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Schwerpunkt User Experience & Performance Measurement

Testing Socidl
Media Advertisin
Fffectiveness

with Multi-Method User
Experience Research

This study highlights the importance of pre-testing social media ads
and explores the challenges of objectively assessing ad performance.
It outlines how a multi-method approach combining facial coding
and eye-tracking can help identify successful ads before launch.

The findings emphasize the growing importance of user experience
research (via digital empathy) for social media advertising and
performance marketing.

Tobias Ahnfeld, M.Sc., Prof. Dr. Alexander Hahn, Jan Joosten, M.A.,
Prof. Dr. Katharina Klug, Prof. Dr. Dirk Totzek
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93% of global working-age internet users
spend about 2.5 hours a day on social
media (DataReportal, 2023). Social media
(SM) is the fastest-growing advertising
channel, with an expected compound
annual growth rate (CAGR) of 4.5%
until 2027. In 2023, the social media ad-
vertising (SMA) market amounted to an
estimated US$207 billion (Statista, 2023).
Accordingly, advertisers using SMA are
increasingly competing for user atten-
tion (Davenport, 2001; Teixeira, 2014).
Two of the major challenges in SMA are
as follows (Liadeli et al., 2023; Oberlo,
2023): First, the time lag in assessing
performance. Advertisers usually
identify successful ads by measuring
user behavior, such as engagement and
conversions. This means that ad per-
formance can only be judged after rather
than before investing. Second, subjec-
tive creativity: Effective SMA includes
creative content (e.g., pictures, stories,
posts, videos) that should be evaluated
objectively using implicit methods rather
than subjectively using explicit methods.
According to Nosek (2007), explicit
methods are based on controllable, in-
tended responses that require cognitive
resources, such as survey questions
about subjective experiences. In contrast,
implicit methods aim to collect objec-
tive data on bodily expressions without
any intended cognitive or conscious
influence, providing subconscious user
ratings. Advertisers are therefore faced
with the question of how to cost-effi-
ciently design and optimize creative
and appealing SMA based on objective
evaluation criteria before investing. This
exploratory study examines why and
how user experience (UX) research met-
hods based on artificial intelligence (AI)
can enhance a multi-method research
approach for testing and optimizing
SMA content. As UX research explicitly
encompasses spontaneous hedonic user
reactions in human-computer inter-
actions, it is a promising way to mea-
sure the creative and business impact
of SM activities. Using selected ads of
a digitally oriented fashion brand, this

Marketing Review St.Gallen 6| 2023

paper shows that implicit facial coding
data matches actual ad performance.
Facial coding uses measurements of
subconscious physiological responses
by tracking facial micro-expressions
controlled by the autonomic nervous
system (ANS) and provides objectivity
in emotion analysis (Koster et al., 2015;
Jiang et al., 2014). While survey data,
which is the prevailing standard for
pre-testing ads, has practical advantages
and draws upon extensive experience
to measure explicit responses, it may
yield ambiguous results when it comes
to capturing implicit reactions (Teixeira
et al., 2012). To measure these implicit
reactions, eye-tracking data is collected
without cognitive processes of the parti-
cipant by employing infrared sensors to
capture precise local and temporal pupil
fixation and movement (Blake, 2013),
which subsequently helps to identify
the elements in ad content that can lead
to improved ad performance. These fin-
dings are meaningful for various target
groups in a variety of ways to (better)
understand the growing relevance of di-
gital empathy for UX research methods
and customer understanding (Klug &
Hahn, 2021). Digital empathy focuses
on emotionally adapted and optimized
human-computer interactions based on
users> moods and emotions (Hahn et al.,
2020). In particular, the following groups
involved in SMA can benefit from these
findings of the multi-method approach:

(1) Advertisers will be able to understand
(sooner) which ad content has enga-
ged and empathically captured their
audience to design ad campaigns
strategically.

(2) Advertising agencies are empowered
to provide a competitive advantage to
both their corporate clients by crea-
ting objectively creative campaigns
and advertisers by converting UX
insights into effective campaigns.
Therefore, agencies become ‘trans-
lators’, transforming digital insights
into successful campaigns.
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(3) Performance marketing professionals
strive to improve their understan-
ding of customer behavior to rapidly
adapt their marketing activities and
gain insights into the critical drivers
of ad performance. These findings
enable them to refocus their efforts
and optimize return on investment
(RQOI) by making informed decisions,
tailoring their strategies, and alloca-
ting resources effectively.

(4) UX researchers may (better) interpret
and translate complex data on hedo-
nic and aesthetic aspects of creative
ad design.

(5) Campaign managers can (better) iden-
tify the most promising ads during
the initial campaign optimization
process before spending on SMA fees.

The process of developing SMA (Barn-
hart, 2023) generally consists of three
phases: strategy setting, content crea-
tion, and performance evaluation. In the
strategy setting phase, advertisers and ad
agencies define target audiences, desired
steps, and actions in user journeys and
business models to optimize the return
on marketing investment (ROMI). In the
content creation phase, ad agencies de-
velop concepts and create brand-relevant
and aesthetic ad content to attract and
engage the target audience. This design
phase involves creative and subjective
tasks and can be very costly, especially
when professional footage is used. In the
final performance evaluation phase,
campaign managers optimize the technical
setup and integration of the ad campaign
across platforms. After a campaign has
been launched, performance marketing pro-
fessionals analyze digital user behavior
(e.g., impressions, likes, comments, and
clicks) to drive insights based on KPIs
(key performance indicators) and further
optimize the campaign. This part invol-
ves highly analytical and objective tasks.

Clearly, the process of developing SMA
combines strategic, creative, and ana-
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lytical tasks. It involves developing a
campaign strategy, creating compelling
content, managing and evaluating cam-
paigns. In this context, it is particularly
challenging to bridge the two ‘worlds’
of the subjective creation phase and
the objective performance evaluation
by mirroring ad effects (at best, before
investing in paid ads) (McDuff et al,,
2017). Current UX research methods
(e.g., facial coding) offer an option to
bridge this gap by helping to implement
practical and empathic SMA using ar-
tificial intelligence. These methods
can complement both (1) the explicit
evaluation of ad creation and (2) im-
plicit measurements of behavioral ad
performance (e.g., engagement rate and
conversion rate).

UX Research Methods

User experience research methods in-
tegrate multiple comprehensive mea-
surements to capture cognitive and
emotional user reactions. This provides
a valuable approach to combining the
outputs of creative and analytical work.

Management Summary

Empathic user experience research
offers innovative methods for the
predictive evaluation of social
media ad performance. This study
presents an experiment that

uses a multi-method approach
combining facial coding and eye-
tracking to identify successful

ads before they are launched.

The results suggest that facial
coding helps to distinguish high-
performing from low-performing
ads by quantifying emotional
reactions and translating them
into user preferences. Eye-tracking
subsequently identifies content
that can capture users’ attention.

Please note that facial coding, which is
used in academic research on emotions
and classical commercial testing, is not
originally a UX method, but rather a
method that is also used in UX research.
UX research employs several research
methods, such as facial coding, which
recognizes human emotions and fosters
empathy in human-machine inter-
actions, to understand better which
creative ad designs increase customer
engagement (Klug & Hahn, 2021). This
approach allows for a fast and resource-
efficient analysis of user responses.
Implicit measurement techniques can
enable user-friendliness in UX research
by collecting data subconsciously and
implicitly (Hahn & Maier, 2018).

By incorporating implicit measure-
ments into the research methodology,
the multi-method approach enhances
the objectivity of emotion and attention
measurement using facial coding and
eye-tracking data (see figure 1). User
reactions are captured subconsciously
and take into account the fluid nature of
emotions, which cannot be reduced to
a single data point as in a survey (Beer
et al,, 2015). After all, a user experiences
multiple emotional reactions throughout
a (digital) user journey:.

By using eye-tracking for attention
research, this study offers valuable
insights into the exact visual triggers
that capture users’ attention while si-
multaneously recording participants’
emotional responses (Wedel et al,
2016). Given the strong visual connec-
tion between attentional and cognitive
perception processes, this methodology
offers a unique opportunity to uncover
the underlying mechanisms that drive
user engagement to further optimize ad-
vertising strategies based on empirical
evidence (Wedel et al., 2017).

Unlike other implicit user data, such as
engagement or conversion rates, measu-
rements of emotions and attention pro-
vide valuable insights into user behavior

Marketing Review St.Gallen 6| 2023



at an early stage, i.e., before making sig-
nificant financial investments in SMA.
This acknowledges the limitations of
relying solely on explicit, self-reported
surveys and highlights the importance
of capturing implicit reactions and the
multifaceted nature of emotions (Wedel
et al., 2016).

For a more comprehensive understan-
ding of user responses, a multi-method
approach must include both behavioral
performance measures (e.g., engage-
ment and conversion rate) and implicit
measures (e.g.,, emotions and attention)
to shed light on the dynamic interplay
between immediate user reactions, such
as attention and emotions, and ad per-
formance. Ultimately, this mix of met-
hods aims to overcome biases, such as
social desirability or the subjectivity bias
(Blair et al., 2020; Ekman, 2009), which are
currently an issue in standard methods
of evaluating creative content such as
ads, for example by using surveys only
(see figure 1).

Empirical Study

Digital UX insights are essential, especi-
ally for digital brands and SM start-ups
that mainly focus their marketing com-
munication on SM and sell (exclusively)
in online shops (Dwivedi et al., 2021).
These businesses typically engage with
their customers in a digital environment.
Digital user experience insights, such as
digital empathy, are essential for unders-
tanding customer needs and therefore a
critical success factor.

This study applies UX research methods
to an exemplary SMA design process for
an SM fashion brand focusing on sus-
tainable women'’s clothing. The brand is
exclusively present on social networks
and makes substantial investments in SM
content creation and paid advertising,
usually video content showcasing cur-
rent fashion collections. Videos have a
high potential for user engagement due

Marketing Review St.Gallen 6| 2023

Figure 1: Overview of Multi-Method Research Approach

Before Ad Payment

After Ad Payment

Subjective KPlIs Survey Data:

Set of questions that are posed

to a group of people

Objective KPIs Facial Coding:

Al-based emotion detection based
on facial expressions

Engagement Rate:
Number of reactions, likes +
comments + shares, divided by
the number of impressions

Eye Tracking:

Identifies attention patterns based
on eye movements and gaze patterns

Conversion Rate:
Number of actual purchases
in the online store divided
by the number of impressions

Source: Authors” own illustration.

Figure 2: Overview of Research Process

Study Setup

/

Lab Testing

_
_
-

Data Analysis

X

1. Collect relevant ad sets

2. Collect archive
performance data for
the ad set

3. Set up lab study including
survey measurement

1. Ex-ante survey study

2. Ad testing with facial
coding and eye- tracking 2. Descriptive method

3. Ex-post survey study

1. Descriptive ad
performance ranking

triangulation

3. Exploratory analysis of
eye-tracking results

Source: Authors” own illustration.

to their ability to capture attention, faci-
litate information retention and compre-
hension, create emotional connections,
and drive shareability and virality on SM
platforms (Wertz, 2023).

In the study setup (see figure 2), four
different current ads using brand videos
were selected that varied in the number
of text elements (text-intensive in ads 1
and 4 vs. less text-intensive in ads 2 and 3)
and in the ad’s atmosphere (physically at-
tractive models in ads 1 and 2 vs. funny/
cuddly ones in ads 3 and 4). Moreover,
the ads were chosen to have a wide range

of engagement and conversion rates (=
behavioral data was higher for ads 1 and
2 vs. lower for ads 3 and 4), as measured
by two KPIs from Facebook Analytics
(Meta Business Suite, 2022).

For laboratory testing, the software
package iMotions 9.2 was used for eye-
tracking (TOBII X2 Eye Tracker — 60Hz)
and facial coding (Affectivars AFFDEX
algorithm), and Typeform for survey mea-
sures. All empirical data was collected in
the BeLab of the University of Applied
Sciences in Nuremberg. Prior to the lab
tests, an ex-ante survey was conducted
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for screening and collecting demographic
information. A total of 60 female users in
the fashion brand’s target group, aged
between 18 and 54, participated in the
study. Users were exposed to the four dif-
ferent ad stimuli in random order, with a
neutral stimulus presented beforehand,
and eye-tracking and facial coding data
were recorded for each ad. Afterward,
each ad was rated in an ex-post survey
regarding ad perception, ad credibility,
and ad mood. All constructs are based
on established marketing research and
were measured on a 7-point Likert scale
ranging from (1) = strongly disagree to (7)
= strongly agree (Bruner & James, 1992).
For ad perception, the participants were
asked to rate whether ‘“The ad was very
relevant to me’; ad credibility was deter-
mined by the participants’ evaluation
of ‘This ad is believable’, and ad mood
was rated according to the participants»
perception of ‘I felt emotionally involved
in the ad.

Figure 3: Descriptive Results

For data validation, a thorough cross-
check was performed to ensure the
presence of complete observations with
sufficient data quality per participant. To
assess the effectiveness of advertisements
in the field, this research evaluated ad
performance using two key performance
indicators (KPIs): engagement rate and
conversion rate, as derived from Meta
Business Suite. The engagement rate is
defined as the ratio of reactions (likes,
shares, comments) to the total number of
views (impressions). The conversion rate
is measured as the percentage of website
visitors who completed a purchase in the
brand’s online store relative to the total
number of visitors who arrived via the
ads in the online store. The data analysis
includes (a) a descriptive ranking of the
behavioral ad performance (engagement
rate, conversion rate), (b) a triangulation
of these rankings with survey data and
facial coding data, and (c) an exploratory
analysis of the eye-tracking results.

Analysis and
Results

The descriptive analysis of behavioral
and performance data measured over
a 4-week period with more than 12,000
impressions for each ad revealed specific
and consistent orders of engagement and
conversion rates for each ad. The top-per-
forming ad 1 achieved an engagement
rate of 16.3% and a conversion rate of
4.3%. Ad 2 came second with an enga-
gement rate of 11.0% and a conversion
rate of 4.1%. Ads 3 and 4, in the third and
fourth positions, respectively, had lower
engagement rates of 6.4% and 5.2% and
conversion rates of 0.0% and 2.0% (see
figure 3).

The survey data showed no significant
differences in means based on t-tests of
the explicit perception of ad items across
ads. Thus, explicit survey data did not
accurately predict ad performance.

HAdT EAd2 Ad3 MAd4

After ad payment: Before ad payment: Before ad payment:
Ad 1: top performing ad No significant differences in Ad 1 elicited the highest levels
Ad 2: came second subjective performance across ads of activation and pleasantness
Ad 3: no conversions
20 Ad 4: achieved low rates 7 20
6
15 w 15
K=
(] 5 3
v 14 “n
5 £ 3
£ 2 =)
s 10 < o4 £ 10
< >
b 0 S
o o v
2 5 3 k!
5 £ s
2
0 1 0
Engagement Rate Conversation Rate Ad Performance  Ad Credibility Ad Mood Arousal Arousal
(percent) (percent) (Likert sc. 1-7) (Likert sc. 1-7) (Likert sc. 1-7) (Scale 0 to +100)  (Scale -100 to +100)
Source: Authors” own illustration.
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Facial coding analysis provided data
on arousal and valence levels (30 frames
per second). While arousal (‘activation’)
measures the level of excitement, valence
(‘pleasantness’) indicates the direction or
value of emotions (Barrett et al., 1999).
Compared to the performance analysis,
the analysis of emotional data suggests
conclusions that are in line with the per-
formance analysis but contrary to the
survey results (see figure 3). The ad with
the highest engagement rate (ad 1) also
had the highest mean scores for arousal
and valence. Accordingly, ad 1 elicited
the highest levels of activation and plea-
santness in the participants, with signi-
ficant differences in the means according
to the t-test conducted.

Triangulation of the data revealed a
positive, strong correlation (Spearman
correlation coefficient) between arou-
sal and engagement rate (r = 0.54) and
between valence and engagement rate
(r = 0.54). Weaker correlations were
found between arousal and conversion
rate (r = 0.08) and between valence and
conversion rate (r = 0.08). However, the
correlations are not significant due to the
small sample size of ads (n = 4).

A follow-up exploratory eye-tracking
analysis was conducted to identify
content-related differences that might
explain variations in ad perception and
performance. Relevant eye-tracking KPIs
included areas of interest, respondent
count, time to first fixation, fixation
duration, dwell time, and first and last
fixations. These measurements provide
insights into users’ visual attention and
ad engagement (Mustikawan et al., 2021).

From an eye-tracking perspective, the
‘winning ads’ based on the conversion
and engagement performance data (1 and
2) have two key characteristics: (1) The
ads feature more content with exposed
skin, which appears to be more appealing
and attractive. (2) The ads predominantly
showcase darker-colored fashion compa-
red to the brighter-colored, lower-perfor-

Marketing Review St.Gallen 6| 2023

Main Propositions

1 Understanding the importance
of digital empathy helps to
create engaging advertising
content.

~A

Multi-methods of digital
empathy research can be
used to create a competitive
advantage.

“\

Emotion and attention
research can help evaluate the
performance of social media
advertising.

ming ads. This is in line with the darker
colors of the brand’s signature items. An
implicit finding may be that a higher
degree of congruence with the brand
image achieves higher engagement and
conversion rates. Further research could
explore the nuances of this relationship
and provide more detailed insights.

As might be expected, the higher-perfor-
ming ads attracted more attention to the
products, resulting in higher respondent
counts, more fixations, and longer fixa-
tion durations for the claim at the end of

formance, which only became apparent
in behavioral data (see figure 3). By incor-
porating facial coding and eye-tracking
into SMA testing, the study was able to
predict the winning ad’s performance
based on implicit reactions (subconscious
emotion and visual attention). Eye-track-
ing data provides further insights into ad
content characteristics that may influence
ad performance. The results clearly de-
monstrate the value of integrating facial
coding and eye-tracking techniques to
understand ad performance better and
predict ad effectiveness before investing
in SMA. As such, the findings challenge
the reliance on explicit, self-reported
survey data and highlight the need to
consider implicit measures for more ac-
curate assessments of ad performance.

Discussion, Limitations,
and Further Research

This study makes notable contributions
to the field of multi-method UX research
and the effectiveness of SMA, as outlined
above. However, it is important to emp-
hasize that while the results demonstrate
a degree of generalizability in improving
the understanding of user responses, fur-
ther research is needed to establish the
reliability and validity of these findings.

Integrating facial coding and eye-tracking
can enhance our understanding of social media

ad performance.

the ad. Surprisingly, the ‘call-to-action
button’ received the least attention across
all ads. The fashion models drew atten-
tion away from the intended action (to
buy) but not from the ad’s overall mes-
sage conveyed by the tagline, which had
an inspiring and positive attitude.

Interestingly, explicit, self-reported sur-
vey data could not predict actual ad per-

It is worth noting that while the top-per-
forming ad could be reliably predicted,
the results for the second-best perfor-
ming ad remained ambiguous. In line
with some existing studies that address
the prevailing challenges associated
with facial coding, such as the accurate
detection of conscious expressions like
simulated or forced smiles (Hofling et
al.,, 2021), this research seeks to contribute
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to this ongoing discourse. Additionally,
some studies claim that micro-expres-
sions can only be detected using facial
electromyography (EMG) (Dong, 2022).

It is important to note that this experi-
ment only focuses on the products of a
single brand within the fashion indus-
try, with four social media ads (n = 4).
Expanding the industry and product
scope could potentially improve the
predictive capabilities across a wider
range of product performance levels.
Furthermore, 44% of the users were
familiar with the brand and 11% had
already purchased at least one item. The
relationship of such prior brand know-
ledge to user reactions and advertising
effectiveness could also be explored.
Broadening the research in terms of
product scope and industry and using
a wider set of survey constructs might
also be topics for future research.

While this study informs agencies and
UX researchers that testing the effecti-
veness of social media advertising is fea-
sible, it does not outline the investments

and skills required. Thus, future research
should evaluate concrete cost-benefit
ratios by comparing multi-method UX
research costs with actual monetary SM
marketing efficiency/effectiveness gains.
Future research might explore the fastest
and most cost-efficient technologies on
the market across providers and explore
the value of ‘automated’ eye-tracking

UX Researchers,
brand managers,
advertisers, and
agencies can use UX
methods for creating
and pre-testing
engaging ad content.

and facial coding methods. Falling prices
and technological advances in sensors,
software, and interfaces to downstream
systems will lead to decreasing prices for
these UX research methods.

Lessons Learned

M

w

their SMA budget.

>\

marketing experts.

o\

1 Performance marketers, ad agencies, ad designers, and UX researchers
should use digital empathy research to learn what ad content engages
their audiences and to design future campaigns.

Ad agencies can employ multi-methods of digital empathy research
to create a competitive advantage for their corporate clients and
differentiate themselves from their competitors.

Ad agencies and ad designers can use the findings on the role of implicit

measurements to create and test future ad campaigns before spending

UX researchers may utilize their multi-method research to evaluate SMA
performance and bridge the gap between designers and performance

Using existing data from past campaigns they can explore on a large
scale what content drives engagement and conversion.
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Implications

This study extends SMA research by ad-
ding implicit UX-based measurements
to well-established explicit (e.g., surveys)
and behavior-based (e.g., conversion
rate) evaluation tools. The findings
suggest that ad effectiveness can be im-
plicitly predicted by considering facial
coding and eye-tracking data before
releasing the ad on SM, thus avoiding
misguided investments. Accordingly,
the integration of modern UX research
methods into the SMA process helps
reduce misdirected SM investments.
Therefore, marketers should integrate
implicit data in the early stages of ad
development (Hahn et al.,, 2018). Facial
coding can discriminate between high-
and low-performing ads by quantifying
emotional reactions and translating
them into user preferences; eye-tracking
identifies content that can capture users’
attention.

Using survey data alone is not a valid
approach to predicting ad performance.
This may be due to users’ lack of self-
awareness or inability to articulate the
cognitive and emotional processes that
lead to their actions (Klug & Hahn,
2021). Moreover, users are often unable
to identify subconscious influences in
their actual behavior.

The box Lessons Learned summarizes
these findings for advertisers, ad agen-
cies, performance marketers, UX resear-
chers, and digital campaign managers.
They need to understand the growing
importance of adding UX research (di-
gital empathy methods) to their current
toolkit to understand better what ad
content will engage their target audience.

Ad agencies and campaign managers
may use these methods to pre-test fu-
ture ad campaigns before investing in
SMA. Ad agencies can employ these
methods to create a competitive advan-
tage for their corporate clients and dif-
ferentiate themselves from competitors.

Marketing Review St.Gallen 62023



Moreover, they may use them to quickly
prototype effective ads for performance
testing as a unique service for corporate
clients.

UX researchers can use existing data
from past ad campaigns for lab studies
to determine which content drives enga-
gement and conversion rates on a large
scale. They can employ a set of SMA
performance measurement methods to
bridge the gap between designers and
performance marketing managers.
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