features and campaign features as controls. In Table 1.3, we observe that many

of them have a significant effect on the advertising results. Video duration has a

significantly negative effect on through-plays but a significantly positive effect on

the click rate. The adverse effect on through-plays might be because the long video

duration is more likely to make people lose patience to finish watching the entire

video. Meanwhile, a longer video might be better at providing more information and

enticing people to learn more, leading to a positive effect on clicks. High impressions

are associated with lower performance metrics, whereas higher spending is associated

with better performance.

In Table 1.4, we include more video creative features in the fixed-effects model.

On top of the basic video creative element appearance indicators and all the other

control variables, we further include the relative appearance duration of each basic

video element. The first value in Model (2) (−0.105) shows that a 10% increase in

the appearance duration of people relative to the video duration when text is present

in the video is associated with around a 1.0% significant decrease in the through-play

rate. We observe that increased duration of face and celebrity produces significantly

positive effects for the click rate and through-play rate, respectively. A 10% speech

duration increase is also associated with a 1.1% increase in the through-play and

conversion rates. There is not much of a significant effect observed for person and

logo duration.
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In Table 1.5, we replace the duration variables with the start time variables in

fixed-effects models. We assess the effects of the start time of the basic video ele-

ments, if these elements appear in the video. The first value in Model (1) (0.272) is

interpreted as a 10% increase in text start time in videos where people are present,

i.e., a 10% delay in text start time relative to the video duration brings a 3.13% in-

crease in the 2s/3s play rates. Meanwhile, the earlier appearance of people is strongly

favorable as a 10% delay in appearance start time is accompanied by a 1.01% decrease

in the 2s/3s play rates and a 0.76% decrease in the through-play rate. In addition,

the early appearance of celebrities is also preferred as it is associated with better

click rates. Lastly, the effects of a delay in speech start time are mixed with reduced

through-play rates and increased click rates.

Next, we explore the more specific elements like emotion and gaze direction by

including either the relative duration or the average confidence in the basic fixed-

effects models. Based on the feature importance results, we found that timing features

are predominantly important for gaze direction, gender and age group. We used

the percentage of duration compared to the entire video duration as these elements’

variables. For the emotion groups, given the feature importance results do not give a

definite answer and we found confidence has a higher variance with certain emotions

having low accuracy, we used the average confidence variable for the emotion elements.

Fig. 1-8 shows the coefficients of these detailed creative element groups when in-

cluded in addition to the basic fixed-effects model. The top two plots show the effects

of gender and age. Female appearance has a significantly positive effect on the 2s/3s

play rates and click rate. In terms of age groups, we observe that a longer appearance

of teenagers contributes to higher 2s/3s play rates. Moreover, a longer duration of

mature adults contributes to higher 2s/3s play rates and click rate. Lastly, a longer

appearance of seniors has a significantly negative effect on the 2s/3s video play rates.

These effects might be due to the nature of the advertised products’ or services’ tar-

get audience. The plot in the middle shows the coefficients of gaze direction. We

observe that the down-right, mid-left, middle and mid-right gaze directions all lead

to higher 2s/3s play rates. The middle and up-right gaze directions are associated
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with higher click rates. Moreover, the down gaze direction is negatively associated

with the through-play rate and the up-left gaze direction is negatively associated with

the click rate. The last plot illustrates the effects of emotions’ average confidence.

Higher confidence in calmness and surprise are associated with negative click rates,

while higher confidence in surprise is associated with a positive through-play rate.

Due to the limitations in emotion detection, and the fact the results do not produce

obvious patterns, we do not attempt to draw too many implications.

Overall, the results imply that we should consider having longer and earlier ap-

pearances of people to retain the audience’s attention. Celebrity is encouraged, and

its earlier appearance also brings better results. The effect of speech is uncertain as

it produces opposite effects on different metrics. In consideration of better 2s/3s play

rates, we should avoid placing text at the bottom or early on, or placing people on the

very right or left sides. The results from the specific video elements indicate female

is favored. Among all the gaze directions, middle gaze directions generally produce

positive contributions to 2s/3s views.

1.7 Heterogeneous Effects

We understand that different platforms have varying interface designs, algorithmic

targeting capabilities, and user bases that produce drastically different results. More-

over, different industry categories advertise for distinct products or services that result

in differing ad designs. In the data exploration section in Fig. 1-3, we find that the

distributions of outcome metrics vary by these categories. In this section, we’d like to

explore how the effects of video creative features might differ by industry and media

platform. In Fig. 1-18, we also explore how the effects of video creatives differ by

campaign objectives.

1.7.1 Industry Category

In Fig. 1-9, we compared the effects of text and speech in video ads for each industry

category in our sample. The appearance of text has a negative effect on one or two
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outcome metrics in many industry categories including education, financial services,

health and wellness, home improvement, luxury goods, retail, restaurants, technology,

transportation and travel (in the top plot of Fig. 1-9). Among them, the luxury

goods industry incurs the biggest negative effects in both magnitude and number of

outcome metrics, i.e., three out of four are positive. The luxury goods industry tends

to be highly priced, and the ad visuals and product designs play a powerful role in

determining people’s willingness to watch or learn more. On the contrary, professional

services is the only industry in which text contributes to significant positive effects on

three of the four metrics. This might be related to the fact that professional services

is a knowledge-intensive industry segment that focuses less on appearance design and

more on information. In the bottom plot of Fig. 1-9, we observe positive speech effects

in multiple industries such as alcohol, automotive, education, government/nonprofit,

real estate, and transportation.

Fig. 1-10 illustrates the effect of the appearance of a logo or person in video ads

for each industry category. In the top plot, we observe logos contribute to better

advertising outcomes in the luxury industry. This confirms the importance of logos

and branding in luxury goods advertising. For the real estate industry, the logo is

negatively associated with both video play metrics but positively associated with

traffic. The bottom plot presents the effects of person in each industry. In most

industry segments, the effects are either insignificant or positive. The one noticeable

exception is the restaurant industry, which sees negative effects on conversion rates.

In particular, the effect of person on the conversion rate in the restaurant industry is

significantly worse than most of the other industry segments. This might be due to

the nature of the restaurant industry, which people expect to focus on food.

Given the appearance of people, in Fig. 1-11 we observe the effects of the ap-

pearance of face and celebrity on different outcome metrics in each industry. The top

plot shows either positive or insignificant effects of face in most industry segments.

A few significant but mixed effects are also observed for the appearance of celebrity.

Specifically, positive effects are generally observed in video play rates, e.g., in the lux-

ury goods, telecommunications and transportation industry segments. We observe a
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negative effect on click rate and conversion rate for education and technology. These

are the two industries in which celebrity branding does not play an important role.

1.7.2 Media Platform

Fig. 1-12 illustrates the effects of basic video elements for each media platform:

Facebook, LinkedIn, Pinterest, Snapchat, Twitter and YouTube. Each has four out-

come metrics except for YouTube, which does not provide either 2s or 3s video play

metrics. The effects of text are either insignificant or significantly negative on most

platforms except for YouTube, where text has a positive association with conversions.

The effects of speech on video play rates are commonly positive or insignificant. On

LinkedIn, the speech effects on both play rates are much higher than the effects on

click and conversion rates. The effects of logo on LinkedIn are significantly positive

for all metric measurements. This might be because of the professional nature of

LinkedIn. Logo effects on conversion rates on Snapchat are significantly negative.

Finally, given the appearance of a person, the effect of possible celebrity is positive

on the LinkedIn conversion rate and the Snapchat through-play rate.

1.8 Conclusion

There are some strategic implications based on our feature importance and fixed-

effects model analysis. First, in terms of the basic creative elements, we find text to

be the most important predictor of outcome metrics. The presence of text and its

early appearance deteriorate the view-related outcome metrics, but not necessarily

lower-funnel metrics. Advertisers do not have to be overly paranoid about the use

of text. Unlike text, the presence of people and their early appearance contribute

to better outcomes. It might be advisable to include people, faces and celebrities

in ads to draw attention and persuade the audience at an earlier time. The effects

of the presence of speech vary a lot by outcomes and hence it is difficult to draw

convincing insights. For specific creative elements, we find having people gazing

in the middle has the highest importance among all gaze directions, and it might
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lead to better outcomes. The presence of females is more attractive than males.

Emotion elements seem to have higher importance among specific creative elements.

However, the effects do not produce consistent patterns and it is difficult to draw

meaningful insights. Our heterogeneous analysis also generates some useful insights.

In the luxury goods industry, the use of text is strongly discouraged, whereas text

can play a positive role in video ads in the professional services industry. In ads for

the transportation industry, the use of speech and faces, and particularly celebrities,

are favored. In the education industry, the use of faces is favored but celebrities are

not favored.

Admittedly, the major limitation of our research is the lack of robust causality.

Despite some effort to address the endogeneity in video ad design by using fixed

effects, the identification is still flawed. We also recognize that the effects of video

features tend to be difficult to isolate, so perfect identification can be extremely hard

to achieve. Our next step would be to run A/B experiments for better identification to

validate the results we obtained in this research analysis. We are hoping this chapter

will serve as an exploration that provides a comprehensive overview of the commonly

defined and easily extracted video creative elements, including their importance and

effectiveness.
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1.9 Appendix

1.9.1 Figures

Figure 1-1: Example of Amazon Rekognition bounding box
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Figure 1-2: Barplots of proportion by campaign objective, platform and industry

Notes: The top left plot shows the proportion of each campaign objective in the data.
The campaign objectives are synthesized and categorized into five major categories.
The top right plot shows the proportion of each social media platform in our data.
The bottom plot shows the proportion of industries that have proportion larger than
1%.
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Figure 1-5: Basic video creative element group importance

Notes: The importance of each feature group on predicting each advertising outcome
metrics (in log). The four colors represent four outcome metrics. The left plot shows
the importance of video creative element groups using group lasso with stability
selection. The right plot shows the importance of creative elements groups using
random forest with group permutation importance. The size of points represents the
number of features within each group. The shape of points indicates whether the
group belong to campaign logistics (triangle) or video categories (circle).
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Figure 1-6: Random forest group importance of face and person video elements on
predicting advertising performance

Notes: The figure presents the random forest group permutation importance scores
of the specific video creative elements including gender, age, gaze directions and
emotions of detected people and face in the video. The four plots correspond to four
outcome metrics. The color represents the creative element group category. Each
group include five features: relative start time, end time, duration, confidence mean
and standard deviation.
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Figure 1-7: Lasso group importance of face and person video elements on predicting
advertising performance

Notes: The figure presents the randomized lasso group importance of the specific video
creative elements including gender, age, gaze directions and emotions of detected
people and face in the video. The four plots correspond to four outcome metrics. The
color represents the creative element group category. Each group include five features:
relative start time, end time, duration, confidence mean and standard deviation.
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Figure 1-8: Fixed-effects model coefficients of specific video elements on advertising
performance

Notes: Each point represents the fixed effects regression coefficient estimates of gen-
der, age, gaze and emotion creative elements, with 95% confidence intervals. The
fixed effects include week, advertiser, industry, platform and campaign objective.
The outcome variables are log 2s/3s video play rate, log through-play rate, log click
rate and log conversion rate in four different colors. The control variables, apart from
the variables in the plots, include the basic creative elements’ appearance indicators,
campaign setup and campaign audience demographics.
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Figure 1-9: Fixed-effects model coefficients of basic video features by industry - part
1

Notes: Each point represents the fixed effects regression coefficient estimates of text
and speech indicators, with 95% confidence intervals, for each industry segment. The
fixed effects include week, advertiser, platform and campaign objective. The outcome
variables are log 2s/3s video play rate, log through-play rate, log click rate and log
conversion rate in four different colors. The independent variables include the basic
creative elements’ appearance indicators, campaign setup and campaign audience
demographics.
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Figure 1-10: Fixed-effects model coefficients of basic video features by industry - part
2

Notes: Each point represents the fixed effects regression coefficient estimates of logo
and person indicators, with 95% confidence intervals, for each industry segment.

50



Figure 1-11: Fixed-effects model coefficients of basic video features by industry - part
3

Notes: Each point represents the fixed effects regression coefficient estimates of face
and celebrity indicators, with 95% confidence intervals, for each industry segment.
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Figure 1-12: Fixed-effects model coefficients of basic video features by media platform

Notes: Each point represents the fixed effects regression coefficient estimates of ba-
sic creative elements’ appearance indicators, with 95% confidence intervals, for each
media platform. The fixed effects include week, advertiser, industry and campaign
objective. The outcome variables are log 2s/3s video play rate, log through-play rate,
log click rate and log conversion rate in four different colors. The independent vari-
ables include the basic creative elements’ appearance indicators, campaign setup and
campaign audience demographics.
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Figure 1-13: Elbow method to determine the optimal number of clusters

Notes: the curve knee, i.e., the optimal number of clusters, is determined to be 5.
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Figure 1-16: Random forest sub-group breakdown of basic video elements

Notes: The figure presents the group permutation importance of the subdivision of
basic video creative elements. The four plots correspond to four outcome metrics.
The color categorizes the basic creative element group. The size of points represent
the number of features within each sub-group.
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Figure 1-17: Lasso sub-group breakdown of basic video elements

Notes: The figure presents the randomized lasso group importance of the subdivision
of basic video creative elements. The four plots correspond to four outcome metrics.
The color categorizes the basic creative element group. The size of points represent
the number of features within each sub-group.
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Figure 1-18: Coefficients of basic video features by campaign objective

Notes: Each point represents the fixed effects regression coefficient estimates of ba-
sic creative elements’ appearance indicators, with 95% confidence intervals, for each
campaign objective. The fixed effects include week, advertiser, industry and plat-
form. The outcome variables are log 2s/3s video play rate, log through-play rate,
log click rate and log conversion rate in four different colors. The independent vari-
ables include the basic creative elements’ appearance indicators, campaign setup and
campaign audience demographics.
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1.9.2 Tables

Table 1.1: Table of basic video creative elements summary statistics
Creative Elements Prop. Min. 1st Qu. Median Mean 3rd Qu. Max.
text 0.90 0.00 0.65 0.89 0.74 0.97 1.00
face 0.67 0.00 0.00 0.30 0.37 0.70 1.00
celebrity 0.37 0.00 0.00 0.00 0.18 0.29 1.00
person 0.78 0.00 0.00 0.56 0.49 0.86 1.00
speech 0.35 0.00 0.00 0.00 0.20 0.33 1.00
logo 0.30 0.00 0.00 0.00 0.09 0.03 1.00

Note: The first proportion column refers to the proportion of video that has the
specific creative element detected, calculated by the number of videos that has
appearance of the specific creative element divided by the total number of videos in
the data. The statistics in the rest of the columns represents the relative duration –
duration of the element appearance in a video divided by the total duration of the
video.

59



Table 1.2: Table of basic campaign feature and outcome metrics summary statistics
Min. 1st Qu. Median Mean 3rd Qu. Max.

media duration (sec) 3.00 6.14 10.20 19.36 15.34 120.00
campaign duration (day) 1.00 5.00 16.00 43.71 44.00 365.00

impressions 50 9.5k 93.0k 12.4m 962.7k 7.3b
2s/3s play rate 0.00 0.08 0.19 0.23 0.30 1.00
thru-play rate 0.00 0.02 0.06 0.17 0.16 0.99

click rate 0.00 0.00 0.01 0.01 0.01 0.30
conversion rate 0.00 0.00 0.00 0.01 0.00 1.00

Note: The top three rows summarizes the important campaign predictors. The
bottom four rows summarizes the four main outcome metrics that we use in our
model.
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Table 1.3: Fixed-Effects Model with Basic Video Elements
Dependent variable: (log)

2s/3s Play Rate Thru-Play Rate Click Rate Conversion Rate

(1) (2) (3) (4)

text −0.058** −0.087 0.027 0.032
(0.018) (0.051) (0.020) (0.050)

person 0.045*** 0.057 0.037 −0.035
(0.012) (0.031) (0.020) (0.027)

person:face 0.037 0.047 −0.036 0.027
(0.019) (0.027) (0.025) (0.014)

person:celebrity 0.018 0.030 −0.053 −0.025
(0.013) (0.023) (0.043) (0.024)

speech 0.063*** 0.049 −0.017 −0.051
(0.017) (0.029) (0.022) (0.036)

logo −0.016 0.039 0.009 −0.070
(0.016) (0.030) (0.018) (0.073)

log(video duration) 0.043 −0.783*** 0.190** 0.004
(0.032) (0.141) (0.067) (0.032)

log(impressions) −0.238*** −0.159 0.027 −0.297*

(0.035) (0.091) (0.065) (0.117)
log(spend) 0.251*** 0.223** 0.021 0.396**

(0.035) (0.069) (0.076) (0.121)

Audience controls Yes Yes Yes Yes
Fixed effects Yes Yes Yes Yes
Observations 317,520 650,353 650,353 650,353
R2 0.676 0.790 0.605 0.806
Adjusted R2 0.675 0.789 0.604 0.806

Note: Robust standard errors clustered at industry, platform and campaign objective
levels. The audience controls include the percentage of audience of each gender and age
categories for Facebook ads and gender for Twitter ads. We do not have audience
demographics data for other platforms. The fixed effects include week, advertiser, industry,
platform and campaign objective. The outcome variables are log 2s/3s video play rate in
column (1), log through-play rate in column (2), log click rate in column (3) and log
conversion rate in column (4). The control variables, apart from the variables in the table,
include campaign audience gender and age groups. *𝑝 <0.05; **𝑝 <0.01; ***𝑝 <0.001.
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Table 1.4: Fixed-Effects Model with Basic Video Elements - Relative Appearance
Duration

Dependent variable: (log)
2s/3s Play Rate Thru-Play Rate Click Rate Conv. Rate

(1) (2) (3) (4)

text duration −0.074 −0.105* −0.004 −0.054
(0.037) (0.048) (0.046) (0.027)

person duration 0.035 0.005 −0.065 0.017
(0.022) (0.047) (0.041) (0.076)

face duration 0.056 0.010 0.076* 0.030
(0.033) (0.029) (0.036) (0.035)

celebrity duration 0.069 0.128* 0.092 −0.027
(0.043) (0.049) (0.052) (0.084)

speech duration 0.058 0.101*** −0.066 0.103*

(0.042) (0.026) (0.049) (0.039)
logo duration −0.033 −0.031 −0.041 −0.110

(0.039) (0.052) (0.049) (0.130)

Video Feature Ctrls Yes Yes Yes Yes
Campaign Controls Yes Yes Yes Yes
Audience Controls Yes Yes Yes Yes
Fixed Effects Yes Yes Yes Yes
Observations 317,520 650,353 650,353 650,353
R2 0.677 0.790 0.605 0.806
Adjusted R2 0.676 0.789 0.604 0.806

Note: Robust standard errors clustered at industry, platform and campaign objective level.
The basic video feature controls refer to basic creative elements’ presence indicators, the
media duration and log number of labels. The campaign setup controls refer to the
campaign log expenditure and impressions. The audience controls refer to audience
demographic distributions. The fixed effects include week, advertiser, industry, platform
and campaign objective. The outcome variables are log 2s/3s video play rate in column
(1), log through-play rate in column (2), log click rate in column (3) and log conversion
rate in column (4). The control variables, apart from the variables presented in the table,
include the basic creative elements’ appearance indicators, campaign setup and campaign
audience demographics. *𝑝 <0.05; **𝑝 <0.01; ***𝑝 <0.001.
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Table 1.5: Fixed-Effects Model with Basic Video Elements - Start Time

Dependent variable:
2s/3s Play Rate Thru-Play Rate Click Rate Conv. Rate

(1) (2) (3) (4)

text start time 0.272*** 0.028 0.010 0.119
(0.068) (0.089) (0.067) (0.072)

person start time −0.106** −0.079* 0.072 −0.050
(0.032) (0.036) (0.042) (0.046)

face start time −0.051* 0.003 0.015 0.007
(0.024) (0.026) (0.029) (0.025)

celebrity start time −0.058 −0.061 −0.125* −0.014
(0.031) (0.063) (0.048) (0.071)

speech start time −0.008 −0.080* 0.169* −0.090
(0.044) (0.029) (0.068) (0.062)

logo start time 0.009 0.036 0.014 0.168
(0.033) (0.051) (0.033) (0.087)

Video Feature Ctrls Yes Yes Yes Yes
Campaign Controls Yes Yes Yes Yes
Audience Controls Yes Yes Yes Yes
Fixed Effects Yes Yes Yes Yes
Observations 317,520 650,353 650,353 650,353
R2 0.677 0.790 0.605 0.806
Adjusted R2 0.676 0.789 0.604 0.806

Note: Robust standard errors clustered at industry, platform and campaign objective level.
The control variables, apart from the variables presented in the table, include the basic
creative elements’ appearance indicators, campaign setup and campaign audience
demographics. The fixed effects include week, advertiser, industry, platform and campaign
objective. The outcome variables are log 2s/3s video play rate in column (1), log
through-play rate in column (2), log click rate in column (3) and log conversion rate in
column (4). *𝑝 <0.05; **𝑝 <0.01; ***𝑝 <0.001.
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Table 1.6: Fixed-Effects Model with Basic Video Elements - Location

Dependent variable: (log)
2s/3s Play Rate Thru-Play Rate Click Rate Conv. Rate

(1) (2) (3) (4)

text:center −0.053 −0.078 −0.090* 0.016
(0.044) (0.042) (0.041) (0.036)

text:top −0.049 −0.060 0.111 −0.041
(0.037) (0.048) (0.062) (0.108)

text:bottom −0.079* −0.048* 0.146 −0.020
(0.030) (0.023) (0.074) (0.034)

text:left −0.071* 0.006 0.082 −0.094
(0.030) (0.035) (0.060) (0.047)

text:right 0.005 −0.094* −0.004 0.115
(0.047) (0.046) (0.048) (0.065)

person:center −0.094* −0.033 −0.058 −0.040
(0.043) (0.059) (0.046) (0.036)

person:top 0.050* 0.059 0.069 0.043
(0.023) (0.041) (0.034) (0.066)

person:bottom 0.126** 0.014 0.055 −0.018
(0.042) (0.075) (0.031) (0.046)

person:left −0.095** −0.021 −0.018 −0.016
(0.034) (0.029) (0.019) (0.048)

person:right −0.057 −0.022 0.021 −0.059
(0.032) (0.026) (0.032) (0.038)

logo:top −0.001 −0.006 0.025 −0.085**

(0.026) (0.022) (0.030) (0.028)

All Controls Yes Yes Yes Yes
Fixed Effects Yes Yes Yes Yes
Observations 317,520 650,353 650,353 650,353
R2 0.678 0.790 0.606 0.806
Adjusted R2 0.676 0.789 0.605 0.806

Note: Robust standard errors clustered at industry, platform and campaign objective level.
The control variables, apart from the variables presented in the table, include the basic
creative elements’ appearance indicators, campaign setup and campaign audience
demographics. The fixed effects include week, advertiser, industry, platform and campaign
objective. The outcome variables are log 2s/3s video play rate in column (1), log
through-play rate in column (2), log click rate in column (3) and log conversion rate in
column (4). *𝑝 <0.05; **𝑝 <0.01; ***𝑝 <0.001.
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Chapter 2

Do Algorithms Help Firms Achieve

Their Targeting Objectives?

2.1 Introduction

In the pre-digital era, it used to be the case that advertising would try to elicit the

desired response by optimizing ad content. For example, an ad designed to elicit

persistent interest would be designed differently from an ad designed to try to get

consumers to take immediate action. However, in the digital age, advertisers can now

use digital algorithms and specify to the advertising provider that their ads should

elicit a particular action. This chapter studies how this transformation affects how

advertisers should approach ad design.

Compared to television advertising, digital advertising, and especially skippable

video ads, allows viewers to easily and quickly skip ads and avoid the delay of seeing

the organic content they desire [20]. Digital advertising also makes it easier to track

the audience’s reactions and the extent to which they skip ads or only watch the

beginning, download apps, or click. Behavioral data has helped digital advertising

platforms train machine learning algorithms to target an audience more precisely

to obtain the desired action. Such data were previously unavailable for mass-media

advertising.

Due to the ability to use digital data and machine learning to achieve concrete
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goals, digital ad platforms now offer very specific campaign objectives that advertisers

must choose between. For example, on platforms such as Facebook and Amazon,

advertisers must specify only one campaign objective for each campaign, from upper-

funnel goals such as reaching a larger potential audience to lower-funnel goals such

as increasing traffic or even conversion. Evidently, the ability to specify that an

advertiser hopes for awareness or conversions and for an audience that is geared

towards awareness or conversions is a huge benefit to advertising brought on by the

digital age and machine learning. However, some advertisers may worry that the

specified actions will come at the expense of genuine engagement with their ad, for

example. Such a concern is especially valid given the multitask literature suggesting

that it is often impractical to achieve multiple goals, if an agent, in our case an

algorithm, is rewarded for achieving a single goal [29].

We investigate this using field experiment data from Facebook, where multiple

non-profits ran ads using the same video ad content. Our field tests deployed a 2

× 2 design. The two dimensions of variations are higher-funnel (2s continuous video

view) vs. lower-funnel (link click) optimization objectives and whether the product

is featured before vs. after 3 seconds. We find evidence that ad algorithms are very

effective at achieving specified objectives. For example, an ad optimized for video

views will receive many more views than an ad optimized for clicks, even though the

ad content is identical. Similarly, if an ad objective is specified as clicks, we find it

receives significantly more clicks than the ad under the view objective even if the

ad content is the same. We present evidence that the effectiveness of algorithms at

delivering their objective comes from their ability to identify an audience that is more

likely to click or more likely to view. Therefore, the algorithm automatically distorts

the audience that the ad receives to achieve the goal.

We then investigate how advertisers should respond to this algorithmic audience

distortion if they want to achieve both clicks and views by varying the second treat-

ment in our field experiment, i.e., when the key information is revealed. In a digital

world with increasingly fragmented attention, the point at which to emphasize a

product-based marketing message within a video seems to be a factor that could po-
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tentially moderate audience distortion due to algorithmic optimization. On the one

hand, placing product information at the beginning of a skippable advertising video

could help ensure more people get to know the product before they skip the ad. On

the other hand, revealing the product later might be better for attracting people’s

interest and engagement. Our results show that the 3s view probability of videos

with late informational content tends to be higher than early information when the

campaign is specified to optimize clicks.

Our proposed mechanism for the observed effects concerns the different levels of

distortion in audience targeting as brought by optimization due to different campaign

objectives. Unfortunately, the right audience based on the platforms’ algorithms does

not always align well with the right audience for advertising firms. We believe there

are two types of online audiences. We refer to one type as information seekers and the

other as content consumers. We define information seekers as people who genuinely

want to obtain more information about the product and are also much more likely

to be converted to true potential customers. In contrast, content consumers mostly

watch video ads for entertainment purposes and have little interest in the advertised

product or service. We believe that a higher-funnel campaign objective creates more

audience distortion as the ad is delivered to a high proportion of content consumers,

and the views can be optimized when delivered to more content consumers. This is

confirmed by the contrast between the high 3s view rates and the extremely low click

rates of the view campaigns in the first set of results. Moreover, information seekers

are more patient in waiting for key ad messages. That explains the 3s video play

probability for late informational content being higher than early information under

lower-funnel click objectives, as illustrated in the second set of results.

The experiment findings raise a managerial question of whether achieving one

high-performance metric necessarily signals the advertisement’s success. Digital plat-

forms often do an excellent job of achieving the one optimization goal specified in

the advertising campaign setup, thanks to advanced algorithms. However, some al-

gorithmic optimizations may boost a single specific metric at the expense of missing

true potential customers. Moreover, it calls into question the current practice that
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the platforms make advertisers specify just one optimization objective while setting

up any advertising campaign. The main contribution of this chapter lies in iden-

tifying the audience distortion in digital marketing, especially when specified with

a high-funnel campaign objective. We point out that deviation from the actual in-

tended audience is due to the platform’s algorithmic optimization. We also provide

empirical evidence on whether and how the timing of informational content in video

ads exerts an impact on mitigating audience distortion. Overall, we hope that our

research alerts advertisers to bias brought by algorithmic optimization practices and

the cost of overly relying on a platform’s algorithmic targeting ability. We encourage

firms to be more strategic when publishing ad campaigns and designing video ads in

consideration of reaching true potential customers.

2.2 Literature Review

This chapter contributes to three streams of academic literature.

The first stream is the literature discussing the bias in algorithmic optimization

used by advertising platforms in the auction process. The main obstacle with Face-

book experimentation’s random assignment is its auto-bidding algorithms [1, 21]. The

platform’s sophisticated optimization algorithms during ad auctions deliver the ad to

people who are most likely to generate profitable actions for the platform. Although

some attempts have been made to resolve such ad delivery bias – e.g., ghost ads that

run simulation auctions to identify the would-be-exposed consumers in the control

group [35] – these proposed methods are not currently adopted in industry practices.

Our results build on the findings of algorithmic bias through a comparison of audience

differences under varying campaign objectives.

The second stream focuses on algorithmic fairness. Research shows that social

fairness might sometimes be compromised due to algorithmic bias [2, 17, 45, 39]. One

example is that the optimization algorithm is found to discriminate against women

when delivering gender-neutral, job-promoting ads because women are more expensive

to target [39]. Our research contributes to this topic by suggesting there might also
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be business costs to all firms that publish ads on these digital platforms, in addition

to the social cost that previous research illustrates.

The final stream is the timing of informational content in video ads. The in-

formational content that we focus on in this chapter is the key product benefits.

Such informational content generally discloses some main product attributes, includ-

ing pricing and promotion, which could serve as a competitive advantage [5, 4, 44].

Theory suggests that a high-quality firm might choose to produce video ads with no

or minimal informational content in order to invite the consumer to engage in search

[44]. In the case of skippable video ads, multiple research projects also explore peo-

ple’s skipping behavior and how it relates to content informativeness [63, 14, 20, 15].

This paper on skippable ads [20] is closely relevant to our research. It explores and

finds that more informational ad content improves conversion whenever the consumer

has a negative prior about the advertiser’s product. In contrast, less information is

preferred when consumers have a positive prior. Overall, there is not much empiri-

cal work assessing the effects of the timing of informational content in skippable ads

causally. Our research wants to fill this gap by providing field experiment evidence.

2.3 Methodology

We explored our question of interest by running field experiments on a digital advertis-

ing platform – Facebook. We chose Facebook because it has sophisticated targeting

capability and a mature advertising A/B testing experimentation platform, and it

provides relatively more detailed performance metrics. Our main experiment aimed

to assess the effects of varying campaign optimization objectives and the timing of

informational content. We recruited 17 organizations and created videos that fit our

experimental design based on their video and image materials.

This section first describes the treatment conditions we have in the experiment,

then we proceed to data sampling and discussion of the identification. Next, we give

an overview of our data by providing some summary statistics, including the key

outcome metrics. Lastly, we describe the model we use to analyze the collected data.
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2.3.1 Treatment

We adopted a 2×2 experimental design for each organization’s Facebook ad campaign.

Facebook provides a well-established A/B testing platform to experiment with the

campaign objective and different creative designs, as shown in Figure 2-1.

The first treatment variation was campaign optimization objectives. Whenever

advertisers want to set up an online campaign, the platform will ask them to select

a campaign objective that they would like to optimize for. Campaign objectives

define what advertisers want to accomplish with a specific Facebook ad campaign

and then help Facebook optimize their ads according to the selected objective. The

campaign objectives determine the audience to whom the ad is delivered and how

the platform charges. There are two different campaign optimization objectives that

we consider, based on where the objective lies in the marketing funnel. From top to

bottom, marketing funnels cover the process of a consumer from getting to know the

product to eventually making the purchase decision. The higher-funnel optimization

objective is video views, which optimizes a 2-second view-through. A 2-second view-

through means at least two seconds of video play if the video is 2 seconds or longer.

Fulfillment of this objective signals consumers’ possible awareness and interest in the

product/services. The lower-funnel objective is to optimize link clicks. With this

objective, Facebook tries to deliver ads to people who are most likely to click on

the link and load the website. Link click optimization is a relatively lower-funnel

campaign objective compared to video view optimization as it involves more active

consideration about purchasing the advertised product/service.

The other treatment variation lay in the timing of informational content in a

video ad. Informational content is defined as the text messaging that reveals the

key product benefit or the organization’s mission in our context. We varied the

timing of the first appearance of any informational content for each organization

by creating two versions of the video ads. The early informational content group

referred to video ads with informational content appearing within the first 2 seconds;

the late informational content group referred to video ads with informational content
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appearing after 3s of the video. For each organization, we tried to make the creative

design in the two versions as similar as possible, with the only difference being the

timing of the informational content.

In short-duration video ads, informational content is typically presented in text

messages and speech. Given that around 85% of users watch videos on Facebook with

the sound off [49], we used text messages to disclose the informational ad content in

our experiments.

The experiments spanned March 2020 to November 2020. For each organization,

the campaign lasted three days. None of the organizations had overlapping cam-

paign periods. Each treatment condition for each organization had the same budget

allocation, i.e., $5 per treatment per day. For all the video ads in our experiment,

we included a "Learn More" button at the bottom of the ad, as shown in Figure

2-2. We defined the target audience as 18+ in age and located within the US for all

organizations.

2.3.2 Data Sampling and Identification

We collected data by recruiting mostly nonprofit organizations, creating video ads

that fit our experiment design, and running Facebook ad campaigns as A/B exper-

iments. In total, we recruited 17 organizations and hence performed 17 rounds of

A/B experiments on Facebook. Among them, 16 were small- or medium-sized non-

profit organizations, and one was a small local restaurant. These organizations had

diverse geographical distribution, not only confined domestically but also reaching

out to developing countries like India, Uganda, Cameroon, Kenya, etc. The service

targets varied from endangered animals to disadvantaged people such as minorities,

refugees, the poor, the disabled, the elderly, and children with special needs. The

service missions covered many areas such as environmental protection, job oppor-

tunities, healthcare, education, and affordable food. When creating and publishing

Facebook ad campaigns, we required the video ads to be skippable at any time of the

video and between 10s and 30s in duration. Ideally, to gain more statistical power

and generalized insights, we might want to run as many campaigns on different ad-
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vertising products or services as possible. Given budget constraints, we managed to

run 17 sets of experiments.

The main obstacle with such random assignment, particularly for creative design

testing, is Facebook’s auto-bidding algorithms [1]. The fact that people who are shown

the ad are those who are most likely to generate profitable actions for the platform

might also apply in the case of changing the ad’s creative design. For example,

suppose we set up A/B testing to test the two creatives with the same campaign

objective, one with early informational content and the other with late informational

content. Although users are randomly separated into two groups, not everyone in

each group will see the video ad. The first one will be shown to some of group

A’s users, specifically picking those who are most likely to prefer early informational

content, and the second will be shown to some of group B’s users, picking those who

are most likely to prefer late informational content. Therefore, the main limitation

of our research is that we could not determine whether the effects we observed for

informational content timing mainly came from the counterfactual difference or the

difference in audience. To address this issue, we will be running a follow-up study that

changes another more detectable aspect of the creative ad design – age appeal. We

find no substantial evidence suggesting significant audience distortion due to creative

design change. We will discuss this follow-up experiment in more detail in later

sections.

2.3.3 Data Summary

We consider several different metrics for our main experiment. All the metrics are

aggregated by counts due to Facebook’s de-identification practices. The four primary

metrics that we will be using to calculate outcome measures are impressions, 3s video

plays, through-plays, and link clicks. Impressions refer to the number of times a video

is shown to an audience in the campaign. We use it in the calculation of our outcome

measure. Overall, for the main analysis, there are a total of 377,848 impressions as

shown in Table 2.1. Among them, 74.0% fall under view objective campaigns and

26.0% fall under click objective campaigns. Recall that both view and click objective
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campaigns are allocated the same budget. With the same amount of cost, view

objective campaigns deliver to many more people. Based on the summary statistics,

advertisers might have a false impression that view optimization is a better campaign

objective as it is more cost-efficient in delivering the ad to an audience. However,

our analysis shows that does not necessarily mean that the view objective is a better

choice.

In addition to impressions, we also collected view time-related metrics such as

3-second video plays and through-plays. A three-second play refers to watching at

least the first 3s of the video ad before skipping it. A through-play indicates either

watching through the entire video, if the video ad is less than 15s in duration, or

watching for at least 15 seconds, if the video ad is more than 15s in duration. In our

later analysis and results, we might interchangeably refer to it as either through-play

or 15-second video play. Finally, we collected a link click metric, which counts link

clicks on any ad area that links to destinations or experiences for the ad. In our case,

it refers to the "Learn More" button as shown in the example in Figure 2-2. We

plan to use this metric to explore people’s true interest in different versions of ads

in the main study. The three metrics reflect people’s different levels of engagement

and interest in the video ads. The total counts of the three metrics are presented

in Table 2.1’s "Count" column. The rate metrics, as shown in the last column, are

obtained by dividing the count by the total number of impressions. For example, the

3-sec video play rate is the number of times a video ad has been viewed for more

than three seconds divided by the total impressions. It also serves as a proxy of the

probability of a user viewing a video ad for at least 3s. We observe that the rates

decrease exponentially along the marketing funnel from the 3s video play rate to the

through-play rate and from the through-play rate to the link click rate.

2.3.4 Data Analysis

Facebook only provides advertisers with aggregate data that counts the number of

actions and impressions that ads receive. Advertisers on Facebook do not have access

to individual-level data in order to protect Facebook users’ privacy. To address this,
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in our empirical specification, we used a binomial regression model with a logit link

as our primary empirical specification. The finest aggregation level available is by

campaign 𝑔, day 𝑡, and demographic group 𝑑 – age and gender. For each aggregate

unit, we obtained the count of impressions 𝑟 and the count of positive advertising

actions 𝑠.

In this regression analysis, the actions we study include a 3-sec video play, a (15s)

through-play, and a link click. We use 𝑔 to denote each organization we create videos

based on and use 𝑖 to indicate each aggregate unit. 𝐸𝑖𝑔 is an indicator of whether

an aggregate unit of users 𝑖 under organization campaign 𝑔 is shown a video ad with

early informational content within the first 2s. 𝑉𝑖𝑔 is an indicator of whether a unit

is shown a video with the campaign objective that optimizes for clicks (𝑉𝑖𝑔 = 0)

or video views (𝑉𝑖𝑔 = 1). In this specification, we used video campaigns with late

informational content and optimizing clicks as the reference group, i.e., when both 𝑉𝑖𝑔

and 𝐸𝑖𝑔 are 0. To account for the endogenous difference between each organization

and the nature of their advertising content, we added the organization-specific fixed

effect. Since each organization’s campaigns were run during non-overlapping dates,

the organizational fixed effects also account for the time fixed effect. The likelihood

of having 𝑠 positive engagement actions with 𝑟 impressions for each aggregation unit

𝑖 in organization campaign 𝑔 is modeled as:

𝐹 (𝛽′𝑥𝑖𝑔)
𝑠(1− 𝐹 (𝛽′𝑥𝑖𝑔))

𝑟−𝑠

𝐹 (𝑧) =
exp(𝑧)

1 + exp(𝑧)

where 𝑥𝑖𝑔 = [1, 𝑉𝑖𝑔] in the first set of analyses, in which we mainly look at the

effects of changing campaign objectives, and 𝑥𝑖𝑔 = [1, 𝑉𝑖𝑔, 𝐸𝑖𝑔, 𝑉𝑖𝑔 ×𝐸𝑖𝑔] in the second

set of analyses, in which we go a step further to look at interactions between campaign

objectives and the timing of informational content. We hypothesize that ads under the

view objective have much higher 3s video play rates and lower click rates compared

to ads under the click objective. This hypothesis might seem counter-intuitive at
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first glance because people generally expect more views will lead to more interest

and hence more clicks and conversion. The main reason for such observations is the

different types of audiences under the two campaign objectives. There are possibly

many more true potential customers under the click objective compared to the view

objective campaigns.

2.4 Main Results

We applied the binomial model specification to our data. We obtained the regression

results in Table 2.2, with 3s video plays as the outcome in columns (1) and (2),

through-plays in columns (3) and (4), and link clicks in columns (5) and (6). Columns

(1), (3), and (5) correspond to the regression model with the campaign objective as

the only treatment variable. We observe that the view objective has a significant

positive impact on 3s video plays compared to the click objective in column (1),

whereas it also has significant negative impacts on the through-plays and link clicks

in columns (3) and (5). The main reason for the opposite directions of impact is

more audience distortion under the view objective, and we will discuss this in detail

in Section 2.4.1.

To alleviate audience distortion, one possible strategy is to change the creative

design. Our approach is to vary the informational timing, and we incorporate this

into the model. Columns (2), (4), and (6) correspond to the regression models with

campaign objective, information timing, and their interaction term as treatment vari-

ables. The coefficients in the binomial regressions refer to the odds ratio, and the

effects are not easy to interpret with interaction terms. Therefore, apart from the re-

gression coefficient values, we present the predicted probabilities with 95% confidence

intervals in Figure 2-3 and marginal predicted probabilities in Table 2.3 to illustrate

our results.

Table 2.3 presents the marginal effects of changing the campaign objective from

clicks to the view optimization objective under each information timing condition in

columns (1) and (2), and the marginal effects of changing the timing of informational
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content on predicted probabilities in columns (3) and (4). For example, the value

of 0.025 with 0.008 standard error in the top row, column (3), can be interpreted

as the increase in predicted probabilities when the informational content timing is

changed from early to late under the click objective. In column (3), we observe the

predicted probability of watching a video ad with late informational content for at

least 3 seconds under the click objective is significantly higher than the same video ad

with early informational content, by 0.025, and the through-play probability of late

informational content under the click objective is also significantly higher than that

of the early information setting. Columns (1) and (2) are also consistent with the

observations in Table 2.2, with a significant positive effect on 3s play and a negative

effect on link clicks when changing to the view objective. Late information videos

have a significant negative marginal effect on the through-play probability, whereas

early information videos have an insignificant effect.

We plot the predicted probabilities of each outcome action for all the treatment

conditions in Figure 2-3. The x-axis shows the four treatment conditions. The y-axis

represents the corresponding outcome metrics: A − 3s video play probability, B −

15s video play probability or through-play probability (we use the two terms inter-

changeably), and C − link click probability. As expected, we observe a significant gap

in outcomes between the two campaign objectives. We also observe that late informa-

tion has significantly higher 3s video play and through-play probabilities than early

information under the click objective. Lastly, we find that the "Click Objective +

Late Information" combination produces significantly higher 15-second view-through

predicted probabilities than all the other three treatment conditions in Figure 2-3B,

and the other three have similar predicted probabilities.

2.4.1 Possible Mechanism

The significant difference in click and view-related outcomes, as observed in the main

results, is because changing the campaign objective will change the optimization

objective of the platform’s internal algorithms, resulting in a change in the audience

group that a video ad is delivered to. Algorithms do not understand advertising
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firms’ fundamental business goal of increasing overall sales. Instead, their mission is to

maximize the single action as specified in the campaign setup. When trying to achieve

this single objective, algorithms do not care about or may even compromise the other

objectives that the firm also essentially cares about. The distortion in audience groups

is evident if we compare the three plots in Figure 2-3. The 3s view probability under

the click objective is much lower than that under the view objective, whereas the

pattern is reversed for the link click probability. If the audience distribution is the

same in both the click and view objective campaigns, we should expect the patterns

to remain the same for the 3s view, 15s view, and link click outcomes.

We believe there are two types of ad audiences on Facebook: information seekers

and content consumers. Information seekers want more information about the prod-

uct. They are also much more likely to take lower-funnel actions such as clicks and

purchases. Content consumers mostly watch video ads for entertainment. It is rare

for them to take any lower-funnel actions. Based on our definition, there is a much

higher proportion of true potential customers among information seekers than content

consumers. There are several clarification points. First, our classification refers to

each time an ad was shown to an individual. The same person can be an information

seeker for one ad and a content consumer for another. Moreover, the information

seeker audience proportion will be relatively higher in the click objective condition

than those in the view objective condition, but it does not mean information seekers

necessarily make up the majority of the audience in the click objective condition.

Lastly, information seekers are not necessarily always true potential customers. It is

possible that a person is interested in charitable causes in general. After seeing the

ad by this organization, they decide that they are not interested in this particular

cause. In this case, they are an information seeker but not a potential customer. Sim-

ilarly, content consumers might still become customers but the probability is much

lower. We observe that ads under the view campaign objective tend to have higher

3s view probabilities because they are shown to a much higher proportion of content

consumers than under the click objective. We also observe that ads under the click

objective tend to have much higher click probabilities, similarly because these ads
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are delivered to a relatively higher proportion of information seekers as found by the

optimization algorithms.

In Figure 2-4, we present the age distributions of the campaign audience under

the view objective (A) and the click objective (B), and the age distribution of these

organizations’ Facebook page followers (C), which we believe is a proxy for the true

underlying audience. We observe a high proportion of young people among page fol-

lowers, whereas the proportion of young people under the view objective is extremely

low. Under the click objective, the age groups are more evenly distributed. These

observations make the click objective audience distribution look more similar to the

page follower distribution than the view objective audience distribution.

To get a more quantitative comparison between the three age distributions, we

also calculate the KL divergences between the audience age distributions under the

two campaign objectives and the page followers’ distribution, respectively. KL di-

vergence is formally defined as 𝐷𝐾𝐿(𝑝||𝑞) =
∑︀𝑁

𝑖=1 𝑝(𝑥𝑖) log
(︀𝑝(𝑥𝑖)
𝑞(𝑥𝑖)

)︀
and we use the

Facebook page followers’ age distribution as 𝑝 as we consider it to be a proxy for

the true audience distribution, and we take the click or view campaign audience age

distributions as 𝑞. The KL divergence of the page followers’ distribution and audience

under the click objective is 0.246, whereas the KL divergence of the page followers’

distribution and audience under the view objective is 0.828. Recall that the lower the

KL divergence value, the better we have matched true distribution 𝑝 with approxi-

mate distribution 𝑞. The lower KL divergence value between page followers and the

click campaign audience further confirms that there are more true audiences in click

objective campaigns than view objective campaigns.

An alternative explanation is that, under the click objective, instead of more

information seekers there are just more bad consumers who simply click without

watching the video. However, we would like to argue against this based on two factors.

The first is that the through-play probability under the click objective is significantly

higher than that under the view objective. If there are genuinely many bad consumers

who blindly click without watching then we should expect the opposite pattern for

through-play probability. However, we obtain the average video play duration is 3.95s
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under the click objective and 3.34s under the view objective. This finding further

confirms that the audience under the click objective on average watches video ads

for a duration similar to the audience under the 2s continuous view objective, if not

longer.

Our research also presents an empirical setting for a multitask principal-agent

problem. Firms or advertisers generally have various goals in mind when they ad-

vertise products or services on digital platforms, including high-funnel goals such as

raising awareness through more video views and mid-funnel goals such as raising in-

terest or consideration through more traffic. Meanwhile, the ultimate goal of the

firm’s advertising effort is to increase sales and profits. Therefore, we could view this

as a multitask principal-agent case with the firm or advertiser being the principal and

the advertising platform being the agent. The basic idea of the multitask [29, 19]

is that when multiple tasks are critical for the principal but only one task is easily

measurable and compensated for, naturally the agent will focus their efforts on that

one single task and disregard other tasks that are equally important to the principal

but are provided with no or extremely low incentive. Similarly, in this case, since the

firm is only allowed to specify one optimization objective, the platform will abandon

all efforts toward other objectives, including the firm’s ultimate sales maximization

goal.

Next, we move on to see whether changing the creative design strategy, and specif-

ically the timing of the informational content, might help alleviate the audience dis-

tortion or provide any insights. Comparing the timing of the informational content,

we observe that late informational content has a significantly higher 3s view rate

than early informational content when the campaign objective is to optimize for link

clicks in Figure 2-3A. The gap is because information seekers care more about the

key information and are more patient in waiting for key messages. This does not nec-

essarily mean that information seekers prefer to watch videos with late informational

content, as the link click probabilities are very close in the two treatment conditions.

Another interesting observation is that the late information content videos also have

a significantly higher 15s view rate than early information content videos under the
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click objective. This observation further confirms that information seekers tend to be

more patient with key ad messages.

2.5 Follow-up Experiments: Age Appeal as an Ad-

ditional Treatment Variation

Based on the heterogeneous analysis in the next section, we find that one way for al-

gorithms to achieve campaign objective optimization is to deliver ads to older people.

We explore whether tailoring content to a younger population might alleviate this

particular optimization bias in the follow-up experiment. We employed the 2× 2× 2

experimental design on four organizations. For each organization, we ran the cam-

paign with eight treatment conditions. We kept the original 2×2 treatment variation

in our design, and the additional treatment variable was whether the video creative

included more scenes of younger vs. older people. The key idea was to compare

the audience age distribution between the video that included more scenes of young

people and the video that included more scenes of older people under the same cam-

paign objective and timing of product information. We hypothesize that, in general,

the appearance of older people appeals to an older population and the appearance of

younger people appeals to a younger population.

Moreover, we understand that the creative strategy variation might also poten-

tially cause audience distribution differences due to the platform’s algorithmic opti-

mization. Specifically, the platform may deliver the early info version to people who

favor early informational content, and the late info version to people who favor late

information. Therefore, in our follow-up study, we conducted another set of experi-

ments in which we changed another creative design aspect – age appeal – which could

cause a more measurable difference in audience distribution. By measuring how much

distortion was created in this measurable aspect, we could get a sense of whether the

informational content timing treatment posed a significant risk to our identification.

Figure 2-5 shows the audience age distributions between video creative designs
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with older people and younger people. The four plots correspond to four different

treatment conditions. In Table 2.4, we conducted a 𝜒2 test to learn whether the

demographic distribution was independent of the variation in age appeal creative

design. Based on Figure 2-5 and Table 2.4, we observe that there is generally not

much difference between age distributions for different age appeal creative designs,

except for the treatment with the view objective and early informational content

which has a significant 𝜒2 value. However, even for the view objective and early info

treatment, we only observe a slight difference with younger creative design delivered

to slightly older people.

We would like to investigate whether tailoring content to a younger vs. older

population might change the overall audience distribution by assessing whether the

age distribution becomes younger when tailoring content to young people. However,

based on the current results in Figure 2-5 and Table 2.4, we do not observe any such

pattern suggesting a large and consistent shift in audience demographic distribution.

Moreover, we also intend to evaluate how large the optimization bias is with variation

in creative design. Based on our results, it seems the bias stemming just from creative

design change is far smaller, if not nonexistent, than from campaign objective change.

2.6 Robustness Checks

There are several potential doubts about our research in terms of its generalizability,

which we would like to address in the robustness checks.

2.6.1 Additional Advertising Outcomes

Apart from the main outcome metrics we have highlighted – i.e., 3s plays, through-

plays, and link clicks – we further explored how the predicted probabilities of other

view-related metrics differ for the four treatment conditions in Figure 2-6. The figure

presents five additional outcomes: 25%, 50%, 75%, 95% and 100% video plays. The

x-axis shows the predicted probabilities of the five video play duration outcomes,

and the four different colors show the predicted probabilities of the four treatment
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conditions. The pattern of 25% video plays closely follows what we observe for 3s

video plays. The large gap between the two campaign objectives for 3s video plays

and 25% video plays decreases immediately when it comes to 50% or longer-duration

video plays. The pattern of 75% video plays also resembles what we observe for

through-plays, and it persists for 95% and 100% video plays.

2.6.2 Accounting for Time Variation

All the campaigns took place on different and non-overlapping dates, ranging from

March to November 2020. Each campaign lasted for three days, starting at 12 am

Pacific Time and ending at 11.59 pm on the third day. We added organization-

specific fixed effects in all of our models to account for the variation in results due to

different times of year. For a robustness check, we also added two additional time-

related fixed effects: the seven days of the week and dates. Table 2.6 presents the

binomial regression coefficients on link clicks and 3-second video plays. The difference

in regression coefficients is negligibly small when adding the additional time fixed

effects, and hence our results are robust to variation in campaign timings.

2.6.3 Adding the View-through Campaign Objective

Another concern is that the bias brought by the 2-second continuous view campaign

objective is an extreme case. People may intuitively think maybe a 2s view is too

short, and if we optimize for through-plays instead, more information seekers will

be targeted even under the view objective. We therefore include an additional cam-

paign objective − 15s view-through to form a 3 × 2 experimental design for three

organizations.

As shown in Figure 2-7, although the view-through campaign objective achieves

the highest 3s video plays and 15-second video plays, the click rate is not significantly

different from the 2s continuous view objective. This observation suggests that view-

through objective campaigns are most likely to target a different kind of content

consumer who watches videos for a longer duration.
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2.7 Audience & Campaign Characteristics Driving

the Differences

Although Facebook does not provide individual-level data for user privacy reasons, we

could still obtain grouped data characterized by demographics, organizational type,

and time breakdowns. In this subsection, we investigate how the observed audience

and campaign characteristics could drive ad performance differences. Specifically, we

explore what types of organizations naturally attract more content consumers, which

age groups are more patient, and how advertising results vary with time of day and

campaign duration.

2.7.1 Organization Type

This subsection further elaborates on higher audience distortion in 3s view rates

across view objective campaigns. Although there is no significant difference in the 3s

play probability between early information videos and late information videos under

the view objective, the effect difference could be more prominent when we classify

organization types into local appeal vs. national appeal.

The organizations with local appeal mainly focus on people in limited local areas

in the US. The true audience is generally confined to one state, most likely just a

few counties. These organizations provide education, food, grocery, medical, or com-

munity services to local areas. For example, Daily Table is a nonprofit organization

that provides affordable groceries to those in need near the Boston area in Mas-

sachusetts. We requested the audience distributions from each local organization’s

Facebook page, and six out of eight organizations provided us with the audience lo-

cation distributions. 40% of followers of all these local organizations were located

within the same state in which the organization provided services, among Facebook

users who had revealed their city location. The organizations with national appeal fell

under two subtypes. The first subtype refers to the nonprofit organizations that work

on international causes. Action for Cheetahs in Kenya is a Kenya-based nonprofit or-
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ganization whose mission is to protect cheetahs in Kenya. Another subtype refers to

national nonprofit organizations that are active in multiple varying locations within

the US. For example, Consult Your Community helps to provide consulting services

to small businesses across the entire US, not limited to any single region. Based on

the characteristics of organizations’ audience appeal, we expect organizations with a

national appeal to have more interested audiences as their missions can be relevant

to a broader audience base.

Figure 2-8 presents the predicted probabilities of each outcome action for both

types of organizations under the four treatment conditions. Each plot corresponds to

an outcome action. The comparison between the two campaign objectives is evident

based on the plots, and they are consistent with what we observe for the main effects.

Moreover, under the view objective, the 3s video play and through-play probabili-

ties for local organizations are far higher than those for organizations with national

appeal. When comparing the early vs. late information timings, we also calculate

the marginal effects of changing from early to late information timing given the same

campaign objective in Table 2.5 to get a more accurate comparison. One interest-

ing observation in Figure 2-8 and Table 2.5 is that, under the view objective, the 3s

video play probability for early information video ads is now significantly higher than

late information video ads for local organizations but significantly lower for national

organizations. Such an observation is consistent with our expectation that there is a

comparatively higher proportion of information seekers for ads with national appeal,

under the view objective. It is supported by the observation that national appeal

organizations have much lower view rates but similar click rates. Moreover, the fact

that the late information has a higher 3s video play probability for national organi-

zations further confirms our hypothesis, as it is consistent with the "more patient in

waiting for the key message" characteristic we described for information seekers in

our proposed mechanism.
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2.7.2 Age

We are interested in exploring how the effects might differ across age groups. The age

groups are defined based on the groupings that Facebook provides: 18− 24, 25− 34,

35 − 44, 45 − 54, 55 − 64 and 65+. Figure 2-9ABC presents the probabilities of 3s

plays, through-plays, and link clicks, respectively. Each age group is represented by

a different color, and 95% confidence intervals are also included.

Figure 2-9 shows the predicted probabilities of the four treatment conditions for

each age group. Each plot corresponds to one outcome measure. In Figure 2-9AC, we

observe that people under age 45 generally have a significantly lower probability of a

3s view or link click compared to people over 55 years old under the click objective.

Across all three outcomes, the common pattern of click objective campaigns regardless

of information timing is that, as people age, there is an increasingly higher probability

of outcome actions. However, when we look at the view objective results, we observe

no consistent or significant pattern between different age groups, confirming that the

audiences under the two different campaign objectives are different.

2.7.3 Viewing Time

Figure 2-10 presents the hourly change in terms of click rates and 3s view rates. Figure

2-10AB shows the aggregated data of all organizations. The vertical blue separators

in these two plots indicate the end of a day with the cutoff at midnight.

In Figure 2-10AB, the click objective campaigns deliver ads at a more reasonable

time. If we look at the confidence bands across time, click objective videos have more

variations in the confidence interval width than view objective videos. Specifically,

click objective videos have wider confidence intervals during late night and early

morning and narrower intervals during the daytime, suggesting that the click objective

campaign is more selective of the audience by changing its frequency of delivery based

on time. In contrast, the confidence bands of the view objective treatment conditions

do not vary a lot. The 3-second view rates of both the view objective and click

objective videos in Figure 2-10A are converging as click objective videos improve their
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3-second video play rates over time. This observation implies that the optimization

algorithm probably self-improves during the campaign, especially for click objective

campaigns.

Almost all the campaigns ran for three consecutive days except for one campaign,

which we ran for ten days because we wanted to know how the pattern might change

when the campaign lasted for a longer duration. The variations across the 10-day

period for this particular organization are shown in Figure 2-10CD. The vertical black

line indicates the end of the first three days. Based on Figure 2-10C, it seems the

algorithms keep adjusting. The 3s view rate gradually converges to a similar level for

all four conditions.

Figure 2-11 compares the aggregated 3s view and click probabilities in the first

three days and the remaining seven days for this particular organization. There

is a significant increase in 3s views under the click objective, and the increase is

particularly drastic for early information videos. The results further confirm the

observations in Figure 2-10CD that the ad delivery algorithms self-adjust over time,

and hence the pattern might change. In general, ad delivery is better at optimizing for

campaign objectives as campaigns last for a longer time. This observation is expected

as algorithms now have more accurate training data. However, since this is only one

organization, the results might not be conclusive or generalizable enough.

2.8 Conclusion

Through a field experiment conducted as multiple sets of Facebook ad campaigns,

we find that algorithms are incredibly apt at achieving pre-defined targeting objec-

tives. However, to achieve this objective, the algorithm might deliver the ads to

essentially different audiences in a way that the advertiser does not anticipate. With

higher-funnel objectives such as view optimization, more content consumers will be

targeted. In contrast, lower-funnel objectives such as click optimization target more

information seekers and these campaigns tend to be more expensive. The audiences

under the two types of campaign objectives are different, based on the contrasting
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view and click behavior that the audience under the view vs. click campaigns exert.

Moreover, we find that changing video creative design strategies, in particular the

timing of informational content from early to late, might improve views under a traf-

fic optimization campaign objective while maintaining clicks. Given the algorithmic

tradeoff in audience selection, a comparatively better approach to achieve both clicks

and views is to choose the click objective but present product information at a later

time.

The main managerial insights lie in the campaign publishing strategies for firms

that want to reach their true potential customers. Advertisers might prefer a high-

funnel campaign objective such as view optimization because it is usually cheaper and

can achieve much higher impressions and view rates than other objectives. Moreover,

advertisers might also associate a high view rate with a higher conversion rate. How-

ever, they might not be aware of the highly different audience groups that the ad could

reach under different campaign objectives. The most direct solution to this problem

is to specify a low-funnel objective, which helps the ad to reach a larger group of

information seekers, including more potential customers. In addition, the multitask

principal-agent problem arises when the firm sometimes still wants to have decent

impressions and video views for other marketing purposes, or when the low-funnel

metrics are difficult to track and measure. One possible solution is that platforms

could offer firms options to specify multiple objectives. Another possible solution is

to offer a voluntary bonus payment structure instead of a simple piece-rate contract.

Research has provided empirical evidence that this might work when concerns about

fairness and reciprocity come into play [23]. The two solutions provide platforms with

either explicit or implicit incentives to implement better multitask learning algorithms

to account for multiple outcomes [11, 57, 74].

In terms of creative video design, many advertisers worry that a large proportion

of the audience might not even know what the video is advertising if the key ad

message does not appear at the start of the video, and the skip rate will be high at

the start. Consequently, advertisers are paying for no gain. We hope to alleviate

such concerns as there is no significant difference between early or later informational
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content for lower-funnel metrics. We even find that later informational content could

slightly boost initial views for traffic campaigns, although there is not much effect on

clicks.

There are limitations to our research. First, we focus on a single platform –

Facebook – and other platforms may have different advertiser objectives limiting the

generalizability of our results. Second, our experiment was conducted with small

organizations, so it may not generalize to larger brands. Third, as we do not have

Facebook’s exact algorithm, our explanations are inferential rather than based on

being able to explore the actual code of the algorithm. Notwithstanding these limi-

tations, however, we believe this chapter is a useful first step in trying to understand

some of the consequences of algorithm-driven advertising impressions.
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2.9 Appendix

2.9.1 Figures

Figure 2-1: Screenshot of Facebook Experiment Platform Setup
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Figure 2-2: Screenshot of Published Facebook Ad
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Figure 2-3: Predicted Probabilities with 95% C.I. in Different Treatment Conditions
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Figure 2-4: Age Distribution of Campaign Audience and Page Followers
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Figure 2-5: Comparison in Audience Age Distribution Between Younger vs. Older
Content Tailoring
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Figure 2-6: Predicted Probabilities of % Video Plays with 95% C.I. in Different
Treatment Conditions
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Figure 2-7: Predicted Probabilities with 95% C.I. in Different Treatment Conditions
with View-through Optimization as an Additional Campaign Objective Treatment
Condition
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Figure 2-8: Predicted Probabilities with 95% C.I. in Different Treatment Conditions
by Local vs. National Audience Appeal
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Figure 2-9: Predicted Probabilities with 95% C.I. in Different Treatment Conditions
by Age
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Figure 2-10: Hourly 3s View and Click Rates for Three Days (A & B) and Ten Days
(C & D)
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Figure 2-11: Predicted Probability Comparison Between First Three Days and Re-
maining Seven Days
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2.9.2 Tables

Table 2.1: Summary Statistics of Outcome Metrics:

Metrics Count Percent/Rate
Impression 377,848 -
Impression (View Obj) 279,521 74.0%
Impression (Click Obj) 98,327 26.0%
3s Video Play 131,878 0.349
Through-Play 12,058 0.032
Link Click 2,014 0.005

Note: In the last column – Percent/Rate, the statistics for impressions under either
view or click objective are in percentage, and the statistics for the other outcomes are
in rate. Both percent and rate metrics are obtained by dividing the positive action
count by the total impressions.
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Table 2.2: Table of Main Binomial Regression Results

Dependent variable:

3s Video Plays Thru-Plays Link Clicks

(1) (2) (3) (4) (5) (6)

View Obj. 1.519*** 1.651*** −0.131*** −0.012 −3.411*** −3.429***

(0.011) (0.016) (0.024) (0.035) (0.075) (0.108)
Late Info 0.203*** 0.222*** 0.012

(0.020) (0.041) (0.049)
Late Info× −0.262*** −0.229*** 0.037

View Obj. (0.022) (0.047) (0.150)
(Intercept) −1.776*** −1.879*** −3.504*** −3.619*** −4.034*** −4.039***

(0.177) (0.178) (0.104) (0.106) (0.131) (0.133)

Observations 3,982 3,982 3,982 3,982 3,982 3,982
Log Likelihood −20,429 −20,354 −5,971 −5,956 −2,386 −2,386

Note: In columns (1) and (2), dependent variable is the 3s video play. In columns (3)
and (4), dependent variable is the through-play or 15s video play. In columns (5) and (6),
dependent variable is the link clicks. The model incorporates organization-specific fixed
effects. Standard errors are in parentheses. *𝑝 <0.05; **𝑝 <0.01; ***𝑝 <0.001.
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Table 2.3: Marginal Effects of Changing One Treatment Variable While Keeping the
Other Treatment Variable Constant

Objectives from Click to View Info Timing from Early to Late
Early Info Late Info Click Obj View Obj

(1) (2) (3) (4)
3-Second Plays 0.311*** 0.271*** 0.025** −0.014

(0.009) (0.009) (0.008) (0.009)
Through-Plays −0.0003 −0.0068*** 0.0063*** −0.0002

(0.0013) (0.0014) (0.0018) (0.0008)
Link Clicks −0.0167*** −0.0169*** 0.0002 0.0000

(0.0007) (0.0007) (0.0010) (0.0001)

Note: The dependent variable of columns (1) and (2) is the difference in predicted
probabilities of each outcome action when campaign objective changes from link click
optimization to 2s view optimization, given either early or late informational content
creative design. The dependent variable of columns (3) and (4) is the difference
in predicted probabilities of each outcome action when ad creative changes from
early informational content to late informational content, given a specified campaign
objective. Standard errors are in parentheses. *𝑝 <0.05; **𝑝 <0.01; ***𝑝 <0.001.
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Table 2.4: Chi-square Test Results of Demographic Age and Gender Distributions
Between Older vs. Younger Appeal for Each Treatment Group

Timing of informational content
Campaign Objective Early Info Late Info
Link Click 18.3 16.9
Video View 32.2*** 18.5
Note: *𝑝 <0.05; **𝑝 <0.01; ***𝑝 <0.001

Note: Statistics in the table are Chi-square values with 11 dof between the cre-
atives with differing age appeals, given campaign objective and information timing.
*𝑝 <0.05; **𝑝 <0.01; ***𝑝 <0.001.
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Table 2.5: Table of Marginal Effects When Changing from Early Informational Con-
tent to Late by Organization’s Audience Appeal

Local Appeal National Appeal
Click Obj View Obj Click Obj View Obj

(1) (2) (3) (4)
3-Second Plays 0.0222 −0.0670*** 0.0233** 0.0174**

(0.0120) (0.0178) (0.0078) (0.0060)
Through-Plays 0.0054* −0.0016 0.0066** 0.0009

(0.0025) (0.0015) (0.0023) (0.0008)
Link Clicks 0.0013 0.0000 −0.0005 0.0000

(0.0015) (0.0001) (0.0013) (0.0001)

Note: Dependent variable, marginal effects, is the difference in predicted probabilities
of each advertising outcome action when we change the informational content timing
from early to late. Marginal effects in columns (1) and (2) refer to organizations with
local appeal, and columns (3) and (4) refer to organizations with national appeal.
Standard errors are in parentheses. *𝑝 <0.05; **𝑝 <0.01; ***𝑝 <0.001.
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Table 2.6: Binomial Regression Coefficients of 3-second Video Plays and Link Clicks

Dependent variable:

3-Second Video Plays Link Clicks

(1) (2) (3) (4) (5) (6)

Late Info 0.206*** 0.207*** 0.209*** 0.012 0.015 0.019
(0.020) (0.020) (0.020) (0.049) (0.049) (0.050)

View Obj. 1.651*** 1.656*** 1.673*** −3.429*** −3.430*** −3.443***

(0.016) (0.016) (0.016) (0.108) (0.108) (0.107)
Late Info× −0.264*** −0.263*** −0.265*** 0.037 0.033 0.030

View Obj. (0.022) (0.022) (0.022) (0.150) (0.150) (0.150)
(Intercept) −1.878*** −1.898*** −1.894*** −4.039*** −4.047*** −4.028***

(0.178) (0.185) (0.108) (0.133) (0.138) (0.084)
Campaign FE ✓ ✓ ✓ ✓
Weekday FE ✓ ✓
Date FE ✓ ✓

Observations 6,072 6,072 6,072 6,072 6,072 6,072
Log Likelihood −24,766 −24,455 −23,606 −3,264 −3,263 −3,277

Note: In column (1)-(3), dependent variable is the 3s video plays. In column (4)-(6),
dependent variable is the link clicks. Standard errors are in parentheses. *𝑝 <0.05; **𝑝 <0.01;
***𝑝 <0.001.
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Chapter 3

How Does the Severity of the

COVID-19 Pandemic Affect Digital

Advertising?

3.1 Introduction

At the beginning of 2020, the world was hit by the COVID-19 outbreak, which sub-

sequently resulted in a global pandemic. Due to its highly infectious nature and

relatively high fatality rate, people had to practice shelter-in-place and other preven-

tive health measures to reduce the risk of becoming infected. When more people got

infected with the COVID-19 virus at the same time, the number of hospitalizations

and deaths also went up correspondingly, which took up more medical resources. The

lack of healthcare resources further increased the death toll due to a lack of medical

care, and hence the pandemic situation became worse. People’s self-isolation practice

also varied as the severity of the pandemic changed. The more severe the pandemic

seemed, the more cautious people were about going out. The constant variation

in the COVID pandemic’s severity certainly disrupted people’s everyday lives and

changed their behavior and emotions. Given the widespread nature of and difficulty

in eradicating the COVID-19 virus, it is imperative to understand whether and how
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many people have been affected from different perspectives, so that we can be bet-

ter prepared when facing future waves of the mutating virus. Our research would

like to study people’s behavioral change through the lens of consumer behavior, and

particularly their responses to digital ads.

The main research question that we study is whether and how the variation in per-

ceived COVID-19 pandemic severity impacts people’s response to digital advertising.

We gathered observation data from a collaborating digital ad creative and analytics

firm. We managed to obtain the firm’s Pinterest ad data for three years, from 2019

to 2021, within the US. Section 3.3 describes the Pinterest ad performance data and

creative element data, as well as the COVID data that reflect or associate with the

severity of the pandemic, with time and location variations. The pandemic officially

hit in March 2020, so we use the 2019 data as a baseline. We employ difference-in-

differences and fixed-effects models, and we take 2s views, conversions defined by us,

and conversions defined by the firm as the outcome variables.

In Section 3.5, we find that the increase in the stay-at-home percentage, which

serves as a proxy for pandemic severity, caused an increase in conversions. The

impact of increasing severity was especially prominent in the initial outbreak of the

pandemic. The effect is expected, given that people had more restrictions on going

out and thus tended to replace offline shopping with online. Meanwhile, we have

identified two other variables with significant moderating effects – vaccination rate

and the presence of people in the ad creative. We find that the vaccination rate has

a negative moderating effect on views and conversions, and the presence of people in

ads has a positive effect on views. The significance of the moderating effects implies

that this is not just a simple replacement effect. In particular, the moderating effect of

the presence of people implies that the ad audience prefers ads with people in the ad

creative – very likely associated with loneliness due to self-isolation. Lastly, we explore

the heterogeneous effects in Section 3.6. The ads of retail industries experienced an

increase in conversions as the pandemic became more severe. Moreover, the travel

industry took a hit in its advertising performance as the pandemic worsened.

Overall, we hope our research helps firms make better strategic marketing decisions
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in a time of crisis when people are experiencing physical and psychological disruptions.

Not only does the strategy apply to when and how much to advertise, but also how

to make ads more appealing during such unsettling times by incorporating certain

creative elements.

3.2 Literature Review

Our research contributes to three streams of academic literature. The first research

stream concerns the impact of COVID-19 on people’s mental status and perception

of the pandemic’s severity. Psychologically, people experienced a huge shock dur-

ing the COVID-19 pandemic – a multitude of negative emotions has been found to

be associated with the pandemic [10]. Research has identified the feeling of disgust

towards others with disease symptoms [25]. Fear of getting infected also played an

influential role in affecting consumer shopping behavior during the COVID-19 pan-

demic [22, 25]. Depression, anxiety, and stress, mainly arising from the lockdown

and social distancing, are undoubtedly significant factors impacting people’s daily

life [64, 54, 50]. Research has also shown that actual severity does not necessarily

align well with perceived severity [33]. In fact, they are only moderately associated,

and perceived severity tends to predict COVID-related distress and behavior better

[58]. The literature provides a solid foundation for constructing our models. Specifi-

cally, we decided to use the perceived severity of the pandemic rather than the actual

severity as the independent variable. It also motivated us to explore the psycho-

logical factors of the pandemic more deeply by inspecting the moderating effects of

vaccination and ad creatives.

Second, our research also addresses the impact of the COVID pandemic on con-

sumer behavior. Unusual purchases and self-isolation were two types of behavioral

responses during the COVID-19 pandemic, with a strong link identified between the

two. Both are driven by the perceived severity of the pandemic [38]. For exam-

ple, negative information about COVID-related deaths increased perceived risk and

hence stockpiling [26]. The temporary budget contraction due to the outbreak of
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the pandemic would result in people re-evaluating their preferences and purchasing

fewer products, even after the budget was restored [55]. Sometimes even the oppo-

site behavior has been identified in the literature. Research shows that the pandemic

made people relatively prefer more atypical products because they implicitly associate

common products with many people [31]. Externally, the closure of stores during the

pandemic disrupted people’s original purchasing habits, potentially leading to more

option exploration and hence unusual purchases [68]. On the other hand, research

also shows that people choose familiar products to reduce uncertainty [25]. It is also

found that consumers might prefer natural products with lay theories that natural

products are safer [59]. Our research contributes to this research stream by empiri-

cally exploring the impact on conversions and how that impact differs across different

categories of products using empirical data.

Lastly, our research aligns well with the impact of the pandemic on digital mar-

keting. We find a few research studies that focus on this topic. An exploratory study

presented survey evidence showing consumers have increased their use of social me-

dia as a way to identify products, evaluate them and make purchases [42]. Under the

threat of the pandemic, consumers tended to favor products with authentic advertis-

ing messages due to the intention to reduce uncertainty [48, 34]. The informational

value of ads has a positive effect on online engagement among utilitarian and hedonic

products [13]. Temporal framing in advertising messages could also sway people’s

behavior [36]. Most current research focuses on advertising content and employs ei-

ther lab experiments or survey methods. We would like to fill the gap by providing

large-scale empirical evidence on the relative long-term impact of the pandemic on

digital advertising. Moreover, we further explore the impact of ad creatives during

the pandemic crisis.

3.3 Data Description

This section presents all the relevant data for our models and analysis. The first

subsection introduces the Pinterest ad data, including the ad campaign data, the ad
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creative element data, and ad performance data that we use as the dependent variables

in our causal model. We explore some key ad campaign statistics, with industry

and campaign objective breakdowns. The second subsection describes the mobility

data, which we use as the primary treatment variable in our causal model. The

last subsection describes the COVID-related data that correlate with the treatment

variable.

3.3.1 Pinterest Ad Data

We use Pinterest ad performance data ranging from January 2019 to December 2021,

collected from our collaborating advertising firm. During the three years, there were

a total of 1,656 unique campaigns and 8,684 unique media assets within the US. The

ads include both image and video, with around 70% of the ad creatives being images.

Figure 3-1 shows the distribution of campaign industries and campaign objectives.

In the upper figure, the top three industry categories are consumer packaged goods,

retail, and automotive. In the bottom figure, the most popular campaign objectives

include awareness, traffic, web conversion, and consideration. Note that the Pinterest

ad performance data we collected is confined to the campaigns in the collaborating

firm’s database. It does not represent the distribution of all ad industries or campaign

objectives on the platform.

In Table 3.1, we summarize some important campaign-related variables. The im-

pressions refer to the number of times the ad has been shown to Pinterest users. The

spend refers to the total expenditure for each ad campaign in US dollars. The mean is

much larger than the median in both cases, indicating that both ad impressions and

expenditure data are right-skewed. In terms of the outcome variables, we mainly look

at three different types of ad performance metrics for our analysis. 2-second views

are defined by the number of times the video ad or re-pins of the video ad played

continuously for 2 seconds while at least 50% in view. The 2s view rate in Table 3.1

is obtained by dividing 2s views by impressions for each campaign. Again, we observe

that the data is very right-skewed. Conversion refers to lower-funnel conversion ac-

tions, including add-to-carts, checkouts, and sign-ups. Similarly, the conversion rate
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for each campaign in the fourth row is obtained by dividing conversions by impres-

sions. The second conversion metric in the last row of the table, conversion (FD),

refers to the firm-defined conversion metric. The ad’s corresponding firm defines the

conversion action while setting up the advertising campaign. Admittedly, one limi-

tation of the metric is that the specific conversion action is unknown to us, and that

might add some uncertainty and inconsistency to this metric. However, we included

this firm-defined conversion metric because it is relatively more evenly represented in

all types of ad campaigns, as we will explain in the next section.

Table 3.2 shows a summary of the ad performance metrics with industry break-

downs. The industries are in order of their proportions among all campaigns, from

the highest to the lowest. Columns (1), (3), and (5) refer to the median values of

the three metric rates, and columns (2), (4), and (6) refer to the maximum values.

We skip the minimum values because they are primarily zeros. Looking at the me-

dian values, we observe that the firm-defined conversion rate in column (5) only has

three industries with a value of 0 as the median rate. It is lower than the conversion

rate, with five industries with a median value of 0, and the 2s view rate, with seven

industries with a median value of 0. Moreover, comparing the maximum rate, the

firm-defined conversion rate only has two industries with a 0 value, and these two

industries hold the most negligible proportions among all campaigns. In contrast,

the conversion rate has four industries with 0 as the maximum campaign conversion

rate. Our observation indicates that the conversion rate is more confined to specific

industries.

Similar observations can be found in Table 3.3, a similar summary of ad perfor-

mance metric rates with campaign objective breakdowns. The campaign objectives

are also in order of descending proportions. Again, we observe that the firm-defined

conversion rate median and maximum for all the campaign objectives are non-zero,

whereas there is at least one zero value for both the 2s view and conversion rate

summaries, especially for the median rate values. The metric summary with different

breakdowns in the two tables shows that the firm-defined conversion rate is less sub-

ject to changes in industry or campaign objective setup. Due to its relative stability,
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we decided to include it in our assessment, in addition to the most direct 2s view and

conversion metrics.

We also explore our data spatially and temporally. Figure 3-3 shows the impression

distribution by US state. We observe, in general, that the impression distribution

is consistent with the state population distribution. For example, the four most

populous states in the US are California, Texas, Florida, and New York, based on

US Census Bureau data. We observe that these four states also have the four most

considerable shares of ad impressions. Figure 3-2 shows the time-series pattern of the

total ad expenditure, total ad impressions, and cost per impression for the three years

from 2019 to 2021. There are certainly ups and downs for all three. A typical pattern

is that the total ad expenditure increases at the end of each year, probably due to

the winter holiday promotion season. Another general pattern is that the higher the

ad expenditure, the higher the number of impressions. The exception is that after

mid-2020, the cost per impression started to rise dramatically, possibly resulting from

increasing competition from more ads bidding with each other.

We collected the data from ad creative summaries. Specifically, we mainly look

at whether there is any speech, person, or text detected in the ad creative. Table

3.4 summarizes the proportion of the ad creatives that have each creative element

detected for each industry, and industries are again ranked from the highest share

to the lowest. We observe that, in general, the distribution of the presence of per-

son and text is reasonably consistent across all industries. Except for the tech and

entertainment industries, which have smaller sample sizes, the presence of people in

ad creative ranges between 0.1 and 0.35, and the presence of text goes above 0.84.

However, multiple industries are below 0.1 for speech, and a few are above 0.2.
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3.3.2 Spectus Mobility Data

The aggregated stay-at-home data was provided by Spectus1 through its Spectus

Social Impact program Shelter-in-Place Analysis. The Shelter-in-Place Analysis rep-

resents the percentage of users staying at home in any given county and is further

aggregated to the state level for this analysis. It is calculated daily by measuring

how many users moved less than 330 feet from home. Figure 3-11 gives a compre-

hensive overview of all the stay-at-home percentage time-series patterns for all states.

However, except for Washington DC, which is visibly higher than the rest of the

country during the pandemic, all the other states’ patterns overlay, so it is difficult

to tell them apart. Figure 3-4 gives a closer look at three example states: New York

(NY), California (CA), and Texas (TX). These are three very large states in the

US. They are similar in that they all have very populous metro cities. We could

observe that the stay-at-home trend for the three states before COVID was fairly

consistent. In particular, the patterns of CA and TX almost overlap with each other

before COVID occurred. Right after COVID started, we observe a much larger stay-

at-home percentage difference. For example, between June 2020 and August 2020,

the stay-at-home percentage kept decreasing in NY, experienced an inverse U-turn

in TX, and remained relatively flat in CA. The percentages for both NY and CA are

much higher than TX. Another example is that there was a spike in stay-at-home

behavior in NY at the beginning of February 2021. We observe another much larger

spike in TX, but two weeks later than in NY, and no spike in CA. Overall, we want to

highlight that there have been much more variations in stay-at-home patterns across

different states since COVID began.

1Spectus data was collected from de-identified mobile phone users who had opted-in to provide
access to their mobility data anonymously, through a CCPA-compliant framework. Prior to sharing
data with researchers, Spectus aggregated data to the county level. In order to further preserve
privacy, Spectus discarded data from counties with low user counts. Researchers accessed the data
under a strict agreement, which precludes attempts to disaggregate the data.
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3.3.3 COVID Data

We collected the COVID-related data within the US over time. The main COVID

variables that we have explored include the weekly new case rate, the weekly COVID-

related death rate, and the cumulative number of fully vaccinated people per hundred

members of the population. We found all three variables are correlated with the stay-

at-home data and with each other.

We observe the correlation between the new case rate and the COVID-related

death rate in the top and middle plots of Figure 3-5. There was a spike in both the

new case rate and death rate in NY in April 2020. Meanwhile, we also observe that

the stay-at-home spike at the start of the pandemic was the highest for NY among

the three example states. TX has three peaks for both the new case rate and death

rate around July 2020, January 2021, and August 2021, and the death rate peaks

consistently lag behind the new case rate by a few weeks. All three states experienced

a peak around January 2021 for new case and death rates, and correspondingly the

stay-at-home percentage during that period also increased. Finally, in the bottom

plot of Figure 3-5, we observe that the vaccination rate started to rise in March 2021

and achieved a relatively high level in June 2021. Correspondingly, we observe the

stay-at-home percentage values dropping from March 2021.

3.4 Methodology

We first estimated the causal effects of the change in perceived pandemic severity

on advertising effectiveness, measured by ad views and conversions. We use people’s

mobility data, and specifically the stay-at-home percentage, as a proxy for the treat-

ment variable – pandemic severity. The immediate concern is how much we can trust

the stay-at-home variable to serve as a proxy for COVID severity. Pandemic severity

is undoubtedly related to the fatality rate, the number of new cases, and vaccina-

tion. The fatality rate indicates the lives lost; the number of new cases indicates

the potential future lives lost and how wide and fast the spread of the virus is. The

cumulative vaccination rate indicates the level of enhanced immunization against the
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virus or severe symptoms, and that could reduce both new cases and fatalities. All

three variables are critical in defining people’s perception of the pandemic’s severity.

The previous data section finds that the three variables all correlate with the stay-

at-home percentage to a certain extent. We run a simple fixed-effects linear regression

with these three COVID-related statistics as the independent variables and the state

and week fixed effects. We use the stay-at-home percentage as the dependent variable

and limit the data timeframe from mid-March 2020 to the end of 2021. The model

assesses how correlated the COVID data are with the chosen proxy (stay-at-home

data). The results are shown in Table 3.5. As expected, all three variables have

highly significant coefficients. The 𝑅2 value goes as high as 0.97. This result confirms

that the COVID-related information, including the death rate, the new case rate, and

the vaccination rate alone, plus the location and time fixed effects, already have an

extremely high predictive power of people’s stay-at-home behavioral tendency. The

high goodness-of-fit reassures us about using the stay-at-home percentage as a proxy

for perceived pandemic severity.

Our primary method employs difference-in-differences with a fixed-effects regres-

sion. Figure 3-14 illustrates an example of the aggregated 2s view outcomes over

time. Before COVID-19 started, the metrics of the two example states – CA and NY

– overlapped. After COVID, especially after the initial outbreak, we observe there

are more variations between the two states. The regression includes time fixed effects

by month of the year 𝜃𝑡, location fixed effects by state 𝜂𝑠, and the interaction of a

dummy for the start of the COVID pandemic 𝑃𝑡, indicating the start of the treatment

period, with a variable that measures the treatment intensity 𝐷𝑠𝑡: COVID severity.

Specifically, COVID severity is represented by the percentage of people who stay at

home the entire day in a given region. This variable is one of the possible proxies

we have chosen. The follow-up studies also explore using the COVID death rate and

other mobility data as proxies for actual COVID severity. The outcome 𝑌𝑖𝑠𝑡 is a bi-

nary variable indicating either the ad view action or the conversion action following

an impression. For example, if we consider ad conversion as the outcome variable, we

use 1 to indicate conversion success for one case and 0 for no conversion for this case.
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Below is the model specification:

𝑌𝑖𝑠𝑡 = 𝛼𝑖 + 𝜃𝑡 + 𝜂𝑠 + 𝛿(𝑃𝑡 ×𝐷𝑠𝑡) +𝑋𝑖𝑠𝑡𝛽 + 𝜖𝑖𝑠𝑡 (3.1)

On top of the basic model, we also include several more covariates 𝑋 and fixed

effects 𝛼𝑖 to control for campaign- and ad-level differences. We include the weekly

cost per impression (CPM) and the weekly ad spend (log spend) to control for shifts

in ad competitiveness, which might affect targeting effectiveness. We include the

duration an ad has been running on the platform (campaign duration) to control for

changes in ad effectiveness, because the longer the ad has been running, the more

likely it is that people will see the same ad multiple times. People who are repeatedly

exposed to the same ad might have different reactions compared to those who see the

ad for the first time. We include indicators for the basic creative elements: whether

the ad has the presence of people, text, speech, and logo detected. Apart from time

and location fixed effects, we also included campaign ID, campaign objective, and

industry category fixed effects. Finally, we used campaign and time two-way cluster-

robust standard errors.

3.5 Results & Discussion

This section presents the main model results from using the causal method explained

in the previous section. Besides the main effect, we further incorporate some interac-

tion terms into the model to investigate the underlying mechanisms.

Tables 3.6, 3.7 and 3.8 show the results of the fixed-effects models for 2s ad

views, conversions and firm-defined conversions, respectively. In Table 3.7, perceived

COVID severity, as represented by the stay-at-home measure, exerts a significantly

positive effect on conversions. The coefficient 0.000289 of COVID start × stay-at-

home percentage in column (1) can be interpreted as meaning that a ten percentage-

point increase in the stay-at-home population will lead to a 0.000029 increase in
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the conversion probability. Similarly, the same term in Table 3.8 has a significantly

positive value of 0.0143, meaning that a ten percentage-point increase in the stay-at-

home population of the given state and time will result in a 0.00143 increase in the

firm-defined conversion probability. Meanwhile, the same term in Table 3.6 column

(1) has an insignificant coefficient, with high cluster-robust standard errors.

So far, we find that the severity of the COVID pandemic has a significantly positive

effect on conversions and firm-defined conversions but no significant effect on ad views.

A natural follow-up question is what caused these effects. We propose there are two

possible underlying factors: the substitution effect and psychological factors. The

substitution effect refers to the case that people simply replace their offline shopping

with online shopping, due to the shelter-in-place practice. Psychological factors refer

to negative feelings that we observe in the prior literature, such as loneliness or

anxiety, which lead to unusual purchases. To investigate the underlying mechanism,

we interact the treatment term with the cumulative vaccination rate and the presence

of people in the ad creative in columns (2) and (3), respectively. The vaccination rate

is represented as the number of fully vaccinated people per 100 people. As shown

in Figure 3-13, the vaccine became available to the public around April 2021, and

the vaccination rate in each state ramped up at a different speed. Research has also

suggested that the availability of an effective COVID vaccine helped to boost people’s

confidence in the economy [18].

In column (2) of Tables 3.6 - 3.8, the difference-in-differences treatment term

interacts with the vaccination rate, and we find the latter significantly and negatively

moderates the effect of increasing perceived pandemic severity on ad conversions and

views. However, we do not observe any moderating effect on firm-defined conversions.

Specifically, when the fully vaccinated population increases by 10 per 100, the effect

of 10 percentage points more people practicing stay-at-home on two-second view

probability decreases by 0.0037. The negative moderating effect means that when the

COVID situation becomes more serious, ad views and conversions increase, but to a

significantly lesser extent when there is a higher vaccination rate than when there is

lower vaccination coverage. This finding is consistent with the existing literature that

118



when people’s confidence increases with the increased vaccination rate, people feel

the pandemic situation is more under control and therefore reduce unusual purchases

due to less fear and panic. Moreover, the possible substitution effect occurs when

people reduce their current online shopping in anticipation of being able to go out for

offline shopping in the near future, as the vaccination rate goes up.

In Table 3.6 column (3), we interact the treatment term with the indicator of

whether there are any people present in the ad creative. We find the presence of people

in the ad creative significantly moderates the relationship between pandemic stay-at-

home behavior and ad views in a positive direction. When there are people in the ad

creative, a ten percentage-point increase in people staying at home during the COVID

pandemic increases the two-second view probability by 0.070, compared to ad creative

without people. This again proves the existence of psychological factors. When people

are practicing more self-isolation due to COVID concerns, they tend to feel lonely and

thus are more willing to see other people, even if it is in video ads. However, we find

no significant moderating effect of people in ad creative on conversions or firm-defined

conversions, as shown in Tables 3.7 and 3.8 column (3). This is consistent with our

findings in the previous two chapters that visual manipulation tends to have a larger

impact on upper-funnel view behavior compared to lower-funnel conversion behavior.

Overall, the interaction terms in column (2) of Tables 3.6 & 3.7 and column (3)

of Table 3.6 prove there are psychological effects. Specifically, people’s social iso-

lation tends to enforce a sense of loneliness, and hence they are more attracted by

the appearance of people in ads. Correspondingly, we find the presence of people

in ad creative does have a significantly positive moderating effect on views. More-

over, vaccination boosts confidence that the economy and social life will recover. Its

moderating effect is also proof that the effect of varying COVID severity on adver-

tising conversion is not just a substitution effect between offline and digital purchase

options, but also an actual increase in conversion that contributes to an increase in

profitability.
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3.5.1 Further Discussion

In this subsection, we take a closer look at the main effects. The pandemic lasted

for a relatively long period, and we want to gain a better understanding of the effect

time limit. Tables 3.9 - 3.11 address the question of when the effect was stronger or

weaker. In our new model, instead of aggregating the effects of the entire pandemic

duration from March 2020 to December 2021, we divide the pandemic period from

March 2020 to December 2021 into four segments: 1) from the date that the US

federal government declared the COVID-19 pandemic as a national emergency on

March 13, 2020, to June 30, 2020, 2) from July 1, 2020, to December 31, 2020, 3)

from January 1, 2021, to June 30, 2021, and 4) from July 1, 2021, to December 31,

2021. Due to space constraints, we cannot present all the model variables in the three

tables, but we show the key treatment variables that reflect the effect sizes.

In Table 3.9 column (1), we observe that there was a significantly positive effect

of increasing COVID severity on 2s views immediately after the COVID-19 pandemic

started. We missed this effect when looking at the aggregated effects in Table 3.6.

However, the effect quickly diminishes after the first period and becomes more and

more negative going forward. Similarly, in Table 3.10 column (1), we observe that the

effect of COVID on ad conversions is only significant in the first period, i.e., the first

three months of the pandemic. As time goes by, although the effect remains positive,

it is no longer significant. In contrast to these two ad outcomes, in Table 3.11 column

(1), we observe the effects to be significantly positive in the first and fourth periods

of the pandemic. Moreover, it is also weakly significant in the second period. The

result indicates that fluctuations in pandemic severity had a longer-lasting impact on

firm-defined conversions.

In Table 3.9 column (2), we observe the positive moderating effect of the presence

of people in ad creative persisted in periods 1 and 3. The magnitude became con-

sistently smaller in periods 2 and 4, likely due to seasonality. In Table 3.10 column

(2), we observe a significantly negative moderating effect of the presence of people

in ad creative on the relationship between COVID severity and conversions in the
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second pandemic period. In Table 3.11 column (2), we observe no significant effects,

consistent with findings from the main result in Table 3.8.

3.5.2 Robustness Checks

This subsection further discusses and validates the choice of treatment variable (i.e.,

perceived pandemic severity) and using the stay-at-home percentage as a proxy to

quantify pandemic severity. The main concern about the choice of independent vari-

able is whether the stay-at-home mobility data serves as an appropriate proxy for

pandemic severity. In this subsection, we compare two alternative treatment vari-

ables to address the concern.

People might doubt whether the observed variations in stay-at-home percentage

values across different regions are predominantly driven by the work-from-home and

return-to-office policies that the firms in that region adopted. Such policies might

vary a lot by region and time and are not necessarily entirely based on actual pan-

demic severity. For example, with a high concentration of technology firms, the San

Francisco Bay Area can adapt to working from home much better than an area that

thrives on tourism. Therefore, we used the mobility index for malls as an alternative

proxy for the estimation because people’s visits to malls are generally less subject to

whatever work policies firms adopt. Rather, it is more related to how comfortable

people feel about being in indoor spaces with strangers and how serious people con-

sider the pandemic situation to be. The Cuebiq Visit Index (CVI) is a metric provided

by Spectus and is aggregated at the Designated Market Area region level and also by

vertical, e.g., retail. It is calculated as the aggregated number of visits to locations

in that vertical weighted by population, divided by Spectus’s active user base times

1000. The mall CVI only includes measured visits to mall locations. Columns (1)

and (3) in Table 3.12 show the results of using Spectus’s mobility index for malls as

the treatment variable. The model results show that the decrease in mall mobility

index (i.e., a proxy for an increase in COVID severity) exerts a significantly positive

impact on ad conversions and a weakly significantly positive impact on firm-defined

ad conversions. The interpreted findings are consistent with the main results.
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The consistency between the malls’ mobility patterns and the stay-at-home per-

centage patterns over time further supports the consistent findings we have when

using them as the independent variables. Figures 3-6 and 3-7 show the time-series

patterns of the three independent variables in Massachusetts (MA) and CA, respec-

tively. The top and bottom plots correspond to the stay-at-home percentage and the

mall visit index. We reverse the mall visit index pattern by multiplying by -1 when

making the plot so that the patterns are more easily comparable. The higher the

stay-at-home percentage, the fewer visits to malls, and hence the higher the negative

mall visit index. The stay-at-home and mall visit index plots in both example states

show that the patterns are fairly consistent.

Another concern about the dependent variable lies in the actual versus perceived

severity of the COVID pandemic situation. Figure 3-7 illustrates that how people in

CA felt about the COVID situation could differ from the actual severity of COVID.

Both the stay-at-home percentage (top) and mall visit index (middle) plots could serve

as proxies for how comfortable people were with going out and thus how they thought

about the risk/severity of the pandemic after the onset of COVID. For example, we

observe a massive surge around March 2020, when the COVID pandemic was just

beginning. People felt very anxious about COVID-19 because the entire world still

knew very little about the virus. There was another peak at the start of 2021 due to

the Delta variant, but it was much smaller than the first wave. Starting in the spring

of 2021, the stay-at-home percentage and mall visit index become much smaller as

the vaccine was taken up widely. Meanwhile, the COVID fatality rate could be seen

as a more accurate representation of pandemic severity, but there was only a minor

surge in the death rate in March 2020, whereas the biggest spike occurred during the

Delta wave. Overall, the COVID-related death plot (bottom) does not align very well

with the two plots above it. Moreover, the death rate tends to be a lagging indicator

of the COVID case situation, based on what we observe in the Data section of Figure

3-5 and the related literature [65].

Due to the disparity between the actual severity and perceived severity patterns,

people might also doubt which exerts a greater effect on people’s behavior. Columns
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(2) and (4) in Table 3.12 show the results of using the COVID death number per

million population as the treatment variable. It has no significant effect on ad con-

versions or firm-defined conversions. In contrast, in column (1) of Tables 3.7 and 3.8,

we already see that the perceived severity (i.e., the stay-at-home percentage) exerts

a significantly positive effect on the two ad conversions. The model results show that

people’s perceived severity rather than the actual severity plays a dominant role in

affecting advertising effectiveness. The results not only back up our choice of the

independent variable in the main results but are also consistent with our sense that

people’s behavior might be more influenced by what they believe in, not the truth.

In addition, we also perform robustness checks by using more granular location

breakdowns and adding more image-/video-related covariates in the models. Table

3.15 presents the model results using DMAs (Designated Marketing Areas) as location

breakdowns instead of states. DMAs are media markets within the United States,

typically defined based on metropolitan areas with surrounding suburbs. There are

210 DMAs across the entire United States. We observe that the effect on 2s views

is insignificant, and the effects on two types of conversions are significantly positive.

Not only is the significance consistent with our state-level models but the magnitude

is also very close, i.e., 0.0148 vs. 0.0143 for firm-defined conversions and 0.00025 vs.

0.00029 for conversions. Table 3.16 presents the model results when adding additional

creative element covariates. These covariates are the features that we use for feature

importance ranking in Chapter 1. The results are again very consistent with the

original model results in terms of significance and magnitude.

3.5.3 Generalizability – Alternative Social Media Platforms

This subsection presents the fixed-effects model results using Facebook ad data.

Again, the data comes from the collaborating ad creative and analysis firm, which

sampled the Facebook advertising performance data and corresponding tag data from

its database. Overall, the ad conversion results are consistent with the model findings

from the Pinterest data, indicating that the observations are potentially generalizable.

We recognize certain differences and limitations regarding the Facebook data com-
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pared with the Pinterest data. First, the Facebook ad performance data has much

coarser location breakdowns. Specifically, the collaborating firm can only provide the

ad metrics with country breakdowns. There are possibly many variations within a

country regarding COVID severity, people’s responses to the pandemic, and the use

of social media. Second, the stay-at-home data source changes. The Spectus mobility

data is only available for data within the US, so we switched to Facebook mobility

data to gain the stay-at-home data for all countries around the globe. This change

directly leads to the third limitation: the data used here only ranges from March 2020

to December 2021 because Facebook mobility data starts from March 2020. Since the

data no longer starts in January 2019, we do not have 2019 data as a baseline in

our model. As a result, the data we use ranges from March 2020 to December 2021.

The ad performance data includes 12.5k unique campaigns and 84.6k unique media

assets and covers 91 countries. The ad impressions are disproportionately distributed

among countries, with the US taking 41.7% and Brazil taking 32.4%. Mexico has

the 3rd largest share, at just 0.03%. These limitations could make both the results

and interpretation slightly different from the main model, and thus we decided not to

include the Facebook data findings in our primary findings. Instead, we discuss the

results from the Facebook data in this generalizability section.

Table 3.13 presents the model results for the ad conversion outcome. We define ei-

ther a purchase or an app install as a conversion action. Column (1) shows the results

of the basic model with time, location, and ad-setup fixed effects, with campaign- and

time-level cluster-robust standard errors. We observe that the stay-at-home coeffi-

cient is 0.134 and weakly significant. This effect means that when the stay-at-home

ratio increases by 0.10, the conversion probability increases by 0.0134. As shown in

column (2), the full vaccination rate has a weakly negative moderating effect. Lastly,

the presence of people in ads does not moderate the relationship between the stay-at-

home ratio and ad conversions. All three observations are consistent with the main

results of the conversion outcome.

However, the results for ad views are not generalizable. In Table 3.17, we observe

that an increase in stay-at-home behavior has a significantly negative effect on the
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three-second view probability and no moderating effects of either the full vaccination

rate or the presence of people in the ad creative on the 3s-view metric. The possible

reasons include differences in how Facebook and Pinterest define the metrics, data

granularity, the data timeframe used for modeling, the lack of a 2019 baseline for

Facebook data, the interface, the types of ad creative on the two platforms, etc. Due

to the considerable differences in our data use and modeling, we cannot tell what

exactly causes the differences between the Facebook and Pinterest results. Meanwhile,

the fact that the effect direction on the conversion metric remains similar, even with

so many differences, confirms the generalizability of conversion results across different

platforms and countries.

3.6 Heterogeneous Results

In this section, we describe some relevant heterogeneous results. We first identify

and explore the ads of some industries that have prominent effects in either direction.

The second part discusses how the heterogeneous effects vary by campaign objective.

3.6.1 Effects by Industry

In this subsection, we explore how the ad performance of different industries is affected

to varying extents. In Figure 3-8, we list the effects of industries that are significantly

different from zero. The top plot shows the significant effects on two-second views, the

middle plot shows conversions, and the bottom plot shows firm-defined conversions.

In the top plot, we observe that increasing perceived COVID severity has signif-

icant adverse effects on views of health & wellness ads and home improvement ads.

The negative view tendency for health & wellness ads might be related to information

avoidance. At the time of the pandemic crisis, social media exposure to healthcare

and medical information tended to bring about information overload, which led to

information anxiety and eventually information avoidance [62, 24, 43]. In the middle

plot, we observe that the effects of increasing pandemic severity on conversion are

positive for the retail industry but negative for the travel industry. The results are
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relatively reasonable, given that people tended to stockpile during the pandemic, es-

pecially when it became more severe. Concurrently, people also avoided any travel

because it involved more risk of being exposed to the virus. In the last plot, the effect

of pandemic severity on firm-defined ad conversions is again positive for the retail

industry. Moreover, the effect is also positive for the health and wellness industry.

In Figure 3-9, we present how the moderating effect of the presence of people

in ad creative varies by industry. The top plot shows the effects on 2s views. We

observe positive effects for ads in the automotive and retail categories. Meanwhile, we

also observe negative effects for ads in the alcohol, government or nonprofit, health

and wellness, and telecommunications industries. The bottom plot shows the person

moderating effects on the relationship between the stay-at-home percentage and ad

conversions. We observe a positive effect for travel ads but negative effects for retail

and health ads. We observe the opposite effect direction for retail ads in terms of the

moderating effects on 2s views and conversions. Meanwhile, the negative moderating

effects of the presence of people in health and wellness ads are consistent in both

ad performance measures. We do not present the effects on firm-defined conversions

because we do not observe significant moderating effects.

3.6.2 Effects by Campaign Objective

In this subsection, we would like to learn whether the varying campaign objectives

could cause a difference in the effects of pandemic severity. We do not find much

difference among the campaign objectives for the 2s view and conversion outcomes.

None of these effects are significantly different from zero. However, we do observe

a significant difference in the firm-defined conversion outcome, as shown in Figure

3-10. The change in pandemic severity had significantly positive effects on ads with

the web conversion campaign objective. The effect was also significantly higher than

all other campaign objective effects.
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3.7 Conclusion

Overall, our research has explored whether and how changes in perceived pandemic

severity affect advertising effectiveness on social media platforms. We find positive

effects on ad conversions when the pandemic is perceived to be more severe, as rep-

resented by people’s stay-at-home practices. Moreover, at the beginning of the pan-

demic, there were significant positive effects on both the view and conversion metrics

when the pandemic became more severe. As time went on, the effects generally tended

to diminish, except for firm-defined conversions. We then interacted COVID severity

with other variables, including the vaccination rate and the presence of people in ad

creative. We find that the vaccination rate negatively moderates the effect of stay-

at-home behavior on ad views and conversions, and the presence of people positively

moderates the effect of stay-at-home behavior on ad views. We further performed

some robustness checks to confirm the choice of our treatment variable and the gen-

eralizability of the conversion outcome findings on another social media platform.

Lastly, we looked at the heterogeneous effects of different campaign objectives and

industry categories.

Our research has important managerial implications. As the federal government

has renewed the national emergency declaration for the COVID-19 pandemic, the

disease and its variants are very likely to be around for a long time. The virus has been

through ups and downs in severity, in terms of spread and associated deaths. Based on

our research findings, firms can still proactively boost their advertising effectiveness

in the face of the COVID-19 outbreak and future crises. For example, when more

people stay at home due to virus concerns, it might be wise for firms to increase online

advertising expenditure, as people tend to make more online purchases. Moreover,

firms could also vary their ad creative design to better cater to people’s psychological

needs based on their advertising goals. For example, ads in retail categories might

consider having people present in the ad to boost views.

Admittedly, our research is not without limitations. First of all, it would be

beneficial to better understand the ad metrics, especially the firm-defined conversion
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metric. For now, we do not have any access to how each firm defines its conversion

action for each ad. Moreover, our data is only limited to what our collaborating firm

has from the Pinterest platform. Further research could incorporate more data from

different platforms and industries to gain a more generalizable view of the effects.
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3.8 Appendix

3.8.1 Figures

Figure 3-1: Summary of the campaign industry and objective percent
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Figure 3-2: Time series plots of ad expenditure and impressions
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Figure 3-3: Region distribution of Pinterest ad impressions
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Figure 3-4: Stay-at-home time series data of example states
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Figure 3-5: COVID-related data over time of NY, CA and TX

133



Figure 3-6: Correlation between stay-at-home and death rate in MA
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Figure 3-7: Correlation between stay-at-home and death rate in CA
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Figure 3-8: Effects of stay-at-home on ad effectiveness by industry categories
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Figure 3-9: Moderating effects of person creative by industry categories
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Figure 3-10: Effects of stay-at-home on ad effectiveness by industry categories
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Figure 3-11: Stay-at-home time series data of all states

139



Figure 3-12: COVID-19 fatality time series data of all states
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Figure 3-13: Vaccination rate time series data of all states
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Figure 3-14: Aggregated 2s view rate time series data of example states – parallel
trend
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3.8.2 Tables

Table 3.1: Summary of campaign metrics

Mean Min. 1st Qu. Median 3rd Qu. Max.
Impressions 14.4MM 1 1.2MM 4.8MM 15.4MM 366.6MM
Spend 75,897 0 7,582 29,117 88,080 2,015,398
2s View Rate 0.1787 0.0000 0.0000 0.0000 0.3735 0.7593
Conversion Rate 0.00007 0.00000 0.00000 0.00000 0.00004 0.00191
Conv.(FD) Rate 0.0053 0.0000 0.0001 0.0007 0.0036 0.2698
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Table 3.2: Table of ad campaign performance metric summary by industry

2s view Conversion Conversion (FD)
Industry Median Max Median Max Median Max

(1) (2) (3) (4) (5) (6)
CPG 0.00 0.72 0.000000 0.00191 0.00013 0.1389
Retail 0.00 0.76 0.000011 0.00131 0.00249 0.2698
Automotive 0.00 0.73 0.000039 0.00170 0.00064 0.0064
Travel 0.00 0.60 0.000060 0.00056 0.00657 0.0526
Alcohol 0.38 0.69 0.000000 0.00000 0.00015 0.0044
Home Improvement 0.00 0.62 0.000009 0.00028 0.00121 0.0223
Govt./Non Profit 0.00 0.62 0.000000 0.00000 0.00000 0.0049
Health & Wellness 0.00 0.65 0.000073 0.00050 0.00012 0.0086
Telecom 0.15 0.69 0.000015 0.00005 0.00011 0.0126
Technology 0.48 0.51 0.000000 0.00000 0.00000 0.0000
Entertainment 0.54 0.54 0.000000 0.00000 0.00000 0.0000
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Table 3.3: Table of ad campaign performance metric summary by campaign objective

2s view Conversion Conversion (FD)
Objective Median Max Median Max Median Max

(1) (2) (3) (4) (5) (6)
Awareness 0.25 0.62 0.000000 0.00025 0.00015 0.0369
Traffic 0.00 0.69 0.000001 0.00095 0.00022 0.1273
Web Conversion 0.00 0.76 0.000094 0.00170 0.00199 0.2698
Consideration 0.00 0.72 0.000008 0.00131 0.00179 0.1168
Video View 0.43 0.73 0.000001 0.00015 0.00046 0.0237
Web Sessions 0.07 0.72 0.000061 0.00191 0.00462 0.1389
App Install 0.00 0.00 0.000000 0.00000 0.00004 0.0001
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Table 3.4: Table of main ad creative presence summary by industry

Industry Person Text Speech
CPG 0.24 0.96 0.10
Retail 0.13 0.84 0.06
Automotive 0.34 0.95 0.29
Travel 0.11 0.98 0.06
Alcohol 0.33 0.99 0.24
Home Improvement 0.20 0.94 0.02
Government/Non Profit 0.31 0.92 0.08
Health & Wellness 0.22 1.00 0.08
Telecom 0.18 0.95 0.09
Technology 1.00 1.00 0.58
Entertainment 1.00 1.00 1.00

146



Table 3.5: Fixed effect model of the COVID indicators on stay-at-home

Dependent variable:

stay-at-home

Weekly death rate 243.66***
(12.15)

Weekly new case rate 1.65***
(0.22)

Accumulative vaccination −0.18***
(0.01)

Observations 4,743
R2 0.97
Adjusted R2 0.97
Residual Std. Error 0.01 (df = 4597)

Note: *p<0.05; **p<0.01; ***p<0.001
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Table 3.6: Main results for 2s view outcome

Dependent variable:

Two-Second Views

(1) (2) (3)

stay-at-home −0.0543 −0.0061 0.0736
(0.0499) (0.0428) (0.0623)

COVID start 0.0198 0.0113 0.0452*
(0.0153) (0.0135) (0.0186)

full vacc. rate 0.0023**
(0.0007)

log spend 0.0043** 0.0043** 0.0041**
(0.0015) (0.0015) (0.0015)

campaign duration −0.0010** −0.0012** −0.0010**
(0.0004) (0.0004) (0.0004)

CPM 7.1703** 2.3919 7.4102**
(2.5548) (2.4067) (2.5734)

person 0.3147*** 0.3141*** 0.3979***
(0.0219) (0.0218) (0.0723)

logo 0.0066 0.0107 0.0057
(0.0192) (0.0190) (0.0192)

text −0.0143 −0.0146 −0.0121
(0.0276) (0.0273) (0.0274)

speech 0.0650*** 0.0649*** 0.0629***
(0.0172) (0.0171) (0.0174)

stay-at-home×COVID start 0.0238 0.0442 −0.1174.
(0.0428) (0.0391) (0.0625)

stay-at-home×full vacc. rate −0.0048**
(0.0016)

stay-at-home×person −0.6372*
(0.2947)

COVID start×person −0.0804
(0.0819)

stay-at-home×COVID start×person 0.7016*
(0.3373)

Observations 8,695,668 8,695,668 8,695,668
R2 0.3531 0.3535 0.3538
Adjusted R2 0.3530 0.3533 0.3537

Note: The fixed effects include month, state, campaign ID, industry, and objective.
Robust standard errors clustered at campaign and time level. *𝑝 <0.05; **𝑝 <0.01;
***𝑝 <0.001.
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Table 3.7: Main results for conversion outcome

Dependent variable:

Conversions

(1) (2) (3)

stay-at-home 0.000067 0.000055 0.000045
(0.000107) (0.000106) (0.000108)

COVID start −0.000092 −0.000105 −0.000103
(0.000066) (0.000070) (0.000073)

full vacc. rate 0.000001*
(0.000001)

log spend 0.000006*** 0.000006*** 0.000006***
(0.000001) (0.000001) (0.000001)

campaign duration −0.000001 −0.000001 −0.000001
(0.0000005) (0.0000005) (0.0000005)

CPM −0.011235 −0.010319 −0.011128
(0.009191) (0.008876) (0.009105)

person −0.000001 −0.000002 −0.000020
(0.000006) (0.000006) (0.000022)

logo 0.000002 0.000003 0.000002
(0.000007) (0.000006) (0.000007)

text −0.000004 −0.000003 −0.000003
(0.000006) (0.000006) (0.000006)

speech −0.000014** −0.000014** −0.000014**
(0.000005) (0.000005) (0.000005)

stay-at-home×COVID start 0.000289* 0.000329* 0.000334.
(0.000146) (0.000157) (0.000177)

stay-at-home×full vacc. rate −0.000007**
(0.000002)

stay-at-home×person 0.000095
(0.000088)

COVID start×person 0.000046
(0.000041)

stay-at-home×COVID start×person −0.000212
(0.000190)

Observations 8,695,668 8,695,668 8,695,668
R2 0.000424 0.000424 0.000424
Adjusted R2 0.000231 0.000231 0.000231

Note: The fixed effects include month, state, campaign ID, industry, and objective.
Robust standard errors clustered at campaign and time level. *𝑝 <0.05; **𝑝 <0.01;
***𝑝 <0.001.
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Table 3.8: Main results for firm-defined conversion outcome

Dependent variable:

Firm-Defined Conversions

(1) (2) (3)

stay-at-home −0.00735 −0.00931 −0.00843
(0.00671) (0.00737) (0.00729)

COVID start −0.00126 −0.00081 −0.00157
(0.00131) (0.00163) (0.00136)

full vacc. rate −0.00008
(0.00007)

log spend 0.00017** 0.00017** 0.00017**
(0.00006) (0.00005) (0.00006)

campaign duration −0.000004 −0.000004
(0.00001) (0.00001)

CPM −0.10860 −0.10848
(0.21322) (0.21360)

person 0.00009 0.00011 −0.00063
(0.00022) (0.00022) (0.00084)

logo 0.00069 0.00054 0.00070
(0.00047) (0.00038) (0.00047)

text −0.00039 −0.00037 −0.00040
(0.00033) (0.00036) (0.00033)

speech −0.00012 −0.00012 −0.00011
(0.00018) (0.00020) (0.00019)

stay-at-home×COVID start 0.01433* 0.01340 0.01585*
(0.00685) (0.00710) (0.00758)

stay-at-home×full vacc. rate 0.00017
(0.00021)

stay-at-home×person 0.00515
(0.00389)

COVID start×person 0.00110
(0.00100)

stay-at-home×COVID start×person −0.00734
(0.00487)

Observations 8,695,668 8,695,668 8,695,668
R2 0.03235 0.03237 0.03235
Adjusted R2 0.03217 0.03218 0.03217

Note: The fixed effects include month, state, campaign ID, industry, and objective.
Robust standard errors clustered at campaign and time level. *𝑝 <0.05; **𝑝 <0.01;
***𝑝 <0.001.
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Table 3.9: Table of 2s views – segmenting the pandemic duration

Dependent variable:

Two-Second Views

(1) (2)

stay-at-home×pandemic duration 1 0.1067** −0.0619
(0.0407) (0.0558)

stay-at-home×pandemic duration 2 0.0209 −0.0616
(0.0370) (0.0621)

stay-at-home×pandemic duration 3 −0.0781 −0.3035***
(0.0489) (0.0790)

stay-at-home×pandemic duration 4 −0.0394 −0.0790
(0.0472) (0.0601)

stay-at-home×pandemic duration 1×person 0.9538**
(0.3165)

stay-at-home×pandemic duration 2×person 0.4486
(0.3186)

stay-at-home×pandemic duration 3×person 1.0007**
(0.3361)

stay-at-home×pandemic duration 4×person 0.4499
(0.3308)

Observations 8,695,668 8,695,668
R2 0.3536 0.3547
Adjusted R2 0.3534 0.3545

Note: The fixed effects include month, state, campaign ID, industry, and objective.
Robust standard errors clustered at campaign and time level. *𝑝 <0.05; **𝑝 <0.01;
***𝑝 <0.001.
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Table 3.10: Table of conversions – segmenting the pandemic duration

Dependent variable:

Conversions

(1) (2)

stay-at-home×pandemic duration 1 0.000467* 0.000492
(0.000228) (0.000252)

stay-at-home×pandemic duration 2 0.000154 0.000205
(0.000099) (0.000113)

stay-at-home×pandemic duration 3 0.000143 0.000164
(0.000125) (0.000141)

stay-at-home×pandemic duration 4 0.000098 0.000140
(0.000103) (0.000124)

stay-at-home×pandemic duration 1×person −0.000140
(0.000242)

stay-at-home×pandemic duration 2×person −0.000219*
(0.000106)

stay-at-home×pandemic duration 3×person −0.000084
(0.000109)

stay-at-home×pandemic duration 4×person −0.000120
(0.000109)

Observations 8,695,668 8,695,668
R2 0.000428 0.000428
Adjusted R2 0.000235 0.000234

Note: The fixed effects include month, state, campaign ID, industry, and objective.
Robust standard errors clustered at campaign and time level. *𝑝 <0.05; **𝑝 <0.01;
***𝑝 <0.001.
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Table 3.11: Table of firm-defined conversions – segmenting the pandemic duration

Dependent variable:

Firm-Defined Conversions

(1) (2)

stay-at-home×pandemic duration 1 0.0158* 0.0165*
(0.0077) (0.0082)

stay-at-home×pandemic duration 2 0.0113. 0.0119
(0.0062) (0.0067)

stay-at-home×pandemic duration 3 0.0113 0.0123
(0.0071) (0.0077)

stay-at-home×pandemic duration 4 0.0199* 0.0275*
(0.0089) (0.0129)

stay-at-home×pandemic duration 1×person −0.0026
(0.0058)

stay-at-home×pandemic duration 2×person −0.0029
(0.0045)

stay-at-home×pandemic duration 3×person −0.0051
(0.0047)

stay-at-home×pandemic duration 4×person −0.0199
(0.0114)

Observations 8,695,668 8,695,668
R2 0.0324 0.0324
Adjusted R2 0.0322 0.0322

Note: The fixed effects include month, state, campaign ID, industry, and objective.
Robust standard errors clustered at campaign and time level. *𝑝 <0.05; **𝑝 <0.01;
***𝑝 <0.001.
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Table 3.12: Table of alternative independent variables on ad conversions

Dependent variable:

Conversions Firm-defined Conversions

(1) (2) (3) (4)

mall cvi −0.000573. −0.011060.
(0.000292) (0.006605)

COVID start 0.000014 0.002711
(0.000030) (0.001860)

weekly.death.per.million 0.00000003 0.000005
(0.0000001) (0.000004)

log spend 0.000006*** 0.000006*** 0.000178** 0.000179**
(0.000001) (0.000001) (0.000057) (0.000057)

CPM −0.012075 −0.018072 −0.125246 −0.169080
(0.009653) (0.013586) (0.217248) (0.265620)

campaign duration −0.000001 −0.000001 −0.000003 −0.0000005
(0.0000005) (0.000001) (0.000009) (0.000007)

person −0.000001 −0.000001 0.000092 0.000101
(0.000006) (0.000006) (0.000218) (0.000216)

logo 0.000002 0.000003 0.000707 0.000893
(0.000007) (0.000007) (0.000479) (0.000575)

text −0.000003 −0.000005 −0.000392 −0.000480
(0.000006) (0.000006) (0.000333) (0.000340)

speech −0.000014** −0.000014** −0.000116 −0.000120
(0.000005) (0.000005) (0.000182) (0.000189)

mall cvi×COVID start −0.000237* −0.004759.
(0.000118) (0.002412)

Observations 8,181,696 8,695,668 8,181,696 8,695,668
R2 0.000424 0.000422 0.032390 0.032313
Adjusted R2 0.000219 0.000229 0.032191 0.032126

Note: The fixed effects include month, state, campaign ID, industry, and objective.
Robust standard errors clustered at campaign and time level. .𝑝 <0.10; *𝑝 <0.05;
**𝑝 <0.01; ***𝑝 <0.001.
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Table 3.13: Table of conversions – Facebook platform

Dependent variable:

Conversion

(1) (2) (3)

stay-at-home 0.1341. 0.0775 0.1034
(0.0754) (0.0639) (0.0936)

full vacc. rate −0.0003
(0.0006)

log spend −0.0004 0.0001 −0.0004
(0.0007) (0.0007) (0.0007)

campaign duration −0.0010. −0.0008. −0.0010.
(0.0005) (0.0005) (0.0005)

CPM 1.2391** 0.9450* 1.2446**
(0.4647) (0.3857) (0.4617)

person −0.0028 −0.0024 −0.0117
(0.0029) (0.0026) (0.0131)

logo 0.0002 −0.0019 0.0002
(0.0048) (0.0048) (0.0048)

text 0.0047 0.0042 0.0047.
(0.0028) (0.0027) (0.0028)

speech −0.0155* −0.0154* −0.0155*
(0.0063) (0.0063) (0.0064)

stay-at-home×full vacc. rate −0.0037.
(0.0019)

stay-at-home×person 0.0431
(0.0605)

Observations 16,144,988 15,945,138 16,144,988
R2 0.6089 0.6101 0.6089
Adjusted R2 0.6086 0.6098 0.6086

Note: The fixed effects include month, country, campaign ID, industry, and
objective. Robust standard errors clustered at campaign and time level. .𝑝 <0.10;
*𝑝 <0.05; **𝑝 <0.01; ***𝑝 <0.001.
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Table 3.14: Table of alternative independent variables on 2s views

Dependent variable:

Two-Second Views

(1) (2)

mall cvi 0.0888
(0.0556)

COVID start 0.0306**
(0.0108)

weekly.death.per.million 0.00004
(0.00003)

log spend 0.0044** 0.0044**
(0.0015) (0.0015)

CPM 7.3826** 8.4819**
(2.5675) (2.7836)

campaign duration −0.0010** −0.0010**
(0.0004) (0.0004)

person 0.3147*** 0.3148***
(0.0219) (0.0219)

logo 0.0066 0.0081
(0.0191) (0.0194)

text −0.0143 −0.0148
(0.0276) (0.0277)

speech 0.0649*** 0.0651***
(0.0172) (0.0173)

mall cvi×COVID start −0.0379
(0.0214)

Observations 8,181,696 8,695,668
R2 0.3530 0.3531
Adjusted R2 0.3529 0.3529

Note: The fixed effects include month, state, campaign ID, industry, and objective.
Robust standard errors clustered at campaign and time level. *𝑝 <0.05; **𝑝 <0.01;
***𝑝 <0.001.
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Table 3.15: Robustness check – using DMA as location unit instead of state

Dependent variable:

2s Views Conversions(FD) Conversions

(1) (2) (3)

stay-at-home −0.08115* −0.00472 0.000043
(0.03917) (0.00622) (0.000083)

COVID start 0.01435 −0.00240 −0.000094
(0.01513) (0.00156) (0.000058)

CPM 4.76552 −0.09000 −0.00905
(2.64711) (0.22029) (0.00934)

campaign duration −0.00100*** −0.00002 −0.00000014
(0.00029) (0.00002) (0.00000041)

log spend 0.00151 0.00015** 0.0000050***
(0.00088) (0.00005) (0.0000010)

person 0.31837*** 0.00006 −0.00000
(0.03005) (0.00029) (0.00001)

logo −0.00993 0.00140 0.0000037
(0.02335) (0.00117) (0.0000063)

text −0.01265 −0.00027 −0.0000011
(0.02635) (0.00039) (0.000006)

speech 0.05467** 0.00038 −0.000011
(0.01848) (0.00043) (0.000007)

stay-at-home×COVID start 0.0574 0.0148* 0.00025*
(0.03809) (0.00676) (0.00012)

Observations 47,990,560 47,990,560 47,990,560
R2 0.36828 0.03804 0.00038
Adjusted R2 0.36826 0.03800 0.00034

Note: The fixed effects include month, DMA, campaign ID, industry, and objective.
Robust standard errors clustered at campaign and time level. *𝑝 <0.05; **𝑝 <0.01;
***𝑝 <0.001.
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Table 3.16: Robustness Check – additional video feature covariates

Dependent variable:

2s Views Conversions(FD) Conversions

(1) (2) (3)

stay-at-home 0.00304 −0.00697 0.000079
(0.03681) (0.00647) (0.000109)

COVID start 0.01302 −0.00124 −0.000093
(0.01127) (0.00129) (0.000066)

log spend 0.00512*** 0.00017** 0.000006***
(0.00124) (0.00005) (0.000001)

campaign duration −0.00032 −0.000005 −0.000001
(0.00022) (0.000009) (0.0000005)

CPM 2.80209 −0.11175 −0.011484
(2.43649) (0.21288) (0.009219)

person 0.22498*** 0.00054 0.000019
(0.02689) (0.00048) (0.000017)

logo 0.00851 0.00067 −0.000001
(0.01283) (0.00045) (0.000007)

text −0.18483*** 0.00010 0.000010
(0.03825) (0.00039) (0.000009)

speech 0.06079*** −0.00034 −0.000020**
(0.01401) (0.00021) (0.000006)

stay-at-home:COVID start 0.00478 0.0139* 0.00028*
(0.029806) (0.006624) (0.000141)

Observations 8,695,668 8,695,668 8,695,668
R2 0.379894 0.032375 0.000425
Adjusted R2 0.379772 0.032184 0.000228

Note: The fixed effects include month, state, campaign ID, industry, and objective.
Robust standard errors clustered at campaign and time level. The additional 33
video feature covariates include the duration and average size of each creative
element, number of people present, average confidence of emotion sub-elements, the
duration of each gaze direction, gender and predicted age range sub-elements.
*𝑝 <0.05; **𝑝 <0.01; ***𝑝 <0.001.
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Table 3.17: Table of 3s views – Facebook platform

Dependent variable:

Three-second Views

(1) (2) (3)

stay-at-home −0.0362* −0.0413** −0.0168
(0.0141) (0.0133) (0.0190)

full vacc. rate −0.0002
(0.0001)

log spend 0.0010 0.0010 0.0011
(0.0007) (0.0007) (0.0007)

campaign duration −0.0001* −0.0001* −0.0001*
(0.0001) (0.0001) (0.0001)

CPM −0.0493 −0.0589 −0.0528
(0.0516) (0.0532) (0.0514)

person 0.0164*** 0.0164*** 0.0220***
(0.0024) (0.0024) (0.0046)

logo −0.0068* −0.0068* −0.0068*
(0.0034) (0.0034) (0.0034)

text 0.0040. 0.0040. 0.0040.
(0.0022) (0.0023) (0.0022)

speech 0.0267*** 0.0267*** 0.0267***
(0.0037) (0.0037) (0.0037)

stay-at-home×full vacc. rate 0.0008
(0.0006)

stay-at-home×person −0.0272
(0.0210)

Observations 16,144,988 15,945,138 16,144,988
R2 0.1478 0.1479 0.1478
Adjusted R2 0.1472 0.1472 0.1472

Note: The fixed effects include month, country, campaign ID, industry, and
objective. Robust standard errors clustered at campaign and time level. *𝑝 <0.05;
**𝑝 <0.01; ***𝑝 <0.001.
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