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SESSION OVERVIEW
In a recent paper, Proserpio and colleagues (2019) highlight 

how advances in machine learning research help marketing research-
ers estimate models that predict extremely well and that are able to 
leverage the power of new data sources such as images, text, audio, 
and video. At the same time, they raise how machine learning re-
search needs a “soul” which should capture competitors’ reactions in 
complex markets as well as consumer theories to be able to capture 
the complexity of consumer behaviors, their needs and preferences.

The papers in this special session “Consumer Behavior Meets 
Machine Learning” aim at improving our understanding of consum-
er behavior and attitudes by combining advanced machine learning 
techniques with behavioral theories. The papers contribute to an-
swering the following high-level questions:

• How can machine learning enhance our understanding of 
consumer attitudes and behaviors?

• How can behavioral theories help machine learning re-
searchers open the prediction black-box and generate more 
interpretable features?

Using Natural Language Processing to Investigate the 
Role of Syntactic Structure in Persuasive Communication

EXTENDED ABSTRACT
How to use language, that is, how to formulate marketing com-

munications so that they are persuasive, is a decision problem most 
marketers face. Language, spoken and written alike, is a fundamental 
element of marketing messages. Language is used in various con-
texts such as political debates, product reviews, product descriptions 
and brand communications with the goal of persuading the recipi-

ent. Today, the use of email, social media posts, live chats and blogs 
provides unprecedented opportunities to reach consumers with ver-
bal messages in addition to existing channels such as TV, radio or 
newspaper ads. 

Extant literature in marketing suggests that the language used 
influences the persuasive outcomes in various marketing contexts. 
For instance, language used in news articles reflects the emotions 
and legitimacy of the article, and influences consumers’ attitudes to-
ward the article as well as their likelihood of reading or sharing the 
article (Berger and Milkman 2012; Humphreys and LaTour 2013; 
Berger, Moe, and Schweidel 2019). Language used in movie scripts 
reflects the theme, scenes, and emotion in the movie and thus pre-
dicts the box office success (Eliashberg, Hui, and Zhang 2007). Lan-
guage used in songs impacts the songs’ success on the market as the 
typicality of the lyrics impacts the popularity of a song (Berger and 
Packard 2018). Elaborateness and the emotionality of tweets about 
political debates influences which topics get consumers’ attention 
and are shared with others (Berman et al. 2019). Even though a large 
stream of recent literature is dedicated to understanding the role of 
language used in marketing contexts (see Berger et al. 2020 for an 
overview), most of this research is dedicated to the content of the 
message communicated (i.e., choice of words). Tools for understand-
ing what makes the language used in marketing messages persuasive 
independently of the content are still missing. 

In the current research, we seek to understand what makes mar-
keting messages persuasive independently of the message content. 
In that, our focus is on the impact of the syntax of the language used 
(i.e., grammar) on the persuasiveness of the message communicated. 
Following a natural language processing (NLP) approach, we posit 
that the syntactic structure of a message influences its persuasiveness 
(Gibson 1998). We develop and test a novel approach to measuring 
syntactic structure in a series of three studies, and identify the spe-
cific syntactic elements, referred to as dependencies, which impact 
the persuasiveness of a marketing message. In our main study, us-
ing a dataset consisting of 134 debates with 129,480 sentences, we 
develop an NLP-based measure of syntactic structure. In this study, 
we show that the syntactic structure of the language used in the de-
bates impacts the attitude change caused by the debates. Using our 
measure, we identify the specific syntactic elements that affect the 
persuasiveness of a marketing message. Our measure captures syn-
tactic structure more systematically and better in terms of predicting 
the persuasiveness of a message than past measures of syntax. 

We validate our measure of syntactic structure and the impact 
of the specific syntactic elements that affect the persuasiveness of a 
marketing message in two experiments that follow the main study: 
First, we conduct a laboratory experiment where we manipulate the 
syntactic structure of a marketing message using the specific syntac-
tic elements identified in our main study. The context is a persuasive 
message about the benefits of wearing a bike helmet. We show that 
when the syntactic structure of the message is changed according to 
our findings, the persuasiveness of the message is increased. Second, 
we conduct a field experiment on Facebook, where we improve the 
syntactic structure in the copy of an advertisement designed by a 
marketing agency using the specific syntactic elements identified in 
our main study, and measure click through rates for the ad. We show 
that when the syntactic structure of the ad language is improved us-
ing the specific syntactic elements we identified, the persuasiveness 
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of the ad is increased: The click-through rate for the ad increased 
significantly by 40% compared to the baseline ad version, which 
was designed by the marketing agency. This experiment also demon-
strates how marketers can use our method to improve their market-
ing messages to make them more persuasive. 

Our work contributes to marketing research by developing a 
novel approach of measuring and modifying syntactic structure, al-
lowing for a more precise way of formulating persuasive marketing 
communications. Additionally, our work contributes to marketing 
practice by providing a tool that marketers can use to efficiently im-
prove the persuasiveness of their messages as well as any other com-
munication that uses language as a medium.

Scalable Content Curation: Learning from Human Effort

EXTENDED ABSTRACT
Many firms rely on the crowdsourcing platforms to generate 

new product and advertising ideas. For example, Colgate-Palmolive, 
a large consumer products firm, collaborated with a digital creative 
agency to generate ideas for one of its most visible advertising cam-
paigns. The firm organized an ideation contest - members of the 
agency’s innovation platform submitted ad ideas, and the winning 
ideas were used to develop an ad that was shown to over 109 mil-
lion viewers of the Super Bowl - one of the world’s most popular 
television events. Major advertisers such as P&G and Unilever gen-
erate ideas for new products and advertising campaigns either us-
ing internal crowdsourcing platforms or through specialized creative 
agencies. Crowdsourced ideas can be more creative than internal 
solutions. The firm may uncover an unexpected extreme-value solu-
tion thanks to a large number of opinions from diverse participants. 
Crowds can also identify niche consumer interests which can lead to 
valuable innovations that the firm would not have considered oth-
erwise.

Crowdsourcing campaigns can yield thousands of submissions 
that firms cannot exhaustively and carefully evaluate. For example, 
our data provider attracted 74,436 ideas over 153 ideation contests. 
The scale of these campaigns raises the important question of how to 
identify the best ideas efficiently. Current approaches involve using 
either the crowd itself or a set of internal employees to prescreen 
ideas. However, the crowd-based approach is infeasible if the firm 
prefers to keep submissions confidential. In this research, we focus 
on the case where the firm uses internal evaluators to maintain sub-
mission confidentiality and thereby abide with data protection laws 
or withhold the submissions it receives as a competitive advantage. 
In our field setting, each idea was evaluated once by several employ-
ees of the crowdsourcing platform in a prescreening stage, which 
resulted in a total of 186,111 evaluations and consumed about 14 
workdays per month of human effort in the median month. 

Our research aims to develop an efficient approach to identify 
the best ideas from crowdsourcing contests using data on the behav-
ior of internal evaluators, whom we refer to as “voters”, idea char-
acteristics and text, and the selection of winning ideas by the clients, 
whom we refer to as “sponsors”. We develop a model to reconcile 
the difference between the sponsor’s selection of finalist ideas and 
the evaluations of voters who prescreen the ideas. In our field setting, 
the platform sorts ideas based on their average voter score before 
presenting them to the sponsor. A model that transforms voter scores 
and incorporates idea characteristics and text can yield a better score 
to sort ideas, thereby reducing the number of ideas that a sponsor 
must review to identify all finalists by 7-18%, depending on the spe-
cific evaluation approach. Equivalently, the platform can reduce the 

workload of its employees by 8-25% while maintaining the same 
quality of the idea ranking for the sponsor.

We find that voters exhibit persistent differences in their “im-
portance”, or the extent to which their votes help identify finalists. 
As a result, a model trained on one set of contests can extend to fu-
ture contests even if ideation topics differ across contests. We define 
a metric for measuring the importance of a voter as the deteriora-
tion in the quality of the idea ranking when we remove this voter. 
Interestingly, voter importance may differ depending on whether a 
model is used or not. We call this phenomenon “predictable inac-
curacy” – a voter may be more predictive of the sponsor’s choice if 
her votes are properly transformed. Moreover, two voters who are 
similarly important when the platform uses average score to rank 
ideas may differ significantly in their importance when a model is 
used, suggesting that different voters can exhibit different levels of 
predictable inaccuracy. Voter “redundancy”, or the extent to which 
voters are correlated with each other, can also lead to varying levels 
of predictably inaccuracy. Our results suggest that a firm interested 
in identifying its most valuable voters may arrive at different con-
clusions depending on whether it assesses voter performance jointly 
with a statistical model or independently of a model based on the 
initial ranking criteria.

We complement our findings with a survey based on a product 
design contest organized by an open innovation platform called Lego 
Ideas. The survey allows us to design simulations to study the gen-
eralizability of our findings, recover ground-truth measures of idea 
quality that are not available in the field data, and study how voter 
characteristics may relate to voter importance. We capture voter het-
erogeneity through differences in brand appreciation and generate a 
sponsor score from a subset of the available votes. We find that even 
if voters do not influence sponsor choices, and sponsor preferences 
are representative of voter preferences, certain types of voters still 
emerge as more important than others. A statistical model with text 
data yields improvements in the survey setting as well, but there is 
only subtle evidence of predictable inaccuracy in the particular simu-
lation we study because of limited nonlinearities in the relationship 
between voter and sponsor scores. The survey confirms that a statis-
tical model can exploit varying voter importance and redundancy, 
thereby reducing evaluation effort in this alternative setting, even 
when there are no significant preference differences between voters 
and the sponsor.

Overall, our findings suggest that firms can enhance their con-
tent curation processes, even if they crowdsource ideas on different 
topics over time. In assessing the performance of different voters, 
firms must consider how the voters perform in conjunction with a 
model as opposed to independently. The “predictable inaccuracy” 
of certain voters, if it is present, can alter their relative importance.

The Power of Brand Selfies in Consumer-Generated 
Brand Images 

EXTENDED ABSTRACT
Every day more than 5 billion images are shared on social me-

dia networks such as Facebook, Twitter, or Instagram. Of particular 
interest to marketers are images that feature brands and consumption 
experiences that contribute approximately 1% of all social media im-
ages, resulting in 50 million social media images featured with brand 
logos daily. At the same time, one of the biggest trends introduced by 
smartphone cameras and social media are selfies. Today, more than 
383 million images with the hashtag #selfie exist on a single photo-
sharing platform such as Instagram. The emergence of selfies merits 
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the question of how brands appear in selfie images and how observ-
ers respond to this type of social media brand images. 

In fact, recent marketing practice attempts to capitalize on the 
selfie phenomenon, mainly by actively encouraging consumers to 
post selfies of their product encounters. Brand images are also of in-
terest to managers when passively listening in to social media posts. 
Among other things, companies track brand logo presence on social 
media to understand social media popularity, rank consumer-gener-
ated images on their social media brand page, or use such images as 
part of their own marketing campaigns. 

However, not all brand logo appearances are created equal. 
Some may generate more valuable consumer-brand engagement 
than others. Accordingly, the objective of this research is to inves-
tigate how brands appear in consumer-generated images and to ex-
amine the effectiveness of different types of social media brand im-
ages on generating engagement among consumers. Specifically, we 
investigate both sender engagement objectives in terms of how brand 
images may generate image engagement (i.e., likes or comments) 
and brand engagement objectives in terms of how brand images may 
generate brand engagement (i.e., brand-related comments such as 
expressed purchase intent).

Academic research provides ample evidence for the effective-
ness of images in advertising (e.g., Hanssens and Weitz 1980; Xiao 
and Ding 2014). Recent studies have also explored the motivations 
to share content and take photos and how this affects subsequent 
sender behavior (e.g., Barasch, Zauberman and Diehl 2018; Grewal, 
Stephen and Coleman 2019). However, little is known about how 
observers respond to brand images in social media.

Using both manual annotations of a sample of images and con-
volutional neural networks (CNN) for automated image classifica-
tion of nearly half a million brand images related to 185 different 
brands that were posted on Twitter and Instagram, we identify three 
types of user-generated brand images that differ in terms of human 
and facial presence. Consumers post either images of products in 
isolation or holding products themselves (i.e., selfies). We find that 
these brand-related selfies exist in two forms with consumers either 
visible (their face) or invisible to the viewer (e.g., first-person point 
of view of the product). We name the former consumer selfie and the 
latter brand selfie to indicate the focus in brand selfies is exclusively 
on the product and differentiate it from consumer selfies where the 
face of the sender is visible1. This results in the following typology 
of brand images:

1. Brand Selfies: branded products held by an invisible con-
sumer,

2. Consumer Selfies: visible consumer faces together with a 
branded product,

3. Packshots: standalone images of branded products.

The CNN algorithm accurately classified images into these 
three categories with a hold-out accuracy level of > 80%. In both 
datasets, we find that consumer selfies have the lowest fraction of 
all types, suggesting that consumers are reluctant to post photos of 
themselves with the brand on their own accord. At the same time, 
consumer selfies are the image type most often encouraged by corpo-
rate communication campaigns, and face images, akin to consumer 
selfies, are ubiquitous in print advertising (Xiao and Ding 2014). 

1 Note, we distinguish brand and consumer selfies based on the visibility 
of consumer faces. Conceptually, the term selfie suggests the person on the 
image took the photo herself. Yet, in some cases, a third person may have 
photographed the sender (e.g., < 3% of brand selfies and < 39% of consumer 
selfies in our Twitter data). This can be difficult to distinguish empirically for 
both the human eye and an automated image classifier.

Whether consumer selfies are well suited as a user-generated me-
dia content is an open question, which we attempt to answer in this 
research.

Analyzing consumers’ response to the different types of brand 
images in terms of likes and comments, we find that consumer self-
ies, in which a person appears with the brand, generate the highest 
level of engagement towards the image or the sender in terms of the 
number of likes and comments on the image. However, these simple 
engagement measures, while encouraging for brands in terms of user 
potential, may be misleading. Examining the content of the user 
comments, using both dictionary-based and machine learning text 
mining tools, we find that consumer selfies generate fewer self-brand 
mentions and stated purchase intentions of receivers in response to 
the original image post. These results are consistent with research 
from traditional advertising and information systems, which indicate 
that, on the one hand, images with faces catch more attention than 
those without faces (Bakhshi, Shamma and Gilbert 2014; Xiao and 
Ding 2014), but, on the other hand, may detract attention away from 
the brand itself (Erfgen, Zenker and Sattler 2015).

These results are consistent for both the Twitter and Instagram 
dataset, suggesting that the effects are not driven by different con-
sumer motives of the respective platforms. We complement these 
results with a lab experiment, which allows us to control for the 
prominence of the brand in the image and collect purchase intent 
ratings, as well as to

test the underlying potential psychological mechanism that may 
trigger consumers’ varying reaction to different brand image types. 
The results of the experiment further suggest that brand selfies have a 
superior impact on perceived purchase intent compared to consumer 
selfies. In addition, it suggests the differential impact of brand selfies 
is related to easier and more accessible self-reference and mental 
simulation offered by these image types.

Black-Box Emotion Detection: 
On the Variability and Predictive Accuracy 

of Automated Emotion Detection Algorithms 

EXTENDED ABSTRACT
Automated emotion detection from facial expressions refers to 

the use of algorithms that detect facial landmarks in pictures to clas-
sify people’s discrete emotions (Liu et al. 2014; Wood et al. 2016). 
These automated emotion detection systems classify discrete posi-
tive emotions such as happiness or surprise to negative emotions 
such as anger and fear. A computer vision algorithm first identifies 
facial landmarks in a picture and then assigns each picture a dis-
crete emotion label based on the features or composition of the exist-
ing facial landmarks (Fox et al. 2000; Pantic and Rothkrantz 2000)
development of an automated system that accomplishes this task is 
rather difficult. There are several related problems: detection of an 
image segment as a face, extraction of the facial expression informa-
tion, and classification of the expression (e.g., in emotion categories. 
Companies such as Microsoft, Google, or GfK provide platforms to 
perform such automated emotion detection with recent industry re-
ports suggesting a CAGR of 32.7% and a market size of 25 billion by 
2020, highlighting the importance and dominance of these AI-pow-
ered technologies for the future of marketing. Despite the increasing 
availability of automated emotion detection systems, fundamental 
methodological questions arise. Are automated emotion detection 
systems valid? Is the same picture classified correctly across emo-
tion detection systems? These questions are important as emotion 
detection systems are using pre-trained algorithms to classify dis-
crete emotions from facial expressions in a way that is unknown to 
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the user of these systems. Thus, it is likely that the same picture is 
assigned a different discrete emotion conditional on the type of emo-
tion detection system being used. To the best of our knowledge, both 
a formal test of this hypothesis is non-existent as is a formal analysis 
that unravels under which conditions emotion detection algorithms 
would increase in predictive accuracy. The current paper fills this 
gap by providing a tightly controlled validation study comparing the 
effectiveness (i.e., in terms of predictive accuracy) of major auto-
mated emotion detection systems across discrete emotions, depen-
dencies on the modelling technique being used, the stimuli set, and 
ways to improve predictive accuracy by combining feature sets or 
using ensemble methods.

We used a standardized picture set with objective ground truth, 
i.e. knowledge about the discrete emotion that is displayed by actors 
in a standardized picture set. Specifically, we used the Chicago face 
database (Ma, Correll, and Wittenbrink 2015) to evaluate automated 
emotion detection systems. The Chicago face database contains pho-
tos from 597 male and female targets of varying ethnicity between 
18 and 40 years under standardized conditions. For a subset of 158 
targets, images display either a neutral, angry, fearful, or two positive 
emotional states (happy face with either an open or closed mouth). 
Each of these images of the 158 subjects displaying various emo-
tions was classified using five major automated emotion detection 
systems via an Application Programming Interface (API): Microsoft 
Cognitive Services, Google ML, Sightcorp, Kairos, and the GfK 
EmoScan. The data was normalized across emotion detection sys-
tems to provide meaningful comparisons in the following analyses.

To set a baseline, we evaluated the effectiveness of the different 
emotion detection systems by predicting each image emotion label 
via the corresponding emotion measure (i.e., predicting happy faces 
using the happiness feature of each emotion detection system). A 
multinomial logit model revealed substantial variation across emo-
tion detection systems with the highest, cross-validated (CV) predic-
tion accuracy for Google ML with a test accuracy of 58.94% and a 
test Kappa of 40.25%, compared to the lowest prediction accuracy 
for GfK EmoScan with a test sample accuracy of 49.81% and a test 
Kappa of 36.88%. Positive emotions were predicted consistently 
better compared to the substantial variation across negative emotion 
labels (variability across emotion detection systems: σhappy open = 3.81, 
σneutral = 6.89, σfear = 14.98, σanger = 30.9) and overall lower predictive 
power for negative emotions than for positive and neutral emotions 
(average balanced accuracy for the different emotion classes: µhappy 

open = 78.97, µneutral = 79.97, µfear = 65.45, µanger = 44.3). These findings 
were robust even after controlling for all other emotion features.

Next, we aimed at further improving prediction accuracy in two 
ways. First, by increasing the feature space through combining the 
entire set of features across all emotion detection systems. Second, 
by using more flexible model estimation and machine learning tech-
niques. Specifically, recent advances in deep learning might further 
improve predictive accuracy by increasing the number of layers and 
/ or boosting a model by aiming at predicting misclassified cases. In 
short, increasing the feature space resulted in a greater test accuracy 
with an averaged accuracy of 85.73% and a Kappa of 81.02%. 

Next, we aimed at further improving prediction accuracy by 
using more flexible machine learning techniques. Parameters were 
selected through grid search in the parameter space. Lowest perfor-
mance was achieved by Support Vector Machines with radial basis 
kernel resulting in a test accuracy of 84.41% and a test Kappa of 
79.33%. Highest performance was achieved by using Random For-
ests and LogitBoost achieving 92.02% test accuracy, 89.25% test 
kappa and 93.60% accuracy, 91.34% kappa, respectively. These 
changes led to a significant increase in predictive power also for neg-

ative discrete emotions and substantially reduced variation across 
positive, neutral and also negative emotion labels (σhappy open = 2.71, 
σneutral = 1.36, σfear = 5.32, σanger = 4.61).

To the best of our knowledge, this is the first systematic study 
demonstrating the striking variability in automated emotion detec-
tion systems across discrete emotions and we provide two easy to 
implement modelling strategies to improve prediction accuracy 
across automated emotion detection systems.
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