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I. SYNOPSIS




SYNOPSIS

Leveraging Machine Learning for Modelling
Unstructured Data in Marketing

by Keno Tetzlaff

Unstructured data has always been an integral part of marketing. Advertising on
billboards relies on visual and textual elements, jingles on the radio or brand mentions
in songs are audio-based, and TV spots are a combination of all these elements. Thus,
marketing researchers have been very interested in understanding how these affect
consumer responses and which elements are the most important adjustable drivers
(e.g., Edell and Burke 1987; Maclnnis et al. 1991; Olney et al. 1991). With the rise of
the Internet and social media, the volume of unstructured data has increased.
Additional use cases for marketers and applied researchers in the field have emerged.
In this cluttered digital environment, consumers are faced with information overload,

and marketers need to optimize all communication to stand out amidst the noise.

Although unstructured data provides a wealth of information, the sheer amount
available makes it difficult to analyze it at scale and extract structured features. Initially,
marketing researchers were restricted to smaller sample sizes and manually coded
features in their analyzes, but the advent of machine learning (ML) technologies has
enabled larger datasets and novel insights. Today, the intersection of ML and
unstructured data provides an enormous pool of opportunities for research and
continues to shape the agendas of leading journals (Balducci and Marinova 2018;
Grewal et al. 2021). Marketing research evolves with technological possibilities and
applies ML methods such as text (e.g., Netzer et al. 2012; Timoshenko and Hauser

2019), image (e.g., Troncoso and Luo 2023; Dzyabura et al. 2023), a combination



thereof (e.g., Hartmann et al. 2021; Chang et al. 2023), or most recently generative

artificial intelligence (Al) (e.g., Reisenbichler et al. 2022; Li et al. 2024).

The essays in this dissertation revolve around the ongoing research stream at
the intersection of quantitative marketing and ML. Three papers leverage a diverse set
of ML tools to analyze and model unstructured data for marketing. What unifies all
essays is the integration of state-of-the-art ML techniques with well-established
methods and marketing theories. Specifically, the dissertation explores the applicability
of image classification to marketing tasks and provides usage guidelines, analyzes
video marketing in the context of stimulation theory across online and offline channels,
and suggests a novel approach toward information dissemination in marketing
research. Several extensive datasets (field, survey, experiments) obtained from
industry partners enable academic rigor and allow for applicability to practical
marketing. These help to showcase how innovative methodological development (i.e.,
ML) can lead to new insights from unexplored unstructured data sources and enhance
practical decision-making in data-driven marketing. The first essay conducts
comparative studies on image classification. The second essay combines all modes of
data in the analysis of video ads, while the third proposes a novel approach for the
extraction of information from academic articles. Together, they demonstrate the value

and of possibilities for the application of ML methods in marketing.

The first essay “The Language of Images: Performance of Image Classification
Paradigms in Marketing” compares 9 methods for image classification across 18
datasets, 2 training data sizes (large vs. limited), and 3 types of tasks (what, who, how).
The essay summarizes current automated image classification applications in
marketing. It challenges the predominant use of older, popular methods (CNNs) and

highlights conceptual differences to two more recent, language-inspired modelling



approaches (vision transformers, vision language models) and an ensemble that
combines the two methods. The results of this large-scale comparison (i.e., 3,150
experiments) suggest that vision transformers (i.e., ConvNeXt, ViT) outperform CNNs
by +10 ppts on average and show less variation in their performance across datasets.
However, more nuanced results show the value of vision language models for
marketing-relevant applications — that is, complex, perceptual tasks with limited
training data. For researchers willing to invest more effort, it appears that an ensemble
model can combine the best of both worlds and deliver consistent top performance.
Lastly, the essay provides decision support for applied researchers, as it discusses

relevant trade-offs across different tasks (e.g., effort, interpretability, performance)

The second essay “Valuable visual variety? How temporal dynamics of visual
features in video ads affect ad effectiveness” explores the impact of visual variety on
ad effectiveness in more than 3,000 video ads across online (Facebook) and offline
(Television) channels. In an increasingly stimulating world, advertisers need to balance
a fine line to stand out from the noise without overstimulating their prospective
customers. This essay develops a scalable, multi-dimensional measure of semantic
visual variety by comparing the similarity of images. In a multi-method approach, it
leverages various ML methods to control for further stimulation from the videos and
relates the developed measure to consumer behavior. The results suggest that the
relation of visual variety and consumer behavior follows an inverted-U shape across
channels. This relation is mediated by both stimulation and comprehension where
advertisers need to strike the right balance. Consequently, this essay provides

guidelines for visual variety optimization and code to calculate the measure for videos.

The third essay “Methods in Marketing: Leveraging Artificial Intelligence for

Academic Information Dissemination” proposes a novel approach to reviewing



literature and disseminating information in marketing research. In contrast to the other
essays, the focus of this essay lies solely on text analysis. In a dynamic field such as
marketing, it is imperative to follow substantive and methodological developments.
However, an ever-increasing number of publications and the frequent sprouting of
novel (Al) methods make tracking these developments a daunting task. This essay
develops a scalable process for literature review that combines a few-shot classifier
(Tunstall et al. 2022) with generative Al to extract structured information from more
than 21,000 peer-reviewed marketing articles. Using this information, it provides
insights into the development of the marketing research domain from 2010 to 2023 and

identifies increasing complexity in marketing research (see https://www.berd-

nfdi.de/analytics-portal-new/ for a web interface to explore slightly different data based

on the developed extraction approach). The version included in this paper leverages
an extended and updated dataset (analyzing 3x the amount of articles) but is based

on the version accepted for EMAC 2024.

In summary, this dissertation contributes to an increasing stream of literature at
the intersection of ML and its application to practical, data-driven marketing challenges.
It includes a large-scale, comparative study that provides marketers with guidelines for
the use of automated image classification, applies a multi-method approach to
understand visual variety in video ads, and develops a novel process for information
dissemination in marketing research. Together, these essays shed light on some of

the exciting possibilities for the application of ML to marketing topics and their value.


https://www.berd-nfdi.de/analytics-portal-new/
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Table 1 Overview of Dissertation Projects

Title Authors Status Research Methodology Main Results
Objective
The Language of Images: Tetzlaff, Witte, International Compare 3 image Comparative study using 3,150 unique CNNs prevail in marketing research, but
Performance of Image Hartmann, Journal of Research  classification experiments (method-dataset-training data  recent language-inspired modeling
Classification Paradigms Heitmann in Marketing paradigms for size-hyperparameter tuning combinations)  (vision transformers, vision language
in Marketing (2024) (2" round) marketing and aid to assess methods under a variety of models) could improve image
decision making of  settings. Across 3 task types, the best classification accuracy across
applied researchers  performing methods and trade-offs are applications. On average, +10ppts with
evaluated (e.g., effort vs. interpretability) less performance variation
Valuable visual variety:  Tetzlaff', Journal of the Explore the optimal ~ More than 3,000 video ads from two media We find an inverted U-shaped
How temporal dynamics ~ Krugmann', Academy of level of visual channels (TV, Facebook — field and survey relationship across platforms and
of visual features in Kinzinger', Marketing Science  variety in video data partially including actual purchases),  dependent variables. The optimum level
video ads affect ad Hartmann' (3" round) advertising across one lab experiment. Mix of state-of-the-art  of visual variety to drive ad effectiveness
effectiveness (2024) media channels image mining, text classification, and is mediated by both stimulation and
(social media vs. audio analysis machine learning tools comprehension. It is important to strike a
TV) to optimize ad  combined with established empirical balance for sufficient stimulation without
effectiveness models (OLS, neg. bin. Regression, undermining comprehension
mediation)
Methods in Marketing: Witte, Tetzlaff, Working paper Automatically Few-shot text classification and Complexity in marketing increases over
Leveraging Artificial Reisenbichler, (Accepted for assess method conversational Al (GPT4) for information  time. Since 2010 the number of articles
Intelligence for Heitmann EMAC 2024 — usage in empirical retrieval from more than 21,000 full-text published per year and the number of
Academic Information (2025) updated underlying  marketing papers at  articles published in marketing journals. methods used per article have increased.
Dissemination data thereafter) scale Information includes methods used, Our tool helps researchers to easily find

constructs, data source, and others.

relevant information.
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The Language of Images:
Performance of Image Classification Paradigms in

Marketing

Abstract

Images say more than a thousand words. But can marketing leverage language
modeling concepts to study image content? Marketing utilizes image classification
for studying how advertising, social media, or e-commerce images relate to consumer
perceptions and economic outcomes. To accomplish this, marketing publications ap-
ply variants of convolutional neural networks that analyze local image patterns by
examining neighboring pixels. Recent transformer architectures, inspired by language
modeling, study images more holistically by learning relationships across distant image
parts. Even newer vision language models based on generative Al advances create de-
tailed text interpretations of what they ’see’ in images. We study the benefits of these
advances based on 18 marketing-related datasets that cover what and who is visible,
as well as how images are perceived. On average, language modeling concepts improve
image classification accuracy by more than 10 percentage points. When training data
is abundant, transformer architectures perform best and also most consistently across
datasets. Performance of vision language models varies. Relative to alternatives, these
models perform strongest with limited training data and for complex tasks focused on
how images are perceived. Combining them with transformer-inspired architectures as
a multi-paradigm ensemble achieves the best of both worlds, with the highest and most
consistent performance across all tasks and datasets we study.
Keywords: generative Al, computer vision, image mining, machine learning, image

classification, marketing insight



Images attract attention and convey rich information. They can say more than a thou-
sand words, which makes them a crucial element in modern-day marketplace interactions.
Consumers post images that contain brand content (Beichert et al. 2023), marketers dis-
tribute a wealth of advertising images (e.g., Pieters et al. 2010; Rietveld et al. 2020; Lee
2021) and crowdsource designs or use generative Al to create multiple image versions. This
proliferation of image content needs new ways of assessment to understand how to select ap-
propriate image content. Recently, methods have become available that study images similar
to language. In this research, we discuss and assess empirically when these are particularly
useful and how they perform in terms of classification accuracy.

Image analysis has become popular in marketing research. Notably, some applications
go beyond image classification (see Dzyabura et al. 2022 for a comprehensive review of
image analytics in marketing). For example, Gorn et al. (1997) analyze how color relates
to consumer responses of print ads. Others assess the impact of mere image presence on
social media engagement (Li and Xie 2020) or for predicting restaurant survival (Zhang
and Luo 2022). However, the vast majority of image analysis in marketing classifies images
into various categories and uses these classifications in downstream econometric analysis.
For example, Lee (2021) classifies the emotionality of brand-posted images and analyzes its
effect on the average basket size of consumers. Other research classifies facial profile images
to study how ethnicity relates to responses on online platforms (e.g., Zhang, Mehta, Singh
and Srinivasan 2021; Gunarathne et al. 2022). Image classification is also used to classify
relevant frames in crowdsourcing videos and predict the success of crowdsourcing campaigns
(Li et al. 2019). It helps further to assess the impact of specific types of emotions displayed
in online streaming (Lin et al. 2021) and TV broadcasting (Bharadwaj et al. 2022) on viewer
response and sales, or to identify how the attractiveness of the seller relates to their success
on e-commerce platforms (Peng et al. 2020).

These types of analysis are possible because increasingly sophisticated image classification

methods derive structured data from unstructured image content. However, different images



and different image tasks require different capabilities. Consider three conceptual scenarios:
A marketer might want to classify customer emotions in user-generated social media posts
to extract consumer sentiment from image content. Some cases are straightforward, like
a person displaying an unambiguous smile (see Figure 1, panel I). A reliable extraction of
local image features and neighboring smile-related pixels can suffice. However, marketing
imagery often involves more nuance, such as analyzing how consumers interact with products
(see Figure 1, panel IT). Understanding contextual relationships between multiple elements
can improve conclusions — like a person’s facial expression while unboxing a gift. This can
make those image classification models more attractive that learn global connections between
image parts, even if they are distant. What appears as sadness when examining the face
alone can be reinterpreted as joy when considered alongside the gift being received, much

like how understanding a sentence requires connecting words that may be far apart.

Figure 1: Image classification scenarios with increasing difficulty

Local Feature Contextual Relationship Global Narrative

Notes: Upper panel shows original images (FLUX-generated). The lower panel indicates
key image regions and relationships needed for correct classification.

Even more challenging are situations requiring a deep contextual understanding of a vi-


https://huggingface.co/black-forest-labs/FLUX.1-schnell

sual narrative that marketing is often interested in, e.g., when studying multiple nuanced
emotions. The correct interpretation often depends on more complex relations among mul-
tiple focal points (see Figure 1, panel I1I). For instance, the classification of an event photo
can yield very different results depending on whether the focus is on multiple celebrating
individuals, the isolated individual, or the relation between all of them (e.g., majority cel-
ebrating, individual thinking vs. individual not integrated). Recently, automated, detailed
text descriptions have become available that can capture the global narrative of an image.
Translating visual content into natural language might be beneficial to marketing applica-
tions, where context and subtle emotional cues can drive consumer perceptions.

Clearly, the three examples vary in complexity. More broadly, marketers can be interested
in what is displayed (brand, gift, indoor vs. outdoor setting), who is visible (one or multiple
individuals, gender, ethnicities), or how images are likely perceived and which emotions the
images might elicit from their viewers. The latter is a more subjective image-related task,
requiring multiple and more costly annotations to train a classification model (Schamp et al.
2024). These annotations can include several possible emotions a brand’s content evokes and
nuanced multi-class "how’ tasks with many classes (Dzyabura et al. 2022)). On the other
hand, determining whether or not a product is visible in a social media post (a binary 'what’
task; Hartmann et al. 2021) typically requires just one or two reliable annotations per image.

This creates several important trade-offs: While large training datasets help models
learn robust patterns, obtaining high-quality annotations for perception-based tasks is costly
and time-consuming. The challenge intensifies when moving beyond binary classification
(e.g., presence vs. absence of a brand) to multi-class problems (e.g., distinguishing between
multiple emotional states or brand attributes), as each additional class reduces the number
of observations available per category. To which extent attainable accuracy differs has not
been studied so far.

To date, peer-reviewed marketing publications have applied different versions of convolu-

tional neural networks (CNNs). These include popular open-source models such as Inception



(Troncoso and Luo 2023), ResNet (e.g., Zhang, Mehta, Singh and Srinivasan 2021; Dzyabura
et al. 2023), VGG (e.g., Hartmann et al. 2021; Zhang, Lee, Singh and Srinivasan 2021), and
Xception (Bharadwaj et al. 2022). All of these models share the conceptual idea to group
pixels across multiple levels of abstraction to identify relevant features for the classification
task. This might not be ideal for the image examples in panels II and III of Figure 1 that
marketing is also interested in and where relational aspects and image narratives are more
important.

More recently, entirely different classes of models have emerged that follow successful
principles from language modeling in general and text classification in particular. These
include vision transformers like ViT (Dosovitskiy et al. 2020). Vision transformers convert
images into smaller patches that are processed as if they were words in a sentence, allowing
the model to capture both local features and global relationships within images. For example,
the model can learn that distant features like the individual and the gift in panel II are
semantically related, much like distant words could relate in a sentence (so-called long-range
dependencies; Guo et al. 2022).

Even more recently, vision language models like Phi-3 (Abdin et al. 2024), also known
as multi-modal large language models, extend these capabilities further. They combine
generative language modeling with image analytics. They are trained on large-scale, multi-
modal datasets where text descriptions are paired with images (Bordes et al. 2024). Among
other things, this allows researchers to interact with visual data through simple text prompts,
e.g., by asking “What do you expect a person seeing the image to think and feel?”. The
written output can serve as an input to image classification to, for example, understand a
consumer’s emotional response. At the same time, the text output can provide rich diagnostic
insight.

Can the application of these two language-inspired approaches — vision transformers and
vision language models — meaningfully improve image classification accuracy for marketing

applications? Encouraging benchmark studies in computer science suggest vision trans-



formers can outperform CNNs (e.g., Mauricio et al. 2023). However, these datasets do not
resemble the full scope of tasks and dataset characteristics that marketing is interested in.
Most prominently, benchmarks in computer science test large datasets with many train-
ing examples and relatively simple questions like what is visible in an image (e.g., objects,
products; Deng et al. 2009). These results provide little guidance about the actual benefits
in applied marketing settings when training data is costly and often more limited, other
classifications tasks are of interest, and numbers of classes vary.

To our best knowledge, there are no published marketing applications of vision transform-
ers, so their actual advantages on marketing tasks remain unknown. Despite their conceptual
appeal, the image classification potential of vision language models remains entirely unex-
plored. More broadly, it is not clear how these different architectures would perform across
tasks, datasets, and sample sizes, making reasonable expectations for different application
settings impossible. Research on text classification suggests architectural rather than in-
cremental improvements provide practically relevant leaps in performance (Hartmann et al.
2023). In this research, we study whether similar advantages in image classification can be
observed and when these are strongest.

Choosing the most appropriate image classification methods is complex for marketing re-
searchers, as they are ultimately interested in substantive problems and downstream analysis.
Image classification is only one, often preliminary, step in their analytical pipeline. Explor-
ing a complex technical solution space of thousands of alternative options is time-consuming
and nontrivial to explore. Similar to other areas of method choice, e.g., on mediation and
moderation (Zhao et al. 2010) or text classification (Hartmann et al. 2019, 2023; Krugmann
and Hartmann 2024), guidance is useful to understand what works when. For example,
Dzyabura et al. (2023) find that image analysis helps online retailers improve return rates,
and report that an increase of only 8.76 percentage points in accuracy results in more than
1% profit improvement. This is in line with previous studies that suggest substantial eco-

nomic and econometric consequences of suboptimal method choice (Hartmann et al. 2019;



Jaidka et al. 2020; Frankel et al. 2022). The present research reviews past practices of image
classification in marketing. It conceptually compares models applied outside of marketing
to the most recent vision language models, not yet applied for image classification. It tests
these alternatives empirically, and proposes practical, evidence-based decision guidelines for
marketing applications.

Based on more than 3,100 experiments across 18 unique datasets, we find converging
evidence that treating images more like language benefits classification accuracy across ap-
plications. On average, processing image patches like words in a sentence with vision trans-
formers outperforms traditional CNNs by more than 10 percentage points, suggesting that
marketing scholars can benefit from transitioning to these models. It is worth noting that
vision transformer performance also varies less across applications and datasets than that of
CNNs. Vision language models prove particularly valuable for complex perceptual tasks with
limited training data — precisely the conditions many marketing researchers are most inter-
ested in. These models achieve competitive performance while offering higher interpretability
through their conversational interface. However, their performance is less consistent than
that of vision transformers. Combining the strengths of both approaches — the holistic pat-
tern recognition of vision transformers with the natural language understanding of vision
language models — achieves the best of both worlds. Even a relatively simple neural network
ensemble delivers consistent top performance across all marketing applications we study. We
discuss these findings in terms of practical implementation considerations to help marketing
researchers choose the right approach for their specific needs.

The remainder of this paper is structured as follows. First, we systematically review
existing marketing applications of image classification and then discuss the conceptual dif-
ferences between the image classification paradigms. In our empirical assessment, we compile
datasets, tasks, training data sample sizes, and number of classes that collectively reflect the
range of marketing applications we can so far observe. We test the highest performing

and most popular exemplars of CNNs and vision transformer and compare these to vision



language models and an ensemble. We study classification accuracy as the most prevalent
performance metric and compare accuracy within and across applications. We conclude with
practical considerations and specific recommendations to help marketing scholars choose the

right image classification paradigm.

I. IMAGE CLASSIFICATION IN MARKETING RESEARCH

How does marketing research apply automated image classification? To obtain a compre-
hensive overview of peer-reviewed applications, we systematically analyzed the full text of
all articles published between 2012 and October 2024 in all marketing-related journals in-
cluded in all major journal rankings, reviewing nearly 25,000 articles in a semi-automated
process.! This surfaced a total of 45 peer-reviewed marketing publications that apply auto-
mated image classification (see Web Appendix A for a full overview of all image classification
applications in marketing). Overall, publications span five distinct research domains with
different research questions and fundamental variations in execution and data characteristics.

First, marketing research studies advertising & promotional effectiveness. It leverages
image classification to understand what attributes of visual content drive engagement. For
instance, Hartmann et al. (2021) investigate the impact of what is visible in brand-related
social media images by training VGG-16 (a CNN) on 19,949 manually annotated images to
classify the image perspective (ego vs. third person). They apply 5-fold cross-validation and
achieve above 90% accuracy allowing them to study a large image dataset. They find that
ego perspectives, i.e., brand selfies, drive higher brand engagement than facial third-person
images, i.e., consumer selfies. Other research investigates the relationship of promotional
effectiveness and who is displayed in an image. For example, Hu et al. (2019) train a model
from scratch based on a large dataset of 26,523 images and find that the inclusion of a face

drives perceived deal quality of promotional images.
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Second, marketing research on consumer insights € behavior also builds on image classifi-
cation of who appears on an image. For instance, Chuah and Yu (2021) study how a broader
range of eight emotions expressed by different humanoid robots (e.g., anger, contempt, fear,
surprise) relate to social media sentiment with a small training sample of only 223 images.
Others study the impact of expected viewer judgments and how images are perceived. For
example, Troncoso and Luo (2023) classify perceived job fit based on freelancer images that
they classify with multiple CNN methods (Inception, VGG, ResNet). They find that better
subjective fit of personal images drives hiring outcomes.

How consumers perceive images is also often studied in a third group of research centered
around brand management. For instance, Liu et al. (2020) fine-tune a CNN to determine
whether brands are perceived as glamorous, fun, healthy, or rugged based on user-generated
image content on social media (Flickr). They find that such ’how’ classifications provide
reliable inferences about consumer brand perceptions.

As in the other three research domains, VGG is also a popular method choice in prod-
uct design € management. This includes predictions of perceived aesthetics of car designs
in Burnap et al. (2023) (i.e., how designs are perceived) that allow marketers to identify
promising designs produced by a generative Al. Since few actual car designs are available
for training a prediction model and many ratings per design are needed to compute mean-
ingful averages, training data only contains 203 images in this case. Others, extract many
image classes. For example, Dzyabura et al. (2023) classify fashion retailing images into 15
categories and find that product return rates are a function of image content.

Fifth and similar to research on advertising and promotional effectiveness, research on
media management applies image classification to extract 'who’ or 'what’ objects are visible
on images. For instance, Zhang et al. (2024) study Airbnb booking rates as a function of
host’s facial expressions based on a binary image-related task, whether host images feature an
engaging smile. For this purpose, they collect a sizeable training dataset of 9,000 images to

fine-tune a ResNet model, finding that host smiles drive booking rates by 3.5% on average.



Similarly, He et al. (2023) identify whether a bed- or living room is displayed in Airbnb
photos. Results indicate that showcasing a living room in the background image of the
listing is increasing booking rates.

In summary, these diverse marketing applications in these five areas differ in terms of
the image-related task (what is visible, who is visible, and how the image is perceived), the
size of the available annotated training data (ranging from a few hundred to many thousand
observations), the classification method that is applied (training models from scratch or
fine-tuning CNN models like ResNet, VGG, Inception), and the number of classes that they
study (ranging from binary classifications to more than 99 classes; see Web Appendix A
for a full overview). They also typically include various steps of hyperparameter selection.
The most prevalent performance metric is accuracy, i.e., the share of classifications that is
assigned correctly as evidenced by a validation dataset or n-fold cross-validation. Table 1
summarizes the scope of image classification in marketing. We will follow these types of
applications, datasets, and tasks in our empirical comparison to obtain relevant insights on
how CNNs compare to more recent alternatives in typical marketing research settings. Next,

we will discuss these alternative image classification architectures in more detail.

II. PARADIGMS OF IMAGE CLASSIFICATION

Three main paradigms of image classification have emerged. While nearly all 45 existing
peer-reviewed publications in marketing have relied on CNNs, two language-inspired models
exist that follow very different paradigms: vision transformers and vision language models.

Figure 2 summarizes these paradigms and highlights their main differences.

Convolutional Neural Networks

CNNs have the longest history in image classification. LeCun et al. (1998) introduced the

idea to employ a sequence of kernel operations across convolutional neural network layers.
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Table 1: Core categories for image classification and current marketing practices

Category Current Marketing Practice

Research Domains & DVs .

Advertising & promotional effectiveness: Ad effectiveness, CTR, purchase
intention, sales (e.g., Feng et al. 2021; Hartmann et al. 2021)

Brand management: Brand perception, hiring outcome (e.g., Klostermann
et al. 2018; Lee 2021)

Consumer insights € behavior: Emotional response, engagement, viewer
reaction (e.g., Peng et al. 2020; Chuah and Yu 2021; Zhang et al. 2023)

Media management: Booking rate, intention to watch, popularity, sales (e.g.,
Liu et al. 2018; Schwenzow et al. 2021)

Product design & management: Aesthetic appeal, crowdfunding success,
product rating, return rates, sales (e.g., Burnap et al. 2023; Dzyabura et al.
2023)

Image-related Tasks °

What is on the image (e.g., Hartmann et al. 2021; Overgoor et al. 2022;
Zhang and Luo 2022)

Who is on the image (e.g., Zhang, Mehta, Singh and Srinivasan 2021;
Bharadwaj et al. 2022)

How is the image perceived (e.g., Liu et al. 2020; Lee 2021)

Dataset Characteristics °

Number of training images: Ranging from 203 to > 500,000 (Burnap et al.
2023; Zhang, Mehta, Singh and Srinivasan 2021)

Number of classes: Ranging from 2 to > 99 (Chang et al. 2023; Zhang et al.
2023)

Methods

Full-NN-Training: e.g., 4-layer CNN, 7-layer CNN, trained from scratch (Hu
et al. 2019; Peng et al. 2020)

Transfer learning: e.g., VGG, ResNet, pretrained on ImageNet (Dzyabura
et al. 2023; Hartmann et al. 2021)

Method Training °

Hyperparameter selection: e.g., batch size, epochs, learning rate (Liu et al.
2020; Hartmann et al. 2021)

Evaluation: e.g., train-validation-test split, 5-fold cross validation (Liu et al.
2020; Hartmann et al. 2021)

Metrics: e.g., accuracy, AUC-ROC (Burnap et al. 2023; Zhang, Mehta,
Singh and Srinivasan 2021; Troncoso and Luo 2023)

Notes: Analysis based on 45 publications in marketing-related journals (see Web Appendix A).
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Figure 2: Overview of image classification paradigms
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Each kernel slides across the input image, computing weighted sums of pixel values within a
small local region at each position (e.g., a 3 x 3-kernel as indicated in Figure 2). This sliding
kernel operation makes CNNs translation invariant — meaning they can detect patterns
regardless of where they appear in the image — since the same kernel weights are applied at
every spatial position. Using these shared weights across positions also makes CNNs much
more parameter efficient than fully-connected networks that would require separate weights
for each pixel position.

Lower convolutional layers are more directly related to (groups of) image pixels and learn
low-level features in close proximity (e.g., characteristic patterns, edges of pixels). Higher-
level layers then combine these low-level features to identify more abstract patterns (e.g.,
the smile of a person) (Chollet 2021). Based on a classification head, the CNN can identify
which combination of low- and high-level features is most indicative for an image-related
classification tasks (see Web Appendix B for more details). For example, facial features
like a smile can be particularly useful to automatically assign expressed emotions to images.
CNN models can learn such features in different image positions and orientations, as well as
in different contexts. This makes them well suited to capture all smiles, no matter where and
how they appear. This hierarchical feature extraction approach is likely well-suited when
contextual visual information surrounding a target object is less important for a correct

assessment. For example, when studying which room an Airbnb ad displays, individual
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image features like a sink or a couch can provide reliable indications. However, classifying
more nuanced emotions like compassion related to a complex group setting could benefit

from taking more contextual detail into account.

Vision Transformers

Vaswani et al. (2017) introduced the transformer architecture based on self-attention mech-
anisms, which enable it to learn which combination of words in a longer sequence are most
relevant to each other when processing sequential data. Unlike CNNs that analyze informa-
tion through local receptive fields, transformers can process relationships between elements
regardless of their distance in the input sequence. This capability is important in natural
language processing. For example, to understand the sentence “I threw the ball to her”,
the model must connect the distant words describing who performed the action (“I”) and
who received it (“her”). Through self-attention, transformers learn which parts of an input
sequence to emphasize or to ignore, enabling them to capture these long-range dependencies
between features.

Dosovitskiy et al. (2020) propose to translate this language processing capability to im-
age analysis. Their vision transformer treats images analogously to sentences — just as
transformers process sequences of words, vision transformers process sequences of image
patches, learning global dependencies in images (Dosovitskiy et al. 2020). Conceptually, this
language-inspired approach promises to be particularly powerful for complex image classifi-
cation tasks that require understanding relationships between distant objects or identifying
patterns across the entire scene. For example, when studying brand personality based on
user-generated image content, associations such as glamorous or fun might be of interest.
Small reconfigurations of similar image objects can shift such nuanced associations. While
a person wearing expensive jewelry can signal glamour, a person with a baby which wears
the same jewelry might signal fun. Since such nuanced relations are of interest to many

marketing applications, transformer models might yield better results than convolutional
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architectures. However, the actual size of these possible benefits and whether these warrant

transitioning to transformer methods is an open question that we address in this research.

Vision Language Models

Vision language models have recently attracted much attention due to their ability to process
meaningful multi-modal data, i.e., providing detailed textual interpretations based on input
images and text prompts (Bordes et al. 2024). These models forge a novel link between
visual understanding and textual interpretation by mapping images to language. While
their potential for image classification has yet to be explored, their ability to create detailed
text descriptions offers new data and new classification potential. Specifically, these text
descriptions can then be used as an input for a final classification layer, offering unique
properties that are different from the image embedding representation of CNNs and vision
transformers.

Unlike the pixel-level features used by CNNs and vision transformers, vision language
models can better capture higher-order semantic meaning through their integration of vi-
sual and textual information. Marketing researchers can build on models that have been
trained on vast amounts of paired visual-text data to deliver plausible and nuanced image
interpretations that might grasp subtle contextual differences not attainable with the other
architectures. When extracting nuanced emotions from sparse data, plausible image narra-
tives can be more informative than the analysis of image features or relations between them.
For example, the vision language model Phi-3 interprets panel 111 in Figure 1 as “the sitting
person [...| appears possibly frustrated.”. In contrast, a fine-tuned CNN (ResNet) simply
predicts the emotion of the entire image as “joy”.

Similar insights are more challenging to attain with CNNs and vision transformers. Ac-
cordingly, research has criticized them as black boxes (e.g., Rai 2020; Liu et al. 2023) requir-
ing complex post-hoc interpretation algorithms, such as GradCAM (Selvaraju et al. 2020;

Hartmann et al. 2021). Vision language models offer inherent interpretability through the
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textual outputs.

In terms of image classification, the dimensionality reduction of translating images into
text could make vision language models achieve a performance that matches and perhaps ex-
ceeds current state-of-the-art image classification methods. Detailed text interpretations can
be obtained from general-purpose models without fine-tuning or model training. This allows
researchers to train models exclusively on text output, which operates on much lower dimen-
sionality than high-dimensional image data. These capabilities can make vision language
models particularly appealing for marketing questions centering around viewer perceptions,
where gathering large annotated training datasets from multiple respondents from specific
target groups is costly. Vision transformers and CNNs; on the other hand, often lack pre-
training on the image-related tasks marketing is interested in. For example, for individual
brands, product categories or research objectives, different taxonomies of brand personality
can be of interest. This requires extensive fine-tuning and retraining for each brand person-
ality study, including costly collection of labelled training data. Image classification with

vision language models can build on text analysis and might simplify such fine-tuning.

Multi-Paradigm Ensemble

While vision language models offer unique advantages through their textual interpretations,
relying solely on these representations may discard valuable pixel-level information. Since
existing benchmarks suggest superior performance of vision transformers for objective "'what’
image-related tasks, combining these models with vision language models is a natural ex-
tension. Such an ensemble of both model paradigms (i.e., vision transformers and vision
language models) could allow a classification model to leverage both local feature extraction
and the text descriptions of more complex contextual relationships.

Figure 3 illustrates the inference pass of such an ensemble architecture. The ensemble
consists of a classification head trained on concatenated feature vectors of both models. For

the vision transformer component, one can extract the high-dimensional embedding vector
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Figure 3: Exemplary inference pass of the ensemble architecture
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from the penultimate layer. The vision language model component generates a textual
interpretation of the image, which can be converted into a numerical representation using
bag-of-words methodology before feeding it to the classification head?. Note that such an
ensemble requires fine-tuning at the level of the vision transformer as well as training the
classification head. To avoid data leakage, it is advisable to employ different training datasets
for both objectives and exclude both of them from the out-of-sample predictions for model
assessment (see Web Appendix C for further details on the ensemble architecture and training

process).

Implications for Different Image Classification Tasks

The fundamental architectural distinctions between CNNs, vision transformers, and vision
language models lead to distinct approaches in processing visual information. Depending the
selected image-related task of interest as well as dataset characteristics, these architectural
properties can become helpful or detrimental to the classifiers’ performance. As illustrated

in Figure 1, image classification tasks can vary significantly in complexity. While CNNs

2Using embeddings from OpenAl (text-embedding-3-small) instead of the raw bag-of-words texts resulted
in lower overall performance in our experiments.
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likely excel at tasks requiring local feature detection in unambiguous images through their
convolutional operations, more complex tasks may benefit from vision transformers’ ability
to capture contextual relationships between objects or vision language models’ capacity to
interpret global narratives based on different visual focal points.

When choosing an image classification model, the actual consequences of these conceptu-
ally different methodological choices remain an open question. Next, we will assess a broad
range of marketing-relevant datasets to understand benchmark accuracy values and provide

empirical evidence about what works when.

III. EMPIRICAL ANALYSIS OF IMAGE CLASSIFICATION
METHODS

Datasets and Methodology

To systematically evaluate how different image classification paradigms perform across mar-
keting applications, we compile 18 unique datasets spanning the types of questions, image-
related tasks, and numbers of classes that have so far been studied in marketing research.
We obtain publicly available datasets from marketing publications listed in Web Appendix
D (e.g., Wang et al. 2020; Hartmann and Exner 2024) and complement these by public
image datasets available on Kaggle that mirror typical image-related classification tasks in
marketing.

Figure 4 summarizes the number of datasets related to each research domain, image-
related tasks, as well as the number of classes. The datasets we were able to identify feature
more image-related tasks containing 'what’ and ’how’ questions rather than 'who’ ques-
tions. Most datasets also originate from consumer behavior research. Both reflect current
publications in marketing. More importantly, the total compilation of all datasets contains
representative examples of each research question and image-related tasks allowing us to

assess the stability of results across applications.
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In terms of the number of classes, we split datasets into a few (below median, i.e., less
than 6) vs. many (above median, 6 or more) number of classes to gain an intuition about
the impact of the training data size. Full information about each individual dataset and its
characteristics is available in Web Appendix D and Web Appendix E.

According to section I, marketing research often uses several hundred to several thousand
manually annotated training images for fine-tuning and training classification models. Since
collecting training data can be costly, in particular when multiple labels are needed, we
investigate the role of the training data size. For each dataset, we randomly sample 1,000
images per dataset (large training data) and also limit training data to only 200 images per

dataset (limited training data).

Figure 4: Overview of datasets in our empirical analysis

Ad’s & Promo. 'Brand M. Consumer Behavior Media M. Product D.

Research Domain 3) 2) @) (3) (3)

What Who How

Image-related Tasks @) 2) (7)
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Number of Classes (8) (10)

Notes: The number of datasets is displayed in parentheses.

We compare representative methods from the three key paradigms of image classification.
Specifically, we include all CNN architectures previously used in peer-reviewed marketing
research, i.e., InceptionV3 (Szegedy et al. 2015), ResNet152 (He et al. 2015), VGG19 (Si-
monyan and Zisserman 2015), and Xception (Chollet 2017) as well as a CNN trained from
scratch. For architectures with multiple versions (e.g., VGG16 and VGG19), we use the
newest and largest variant to ensure fair comparison (see Web Appendix B for a more de-
tailed description of all methods).

To test how language-inspired architectures perform, we include the original vision trans-
former (i.e., ViT; Dosovitskiy et al. 2020) that pioneered treating image patches as words

and ConvNeXt (Liu et al. 2022). ConvNeXt builds upon the ResNet, but segments images
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into patches and organizes them into sequences, allowing the model to process images in
a manner analogous to how sentences are handled in transformer architectures. We add
ConvNeXt because it has achieved good performance in benchmarks for other applications
(Mauricio et al. 2023). For a fair comparison across paradigms, we use ImageNet pre-training
for both CNNs and vision transformers, following typical practice in marketing.

To evaluate the potential of vision language models for image classification, we include
Microsoft’s Phi-3 (Abdin et al. 2024), an open-source model that can provide detailed textual
descriptions of images.> We use the vision language model to generate textual descriptions,
which are subsequently transformed into numerical representations using the bag-of-words
methodology. These representations serve as an input to a two-layer fully-connected neural
network, which is trained separately for each dataset (Chollet 2021).

Lastly, we implement a multi-paradigm ensemble combining ConvNeXt’s visual features
with Phi-3’s cross-modal understanding, as described in section II. We investigate this spe-
cific combination because ConvNeXt builds on ResNet and thereby includes conceptual ad-
vantages of both CNNs and vision transformers, while Phi is extending the model by an
entirely different text-based approach. As illustrated in Figure 3, we extract the image em-
beddings of the ConvNeXt model and combine these with the bag-of-words representations
of the Phi-generated text descriptions. The concatenated features are fed into a two-layer
fully-connected neural network that serves as the classification head of the ensemble (Chollet
2021).

We conduct hyperparameter optimization for each method, dataset, and training data size
combination to take the fact into account, that optimal settings can vary across paradigms
and tasks. This results in a total of 3,150 experiments (18 datasets x 2 large vs. limited

training data sizes x 9 methods x 10 hyperparameter optimization runs?) (see Web Ap-

3We deliberately used an open-source model instead of a closed-source model such as GPT-4o to ensure
replicability and cost-efficient accessibility.

4The AIDA funnel car dataset contains less than 1,000 images and is therefore excluded from the large
training data availability condition. This reduces the total number by 9 * 10 = 90 experiments.
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pendix C and F for a full overview of all implementations in our empirical analysis). We
focus on accuracy as a performance metric because it is the most widely reported metric
across marketing publications. Since manually annotated observations are limited in some
cases, we implement 10-fold cross-validation to provide a robust measure of model perfor-
mance while reducing the risk of overfitting to a single validation dataset. Specifically, we
split the training data into 10 equal-size subsets. We then run 10 iterations, training the
model on 90% of the data (nine folds) and validating on the remaining 10% (one fold), ensur-
ing each fold serves as the validation set exactly once. The average accuracy score across all
10 validation sets is the primary measure of performance across methods, tasks, and datasets

that we report next.

Accuracy of Image Classification Paradigms

Average Performance Across Datasets

We first compute global accuracy scores across all datasets and tasks for both the large
and limited training data scenarios. According to Figure 5 average accuracy differs strongly
between traditional CNNs, vision transformers, and vision language models. Most notably,
language-inspired vision transformers and the ensemble demonstrate superior performance
for both data-rich (1,000 training data; left panel) and data-scarce applications (200 training
data; right panel).

While the overall ranking of methods is similar, there are also important differences be-
tween data-rich and data-scarce applications. When large training data is available, differ-
ences between paradigms (ensemble, vision transformers, CNNs, and training from scratch)
are more pronounced than differences within each paradigm. Specifically, which CNN or
vision transformer is chosen has relatively small consequences on inferences of only a few
percentage points. Conversely, differences between paradigms exceed double-digits in per-

cent accuracy. This is similar to research on text classification, where architectural rather
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than incremental innovations are the main performance driver (Hartmann et al. 2023).

With large training data, the vision transformer ConvNeXt model emerges as the best in-
dividual method (77.4% accuracy), substantially outperforming all traditional CNNs. Among
CNNs, Xception achieves the highest accuracy (64.2%). Full training of neural networks from
scratch assigns more than 50% of all validation images to the wrong categories. On average
and across all applications, the vision language model Phi has only moderate performance
(62.0%) when used individually. However, the method ensemble of Phi and ConvNeXt
achieves the best performance (78.2%) across all methods. It also exceeds the accuracy of
ConvNeXt (77.4%) on its own, although the difference is small.

For limited training data, differences within paradigms, i.e., within the vision transformer
models and within the CNN models, are larger, suggesting incremental differences between
models can make a greater difference. As a consequence, the best performing CNN Xception
even outperforms the lowest performing vision transformer ViT (56.4% vs. 55.0%). Despite
the limitation to only 200 training images, ConvNeXt still classifies about 60% of all valida-
tion images correctly, making it the best individual method, also for limited training data.
Conversely, lack of training data results in about 60% false labels for neural network training
from scratch. Interestingly, while Phi again performs about average with limited training
data, the difference between Phi and ViT is much smaller (52.7% vs. 55.0%). More impor-
tantly, combining Phi with ConvNeXt comes with a much larger benefit than we observed
for large training data. For limited training data, the ensemble makes about 10% fewer
errors than the next best model, ConvNeXt (68.7% vs. 59.5%). This suggests that Phi can
extract relevant information that is otherwise not considered by the other visual classifiers.
Specifically, combining different aspects of language-inspired processing — treating images
as sequences of patches and generating natural language descriptions — appears to create
complementary benefits.

Overall, the vision transformer ConvNeXt provides a sizeable improvement in attainable

accuracy when compared to CNNs such as VGG that was used most frequently in prior
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marketing research (difference about 18% for large and 11% for small training data). This
suggests transitioning to transformers can have a sizeable impact on conclusions. Beyond

that, the effort involved in training an ensemble pays off most strongly when training data

is limited.
.
Figure 5: Average accuracy across all datasets across methods
Large Training Data Limited Training Data
Ensemble 78.2% Ensemble 68.7%
ConvNeXt 77.4% ConvNeXt
ViT 75.2% Xception —56.4%
Xception — 64.2% ViT 55.0%
ResNet - — 63.7% Phi 52.7%
Inception — 61.2% VGG —50.7%
VGG — 59.5% Inception — 48.9%
Full-NN-Training —48.0% Full-NN-Training —41.5%
30% 40% 50% 60% 70% 80% 30% 40% 50% 60% 70% 80%

Accuracy (%) Accuracy (%)

Notes: Accuracy distribution for each method based on 10-fold cross-validation of best performing hyper-
parameter settings. Performances of CNNs are displayed in light gray, vision transformers in dark gray,
vision language model in blue, and the multi-paradigm ensemble in red color.

Performance on Dataset Level

In contrast to other image benchmark studies that are often limited to a few illustrative
datasets (e.g., Guo et al. 2017), the previous results were based on 18 different datasets
with actual applications in marketing. While these average values provide reasonable expec-
tations, it is not clear whether performance generalizes across individual applications. For
example, the ensemble achieves the highest relative performance on average. However, indi-
vidual applications might still fall well below the average accuracy of 78.2 or 68.7 percentage
points. Therefore, we compare method performance across all individual datasets in Figure
6. To facilitate the interpretation of performance consistency, Figure 6 orders datasets by
decreasing accuracy and groups each method paradigm following the color scheme of the

aggregate results.
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This comparison across datasets and paradigms results in several noteworthy conclusions.
In relative terms, the ensemble of vision transformers and vision language models (red line)
results in consistent top performance for both large and limited training data. This suggests
that combining transformer-based visual processing with language understanding creates
robust performance advantages across diverse marketing applications.

Absolute performance, however, varies strongly. While, for example, positive and nega-
tive facial emotions are classified correctly in above 90% of cases, only about 50% of brand
logos are correctly identified on image content with the top-performing ensemble method.
This suggests ’lighthouse’ leaderboard illustrations with isolated applications can be mis-
leading for individual marketing tasks. Even for ensembles, image classification accuracy
can vary substantially and needs to be carefully assessed for each image-related task.

Traditional CNNs and training from scratch (light gray lines) show highly variable per-
formance across datasets for both large and limited training data. For instance, ResNet’s
accuracy fluctuates by over 30 percentage points between different datasets and tasks under
both data conditions. This volatility means marketing researchers cannot form reasonable
expectations about the performance of CNNs. Consequently, comparing CNNs to alternative
paradigms is highly recommended to ensure robust and informed decision-making.

For vision transformers (dark gray lines) relative performance variability is a function of
the available training data. As we saw in the aggregate analysis, with few exceptions they
perform en par and sometimes slightly better than the ensemble. However, performance
varies strongly with limited training data, where ensemble performance is much less affected
by differences between image-related tasks. Both aggregate performance and consistency of
performance make the ensemble method an especially attractive choice when training data

is limited — a common scenario in marketing applications.
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Figure 6: Method performance across datasets
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Interestingly, the vision language model Phi (blue line) can provide competitive perfor-
mances for a few datasets — most importantly classifications of emotions and image sentiment.
Performance is particularly strong for small datasets. This can be due to its large-scale pre-
training on vast, multi-modal data, as well as its zero-shot natural language descriptions
of the images that require no task-specific training data. In addition, many datasets for
which the vision language model achieves a competitive performance contain a relatively
large number of classes (e.g., 21, 16). On the other hand, performance of Phi alone varies
most strongly. Frequently, it fails to match the accuracy of vision transformers and, in some
cases, even underperforms CNNs, achieving correct label assignments in less than 30% of
the samples — for instance, in the classification of products into e-commerce categories. This
suggests the intuitive appeal and ease of application of vision language models should not
be mistaken for consistent or reliable classification performance.

Next, we will investigate when each method works best by conducting an analysis of
method performance depending on the number of classes and group of image-related tasks

next.

Performance Across Image-related Tasks and Number of Classes

According to the previous analysis, both ensembles and vision transformers result in similar
relative performance for large training data. For larger training data, performance is consis-
tently above and in a few cases en par with CNNs and vision language models on their own.
For limited training data, performance is less consistent and therefore more interesting to
investigate in more detail.

Therefore, Figure 7 displays the performance of each method trained on 200 samples
split by image-related tasks and few. vs. many classes (above and below median) (see Web
Appendix G for the same analysis for large training data). Vision transformers and stronger
CNNs, i.e., ConvNeXt, ViT, ResNet, and Xception, achieve high accuracy values close to 80

percent for datasets containing an image-related task resembling a 'what’ or 'who’ question
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and less than six classes, reflecting their strong capabilities for basic object and person
recognition. These results seem reasonable, taking in consideration that these methods have
been developed and tested with objective image-related tasks in mind (e.g., classification of
individuals and objects shown on an image). In addition, the pre-training on the ImageNet
dataset, which is a multi-object classification task, makes these models well suited to address
'what” and 'who’ tasks. On their own, simple to apply vision language models do not
represent a valid alternative for these objectives. This is different for perceptual 'how’ tasks,
where vision language models attain comparable performance. For many classes, ensembles

perform best or en par across all three image-related tasks.

Figure 7: Accuracy depending on image-related task and number of classes (limited training
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Notes: FError bars indicate standard error. Analysis of many classes limited to 'what’ and "how’ tasks, since
datasets with many classes and 'who’ tasks were not available.

However, conclusions differ fundamentally when task complexity increases. As expected,
classification accuracy declines with more classes. However, this effect is strongest for CNNs
and vision transformers. For many classes, the ensemble outperforms both vision transform-
ers and CNNs by more than 10% making the effort involved in ensemble training particularly
useful when many classes shall be assigned. Interestingly, Phi on its own achieves compara-

ble performance as the ensemble for ’how’ questions with many classes. It also assigns 10%
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more labels correctly than vision transformers and CNNs. Pre-trained knowledge about se-
mantic relationships between visual concepts and natural language descriptions may have
contributed to performance for these types of marketing applications.

These results suggest that language-inspired approaches — whether through ensembles
or vision language models — offer particular advantages for the complex perceptual tasks
common in marketing research, especially when faced with limited training data and multiple

classification categories.

IV. DISCUSSION

Visual content is rapidly proliferating and increasing in importance for marketing research
and practice. Some argue that computer vision enables a new frontier in marketing that
facilitates a deeper understanding of visual communication and its effects (Grewal et al.
2021). While a plethora of image classification methods are available, marketing has lacked
comprehensive guidance on their relative performance.

This research has provided an overview of automated image classification practices in
marketing research. Across publications, it became evident that marketing research has
primarily relied on CNNs that process images by analyzing local patterns of neighboring
pixels. Marketing has not yet leveraged more recent paradigms that process images more
like language — either by treating image patches as words in a sentence (vision transformers)
or by generating natural language descriptions of image content (vision language models).

We conducted a large-scale empirical comparison of these three paradigms — CNNs; vision
transformers, and vision language models — performing over 3,100 experiments on 18 distinct
datasets that reflect typical marketing applications. Our results demonstrate clear benefits
of language-inspired approaches. On average over all datasets, vision transformers that
process image patches like words achieve accuracy improvements of more than 10 percentage
points compared to CNNs by better capturing relationships between distant image regions.

Vision language models perform less consistently. They show particular promise for complex
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perceptual tasks with limited training data by leveraging their ability to interpret images
through natural language. Most notably, combining both language-inspired paradigms in an
ensemble that leverages both patch-based processing and natural language understanding
achieves the highest and also remarkably most consistent relative performance across nearly
all experiments.

These findings suggest that marketing researchers can significantly benefit from moving
beyond traditional CNNs to embrace language-inspired approaches. Processing images more
like language appears particularly valuable for more nuanced perceptual tasks common in
marketing research, especially in data-scarce contexts with many classes. Our results pro-
vide clear guidance for selecting and implementing these more advanced approaches while
maintaining practical applicability.

Choosing the right method is important because it helps to avoid inferior method choices
that can result in suboptimal potential economic decisions and inflated standard errors, as
well as biased estimates in econometric analysis (Hartmann et al. 2019; Jaidka et al. 2020;
Frankel et al. 2022). To assist in method choice, Table 2 summarizes the trade-offs involved
in choosing a classification method based on the associated average accuracy values that
we have observed in this investigation. From left to right, researchers will start with a
research question that defines the image-related classification task they are interested in.
The collection of manually annotated training images can involve varying levels of effort —
collection may be straightforward, such as quickly tagging different image perspectives (e.g.,
Hartmann et al. 2021), or more demanding, such as gathering multiple consumer responses
to evaluate advertising effectiveness (e.g., Jansen et al. 2024). Similarly, the image-related
task defines how many classes are of interest, e.g., nuanced emotions as in Chuah and Yu
(2021), or binary sentiment as in Zhang et al. (2024). Depending on these decisions related
to the research question and the amount of effort researchers can invest in data labelling,
different methods perform best. These methods in turn come with different training effort

and provide different levels of insight into the underlying classifications.
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Table 2: Ranking of method performance to aid marketing researchers in selection process

Available image classification paradigms
with top performing methods

Multi-paradigm Vision language Vision Convolutional
ensemble models transformers neural networks
Phi & ConvNeXt Phi ConvNeXt ViT Xception
Image- Required Number of High effort, Low effort, Medium effort,  Medium effort,  Medium effort,
related training data  classes to low high low low low
task size classify interpretability interpretability ~ interpretability interpretability  interpretability

. Many 2 (-1.8%) 3 (-5.5%)
arge
What 9 Few 3 (-1.3%) 1 2 (-0.4%)
P SR -\ ————
) Many 2 (-13.8%) 3 (-14.8%)
Limited E 2 (7.0%)
ew -(.U%
Large Few 2 (-0.7%) 1
Who
Limited Few 3 (-1.2%) 2 (-0.8%)
Many 3 (-6.2%) 2 (-3.7%)
Large
H Few 1 2 (-0.9%)
[ N vt
o Many 2 (-2.5%) 3 (-14.4%)
Limited
s DETSROONN

Notes: Difference in accuracy to top-performing method in percentage points in parentheses.

Table 2 provides evidence-based guidance, on the relative accuracy that is attainable for
these different considerations. It highlights the relevant trade-offs involved in choosing the
best method. For example, some methods perform very similar and differ only on a few
percent accuracy. In these cases, even a suboptimal method can represent the better overall
trade-off. The overview demonstrates that researchers can achieve strong performance by
focusing on just a few key methods. Ensemble application requires fine-tuning of a vision
transformer such as ConvNeXt and training of a classification model on top that integrated
text and image features. Clearly, this represents the most effort out of all methods we have
reviewed. Researchers willing to invest the effort in training the ConvNeXt-Phi ensemble
can achieve a consistent high performance for seven out of ten application settings. In the
three cases, where the ensemble is not top-ranked, the gap to the best performing method,
i.e., ConvNeXt or ViT, remains small (less than 1.3% in all cases). This means focusing
exclusively on ensembles comes with little risk in terms of suboptimal accuracy, making

them the best choice for researchers that study many different image classification problems
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and can leverage their effort of setting up a fine-tuning pipeline once and applying it to many
problems.

Some researchers might refrain from choosing multi-paradigm ensembles because of the
effort involved and expertise required. Perhaps image classification is only used in a ro-
bustness check or to provide complimentary evidence. Whenever image classification is only
indirectly related to the main marketing problems, researchers might prefer to conduct sim-
pler fine-tuning. In these cases, collecting training data pays off, in particular for 'what’
tasks, where training data is easiest to collect. Whenever large training data is attainable,
vision transformers and ConvNeXt in particular perform best and only slightly worse than
the multi-paradigm ensemble. When training data is limited, the accuracy costs of not es-
timating the best possible ensemble model become larger. This is of particular concern for
"how’ tasks, where data collection is particularly costly.

Finally, interpretability and diagnostic information about which elements contribute to
certain classifications can be of particular interest (e.g., when understanding which image fea-
tures result in specific emotions). Given the black-box nature of CNN and transformer-based
methods, such objectives can be best achieved with Phi alone. While Phi never achieved top
accuracy in any of our applications, the accuracy trade-off is smallest for complex scenarios
involving many classes and 'how’ tasks, especially with limited training data. On their own,
they are particularly easy to apply since text output is readily available without training
and standard text analysis can be applied for classification (see Hartmann et al. 2019). We
expect that this small trade-off in accuracy compared to the ensemble will be attractive
for many researchers to better understand the classification task and save effort of multiple
fine-tuning exercises.

As vision language models continue to advance rapidly, we expect their performance —
and by extension that of ensembles incorporating them — to improve further. At the same
time, fine-tuning vision language models is currently challenging for most researchers and

will likely remain so due to their more complex nature. This means image objects that
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standard models do not know (e.g., logos of unknown brands, novel product designs) will
not be included in the text descriptions limiting their application. This is another advantage
of the multi-paradigm ensemble, which allows training specific content into the ConvNeXt
model while still leveraging the detailed image narrative of vision language models for all
remaining content.

Despite the breadth of datasets and methods included in our study, our investigation
cannot cover all potential image classifications tasks marketers might become interested in.
Other (novel) tasks might result in different levels of accuracy. However, in terms of relative
performance, we have found remarkably consistent advantages of the ensemble and vision
transformers. While performance assessments are always advisable, it is reasonable to expect
similar top performance of the ensemble and vision transformers for other applications as
well. Furthermore, this research has revealed predictable and theoretically plausible limi-
tations. Specifically, when training data is limited, conventional CNNs, such as Xception,
demonstrate comparable performance, particularly for 'what’ tasks—those for which these
models were originally designed. Conversely, vision language models should be considered
a unified alternative for tasks involving large training datasets and 'how’ tasks, which often
require the interpretation of more complex content relationships. Since both vision language
models and the ensemble have not been applied to image classification and vision transform-
ers are new to marketing, we provide an end-to-end Python script, requiring little to no
coding knowledge to leverage state-of-the-art image classification methods [URL BLINDED
DURING PEER REVIEW].

None of these implementations require computational resources beyond what has been
already applied in marketing. Specifically, VRAM memory can be an important constraint
and none of our implementations require more than 16 GB, with the multi-paradigm ensemble
requiring only 10 GB. In terms of computational resources, the different paradigms therefore

do not differ in relevant ways. Only the ensemble requires training two models, which
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increases the computational effort.® For example, fine-tuning ConvNeXt on the emotion
dataset comprising six classes, with 900 training images and a batch size of 16, required an
average of 9.18 minutes per fold when performed on a single NVIDIA A6000 RTX GPU with
48 GB of VRAM. Since these computing resources are easily available on cloud services, we
consider these as well as the shorter computational times of the individual methods not a
relevant concern for most practical and scientific applications.

In this research, we optimized learning rate, batch size, and number of epochs, the three
most commonly adapted hyperparameters in the application of image classification. Our
results are based on these optimal decisions and should be interpreted with this considera-
tion in mind. Whenever manual hyperparameter tuning seems not feasible, we recommend
using such automated procedures (e.g., Akiba et al. 2019). How to arrive at these values is
documented in the supplementary code to this article.

During our empirical analysis, we implemented the ensemble using a two-step approach
(i.e, first generating textual descriptions, extracting bag-of-words vectors, and training a
neural network classification head). Arguably, this represents a relatively simple approach.
We have experimented with more sophisticated language modeling and text embeddings,
which have not improved performance. However, there is much potential in additional fine-
tuning of vision language models and testing alternative prompting strategies. For example,
vision language models could be used to generate a classification directly by prompting the
model to output the most probable class given a pre-determined set of classes. We tested this
approach anecdotally using Llama 3.2-Vision, a state-of-the-art open-source vision language
model, on two datasets. Compared to our two-step approach of classification, the model did
not reach the performance of lowest performing full neural network training. This suggests

that while direct classification through prompting is theoretically appealing, these models

5To reduce the time required for training and inference of image classification models, researchers can
use parallel computations using multiple GPUs. This approach is particularly advantageous for large-scale
models and datasets, as it allows computational workloads to be distributed across GPUs (see Dehghani
et al. 2023; Sreedhar et al. 2024 for information on applying parallel computations).
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still benefit from the more structured two-step methods. However, various prompting and
fine-tuning strategies could be tested that go beyond the scope of this investigation.

An important caveat when employing vision language model-based approaches to classifi-
cation are tasks that could be related to societal bias. For example, in our study, descriptions
and classifications of a person’s ethnicity were more difficult to obtain, as some methods have
barriers in place to prevent them from making judgements that could further societal bias
(e.g., gender, age, ethnicity, beauty; Feuerriegel et al. 2024). This can make these models
very sensitive to differences in prompts that researchers should carefully evaluate.

Beyond classification tasks, many marketing applications are also interested in object
detection (e.g., logos and other marketing assets) and in studying the impact of presence,
size, and location. On the surface, such tasks seem similar, as they also make predictions
based on images. However, it requires different methods and training data and cannot be
directly compared to the full image classification tasks that we have studied in this research.
For example, Nanne et al. (2020) compare open-source methods, such as YOLO (Redmon
et al. 2016), and commercial solutions, such as Clarifai, to understand what works best
for object detection. While such comparisons provide valuable insights, the rapid pace
of development in vision language models suggests exciting new possibilities. In the future,
vision language models might address these tasks in a zero-shot manner simply by prompting
them “What can you see on this image? Please provide the coordinates of the bounding box
including the focal object.”

Looking further ahead, future research can also explore vision language models for multi-
image and video scenarios that recent technological advances enable (Cascio Rizzo et al.
2024; Li et al. 2024). As videos are essentially a sequence of images, similar methods can be
applied, but additional considerations play a role (Li et al. 2019; Schwenzow et al. 2021). This
expansion into video analysis represents a natural evolution of our findings, as the language-
inspired approaches that proved valuable for single images may be even more powerful for

understanding temporal sequences of visual content.
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While new methods in computer vision will certainly emerge, many findings of our anal-
ysis will likely remain relevant. Specifically: (1) ensemble methods combining multiple
paradigms help with performance across many use cases, (2) relative performance of vision
transformers and the ensemble is more robust than that of CNNs or training from scratch,
(3) compared to alternatives, readily interpretable vision language model classifications are
most promising for datasets with limited training data and many classes.

Our results have revealed an encouraging message for marketing researchers: useful meth-
ods for various interesting image-related tasks are available and can be applied relatively
easily. The emergence of language-inspired approaches has made sophisticated image analy-
sis more accessible while often improving performance. Using these technologies will further
expand our understanding of how image communication drives consumer behavior and mar-
ket response. We hope that our findings encourage further marketing research to leverage

the exciting potential associated with large-scale image data.
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I: RELATED LITERATURE



Web Appendix A: Overview of automated image classification in marketing literature

Author Year  Architecture Research Question DV No. Sam- No. Classes
ples
Anand and 2024 ResNet How are e-cigarette taxes influencing Posting behavior 388,593 2
Kadiyali posting behavior on social media?
Bharadwaj 2022  Xception How do emotional displays during Sales 99,451 6
et al. livestream retailing affect sales over
time?
Burnap 2023 VAE, GANs, Can a model predict aesthetic scores  Aesthetic scores 203 1
et al. VGG16 and generate appealing product de-
signs in the automotive industry?
Chang et al. 2023 Google Cloud Does hearing different voices narrate Pledged Amount, 11,801 2
Vision a persuasive message in broadcast Number of backers,
videos facilitate persuasion? Project Success, ad
effectiveness
Chuah and 2021  Microsoft How do emotional expressions of Affective feelings 223 8
Yu Azure Face robots influence potential consumers’
API affective feelings on Instagram?
Dzyabura 2023  ResNet152, How can prelaunch product images be  Return rates 4,585 15
et al. VGG19 used to predict individual item return
rates for online fashion items?
Dzyabura 2021 Clarifai Com- How can a brand visual elicitation Brand associations 4,743 20
and Peres puter  Vision platform be used to understand con-
API sumer associations with brands?
Feng et al. 2021  ResNet50 How do social media influencers use  Sponsorship disclo- 7,745 7
narrative strategies in their posts, and  sure effectiveness,
how does this affect sponsorship dis- engagement
closure effectiveness?
Ghose et al. 2012  MicrosoftVirtual How can social media data be lever- Product ranking 1,497 > 99
Earth Interac- aged to improve product search engine
tive SDK ranking algorithms and provide con-
sumers with the best value for their
money?
Guan et al. 2023  MobileNet, What is the effect of customer- Product ratings 1,650 2
MTCNN generated images (CGIs) on sub-

sequent product ratings and post-

purchase satisfaction?



Web Appendix A: Overview of automated image classification in marketing literature

Author Year  Architecture Research Question DV No. Sam- No. Classes
ples
Gunarathne 2022 Kairos API What is the extent of business-to- Response Likeli- 110,533 6
et al. customer racial bias (B2C bias) in cor-  hood
porate social media customer service,
and how does it affect customer com-
plaints?
Ha et al. 2021  ResNet50, How can visually mismatched content  Visual information 3,169 10
AlexNet in brand-related posts on Instagram  mismatch
be characterized, and how effective is
a machine-learning model in detecting
such mismatches?
Hartmann 2021 VGGI16 How do different types of brand- Engagement, 19,949 3
et al. related selfie images impact sender en- CTR, purchase
gagement and brand engagement on intention
social media platforms?
He et al. 2023 AWS Rekogni- How do content and aesthetic features  Booking rate 20,823 2
tion of background images on Airbnb affect
the booking rate during a holiday pe-
riod?
Henkel et al. 2020 RNN Does augmenting service employees Interpersonal emo- 360 6
with Al-based emotion recognition tion regulation
software enhance their effectiveness (IER)
in interpersonal emotion regulation
(IER)?
Hu et al. 2019  4-layer CNN How does consumer behavior evolve Probability of 26,523 2
over time on daily deal websites, clicking, probabil-
specifically regarding clicking on ity of purchasing
newsletters and making purchases?
Huang and 2024 Google Cloud Is use of video conferencing platforms  Sales 66 7
Pricer Vision changing product consumption behav-
ior?
Klostermann 2018 Google Cloud How can brand-related images on so- Brand perception 10,325 20
et al. Vision cial networking services be effectively
analyzed to derive insights about con-
sumer perceptions and experiences?
Lee 2021  Microsoft How does brand emotionality on social ~Median Price 91,148 8
Azure Face media platforms relate to perceived
API brand status and median basket price?



Web Appendix A: Overview of automated image classification in marketing literature

Author Year  Architecture Research Question DV No. Sam- No. Classes
ples
Li et al. 2019 Imagga What standard measures of visual in- Funding outcome 6,822 4
formation can be for analyzing videos
in marketing and how do they affect
funding outcome in crowdsourcing?
Li et al. 2023  ResNet50 How do Airbnb property photos im-  Booking rate 4,000 5
pact customers’ renting decisions?
Li and Xie 2020 Google Cloud How does image content influence so- Engagement 4,537 10
Vision cial media engagement for brands on
Twitter and Instagram?
Lin et al. 2016 SVM How effective is an online face- Face recognition 341 50
recognition system in detecting fraud  precision
in e-commerce applications?
Lin et al. 2021  Pre-trained How does broadcaster emotion influ- Engagement, 1,450 7
CNN ence viewer engagement and financial —amount tipped
returns in live streaming?
Liu et al. 2018 NVISO How effective are short video clips in  intention to watch, 1,271 1
promoting comedy movies? box office success
Liu et al. 2020 BVLC Caf- Can machine learning methods help  Brand portrayal 16,360 4
feNet brands measure their portrayal on so-
cial media using visual content?
Lu et al. 2016 SVM How can garment retailers improve the  Hit-rate of recom- 540 3
shopping experience and increase sales mendations and
using real-time in-store videos? choices
Lu et al. 2021  Microsoft What is the impact of audience size on  Tipping revenue 2,222 2
Azure revenue in live streaming events under
a pay-what-you-want (PWYW) pric-
ing strategy?
Matz et al. 2019  Viola Jones  How does individual image-person fit  Consumer 1,040 2
Face-detection influence consumer responses to im-  sponses
ages in digital marketing?
Nanne et al. 2020 YOLOv2, How can computer vision models be Label accuracy 21,669 10
Clarifai, utilized to automatically analyze vi-
Google Cloud sual brand-related UGC on social me-
Vision dia platforms?



Web Appendix A: Overview of automated image classification in marketing literature

Author Year  Architecture Research Question DV No. Sam- No. Classes
ples
Overgoor 2022 RCNN, MSVO  How does the visual complexity of Consumer liking 150,000 10
et al. firm-generated imagery (FGI) on so-
cial media influence consumer liking?
Peng et al. 2020  7-layer-CNN, How does facial attractiveness of on-  Product sales 17,749 1
RF line sellers influence product sales
on customer-to-customer e-commerce
platforms?
Rietveld 2020 MSVO, Mi- How do visual emotional and informa-  Customer engage- 46,900 2
et al. crosoft Azure tive appeals in brand-generated con- ment (likes and
Face API tent on Instagram influence customer comments)
engagement?
Schwenzow 2021 MTCNN, How can businesses efficiently extract = Movie trailer likes 975 2
et al. YOLOv3, and analyze video-based variables to
ResNet152 enhance research across disciplines?
Soderlund et 2019 FaceReader 7.0 How does employee happiness por- Consumer attitude 4 1
al. trayed in marketing materials impact toward service em-
consumer attitudes? ployee
Teixeira et 2012 Bayesian Neu- How do emotions in internet video Viewer attention, 500 2
al. ral Network  advertisements influence viewer atten-  zapping behavior
Classifier tion and retention?
Troncoso 2023  Face++, How does the perceived job fit, in- Perceived job fit, 3,000 2
and Luo VGG-16, ferred from profile pictures, impact hiring outcome
Inception, hiring outcomes on freelancing plat-
ResNet forms?
Xjao and 2014 FEigenface How do faces in print advertisements Viewer reactions, 148 12
Ding influence viewer reactions on metrics  purchase intention
important to advertisers?
Zhang et al. 2018  Face++ What are the antecedents influencing growth rate of 3,801 7
the perceived trust of guests towards bookings
hosts on Airbnb?
Zhang, 2021  ResNet50 How does Airbnb’s smart-pricing al-  Daily revenue 800,000 3
Mehta, gorithm impact the racial disparity in
Singh  and daily revenue earned by Airbnb hosts?
Srinivasan
Zhang, Lee, 2021 VGGI16 How does image quality affect Airbnb ~ Occupancy rate 510,000 2
Singh  and property demand and what attributes
Srinivasan make a good image for an Airbnb

property?



Web Appendix A: Overview of automated image classification in marketing literature

Author Year  Architecture Research Question DV No. Sam- No. Classes
ples
Zhang et al. 2023  Face++, Face- How did people’s shopping behaviors  Customer behav- 21,277 2
MaskDetec- change with the onset of the COVID- ior, transaction
tion, MTCNN 19 pandemic based on their compli- characteristics, di-
ance with mask-wearing recommenda-  versity exploration
tions?
Zhang and 2022 Clarifai Com- Can consumer-posted photos on Yelp Restaurant sur- 755,758 > 99
Luo puter  Vision serve as leading indicators of restau-  vival
API rant survival, beyond traditional fac-
tors?
Zhang et al. 2024  ResNet50 Is showing a smile on Airbnb increas- Booking rate 9,000 2
ing rental sales?
Zhou et al. 2021  Microsoft How does video content affect the con-  Video popularity, 771 8
Azure Face sumption of online classroom course- consumer behavior
API ware?

Notes: Number of classes = 1 indicates image regression with a continuous outcome between 0 to 1.



II: IMAGE CLASSIFICATION

METHODS



Web Appendix B: Method Summary

Chronologically, having a closer look at our included methods, Simonyan and Zisserman
were among the first to develop a deep convolutional neural network. In their study from
2015, they introduce VGG-19, which is consists of 19 weight layers and leverages small 3 x 3
convolutional filters to enable increasing depth of the network. In the ILSVRC 2015, a VGG
architecture was able to secure the second place (Alom et al. 2018).

Shortly after, He et al. (2015) introduced the ResNet family, which provide a framework to
enable training of ultra-deep architectures. The largest version among several architectures
within this family is the ResNet152, which we include in our benchmark. In contrast to
earlier architectures (e.g., VGG-19) these Residual Networks (ResNets) address the vanishing
gradient problem from increased depth that previous models had and led to winning the
ILSVRC 2015 (Alom et al. 2018). He et al. (2015) managed to achieve this partly by
including shortcut connections that skip one or more layers to add output from previous
layers to later stages.

Similarly, an update to the Inception family was published in 2015. Szegedy et al. (2015)
developed InceptionV3 with the goal in mind to utilize computational power more efficiently
through strong regularization and factorized convolutions. For example, they introduced
1 x 1 convolutional blocks to increase efficiency of their model. So-called bottlenecks limit
the number of features entering the following computationally expensive parallel blocks.

In 2017, Chollet (2017) developed a novel deep convolutional neural network architecture
called Xception. Inspired by the Inception models, he uses depthwise separable convolutions
only to replace the original Inception modules. In short, the architecture’s structure can be
described as a linear stack of these modules with residual connections (similar to ResNets).
While Xception’s number of parameters is identical to InceptionV3, Chollet’s study indicates
improved performance realized through more efficient use of model parameters instead of

increased capacity.



While transformer models, such as RoBERTa, have taken the text analysis space by
storm already (Hartmann et al. 2023), they are in a close battle with CNNs in the image
classification space still. Since the introduction of the Vision Transformer and its attention
mechanism in 2017 (Vaswani et al. 2017), several new methods have been developed. Some
of these are pure transformers (e.g., the MobileViT by Mehta and Rastegari 2021) whereas
others combine the best of CNNs and transformers into a single architecture (e.g., ConvNeXt
by Liu et al. 2022). The attention mechanism and patch-wise processing introduced by
Vaswani et al. (2017), however, remained at the core of transformer methods and enable
their awareness for global (i.e., across the entire image) interdependencies and set them
apart from classical CNNs.

The emergence of large language models (e.g., GPT, Llama) has led to large boom in Al
application during the last couple of years. These models are often magnitudes larger than
vision transformer models (for example OpenAl’s popular GPT-3.5 (ChatGPT) containing
375 billion parameters compared to the largest version of RoOBERTa containing 355 million
parameters (Brown et al. 2020; Liu et al. 2019). This enables large language models to learn
a vast understanding of numerous contexts and situations. Additionally, some newer models
allow multiple data sources as input into the model (e.g., text and images). This enables
users to leverage the flexibility of prompting such a vision language model and its free-text

output with image data (Wu et al. 2024).
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III: SETUP OF EMPIRICAL ANALYSIS
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Web Appendix C: Machine Learning Pipeline

General pipeline To prepare the data for our experiments, we begin by drawing a random
sample of 1,000 observations without replacement for each of our 18 analyzed datasets®.
Following that, we take a subset of 200 samples without replacement for the limited data
condition.

The pipeline can be separated into three distinct sections: 1) hyperparameter search, 2)
final training using 10-fold cross validation on 1,000 and 200 observations, 3) model eval-
uation and documentation. We begin our experiments by testing different hyperparameter
settings to not only provide information on the optimal method choice, but also on the
respective empirically best initial hyperparameter settings for training. In each run of our
pipeline, batch size, and learning rate are varied based on the extracted settings. We run
grid-search varying the batch size between 16, 32, or 64, have a learning rate of le ™2, le™3,
le~®. We allow training for a maximum of 32 epochs, using an early stopping mechanism to
stop the training process if no improvement in performance occurred over the last 3 epochs.
Once all hyperparameters are set, we initialize the model architecture and start training.
Depending on the respective dataset, we initiate the architectures for each experiment and
match the correct number of classes by replacing the last dense layer only. After fine-tuning
of each method-dataset combination, we measure the performance of the method for its best
performing epoch. After determining the optimal hyperparameters for each method and
dataset combination, we run 10-fold cross validation using the highest performing hyperpa-
rameter combination to robustly determine the performance of each method and dataset.
We run this final training process using 10-fold cross validation on both the 1,000 and 200
sample datasets. After each run of the 10 iterations per method-dataset combination the

settings, time and performance are automatically documented. The model implementation

6The AIDA Car Funnel dataset contains only 559 images in total. Therefore, we include it only in the
limited training data experimental setup
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is intentionally simple and as close as possible to the original architectures to conduct a
fair comparison and enable easy replication by other researchers. Several parameters were
fixed across all methods. All pre-trained CNN and vision transformer methods were used
with pre-trained ImageNet weights. Switching-out each model’s last layer with respect to
the number of classes that needed to be predicted for the dataset in question was the only
adjustment we had to make. Images were resized to match the models’ respective resolutions
they were trained on. Lastly, we decided to use “Adam” as our optimizer for all methods.
We ensure ease of implementation and replicability with reasonable computational for the
chosen state-of-the-art methods, as we leverage the benefits of transfer learning.

Using transfer learning is in line with recent marketing research (e.g., Hartmann et al.
2021), and helps to obtain the best possible performance with reasonable computational
requirements, as it leads to faster convergence (Kornblith et al. 2019). Transfer learning
describes a training paradigm where in the first step a deep learning model is pretrained
on open-domain data, and in a second step fine-tuned on a smaller dataset for a particular
application. Specifically, we utilize weights pretrained on more than 1.2 million ImageNet
images (Deng et al. 2009) to avoid re-training of fundamental object characteristics for each
application. This allows to apply complete models with limited labelled training data as
commonly available in marketing research. Generally, it can be stated that the perfor-
mance of transferred weights is almost always better than random initialization, but their
advantage diminishes with greater differences between the task at hand and the original
training task (Yosinski et al. 2014). If available, we use the Huggingface implementation
of each method (i.e., ConvNeXt (https://huggingface.co/facebook/convnext-base-
384-22k-1k), ResNet (https://huggingface.co/microsoft/resnet-152), ViT (https:
//huggingface.co/google/vit-base-patch16-224-in21k)). For all other CNN meth-
ods we used the Keras Hub implementation, due to no Huggingface implementation be-
ing available (i.e., Inception (https://keras.io/api/applications/inceptionv3/), VGG

(https://keras.io/api/applications/vgg/), Xception (https://keras.io/api/applications/
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xception/)). Deviations in the process for Full-NN-Training, the vision language model Phi-

3 and the multi-paradigm ensemble are described in the following sections.

Full-NN-training We implement the Full-NN-training method using the Keras frame-
work in Python. This method is defined as a sequential model comprising the following six

layers:

1. 2D Convolutional Layer: Containing 64 neurons with a 3 x 3 kernel size, ReLLU
activation function, and an input shape corresponding to the dimensions of the input

image.
2. 2D Max Pooling Layer
3. Flattening Layer

4. Dense Layer: Fully connected layer, containing 64 neurons and ReL.U activation

function.

5. Dense Layer: Fully connected layer, containing 64 neurons and ReLU activation

function.

6. Output Layer: The number of neurons corresponds to the number of classes in
the dataset, and the layer uses a softmax activation function for binary/multi-class

classification.

Unlike other models, this neural network is initialized with random weights and trained
on all layers from scratch. Following the same methodology as the all-pretrained methods,
we first optimize hyperparameters for each dataset and subsequently perform 10-fold cross-

validation using the best-performing combination of hyperparameters.
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Vision language model In contrast to the pipeline for CNNs and vision transformer
methods (described in the previous paragraph), to use a vision language model for clas-
sification adapt the process to generate natural language text and convert it into numeri-
cal features. We use the Huggingface implementation of Microsoft’s Phi-3 model (https:
//huggingface.co/microsoft/Phi-3-vision-128k-instruct). We generate text descrip-
tions for each sample by prompting the model: ”What could you expect a person seeing the
image to think and feel? Please relate your answer to both the low-level features and high-
level features of the image.” We convert these text descriptions into numerical values using
the bag-of-words methodology. To specify exactly, we use the Count Vectorizer provided by
the Sklearn Package in Python (using unigrams with binary probabilistic mode). Alterna-
tively, the text descriptions can be converted into numerical features using text embeddings
(e.g., text-embedding-3-small by OpenAl). Lastly, we train a two-layer neural network as
the classification head following the methodology of Chollet (2021). This neural network is
fed with the bag-of-words representations of the text descriptions and labels of the dataset.
As described by Chollet (2021) we initialize the network with a dense layer incorporating
256 neurons, a dropout layer of 50% and a final output layer using a softmax activation.
Similar to the pipeline for all other methods, we search for the optimal hyperparameters of
this classification head and run 10-fold cross validation per dataset using the hyperparameter

settings with the highest performance.

Multi-paradigm ensemble The pipeline for the multi-paradigm ensemble integrates the
ConvNeXt model with the vision language model Phi-3. At a high level, the outputs from
both models are fed into a classification head, which consists of the same two-layer neural
network as described in the previous section (i.e., dense layer using 256 neurons, dropout
layer, and output layer). The fine-tuning process begins by training the vision transformer
model on an auxiliary image dataset containing 500 images following the process described

in the section regarding the general pipeline above. Note that none of these images overlap
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with the validation datasets. Next, we combine the embeddings from the penultimate layer
of the vision transformer with the numerical representations of textual descriptions gener-
ated by the vision-language model. These textual descriptions are converted into numerical
form using the bag-of-words methodology (refer to the previous section for details). We
then fine-tune the classification head using the training dataset, similarly testing all hyper-
parameter combinations and performing 10-fold cross-validation using the best-performing
hyperparameter configuration.

During an inference pass, new images are passed through the fine-tuned ConvNeXt model
to access the state of the penultimate visual embedding layer. Similarly, the image is passed
through the vision language model to generate the text description. The text description is
converted into numerical representation, both feature vectors are concatenated and fed into

the classification head to predict the most probable class.
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Web Appendix E: Exemplary images of the datasets

Furla Celine Flap Mix Camel

Bahan Sintotis
— Soxizxio

Pr-2355

-

AIDA Car Brand Logo Brand Selfie E-Commerce Emotion Face
Funnel Category Sentiment

Task: How Task: What Task: What Task: What Task: How Task: How

Classes: 3 Classes: 9 Classes: 3 Classes: 41 Classes: 6 Classes: 2

Fashion Generated Generated Generated Image Quality Image

Products Aesthetics Ethnicity Gender Sentiment
Task: What Task: How Task: Who Task: Who Task: How Task: How
Classes: 25 Classes: 3 Classes: 2 Classes. 2 Classes: 5 Classes: 2

’

R

=) ’, \‘
‘ ST !J

Luxury Brands Outdoor Public Places Stock-photo Store Item Unbiased
Scenery Category Color Emotion

Task: What Task: What Task: What Task: What Task: What Task: How
Classes: 7 Classes: 6 Classes: 21 Classes: 16 Classes: 12 Classes: 6
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Web Appendix F: Overview of method architectures

Model

Architecture Group

Number of Parameters

Training strategy

Full-NN-Training
ConvNeXt-Base

Multi-paradigm ensemble
Inception v3

Phi-3

ResNet152

ViT

VGG19

Xception

Convolutional Neural Network
Vision Transformer

Ensemble Method
Convolutional Neural Network
Vision Language Model

Convolutional Neural Network
Vision Transformer
Convolutional Neural Network
Convolutional Neural Network

50,473,157
87,571,589

1,666,565
21,813,029
1,404,933

58,154,053
85,802,501
20,149,829
20,871,725

Training from Scratch
Transfer Learning

Transfer Learning, Prompting,
Training of Classification Head
Transfer Learning

Prompting,

Training of Classification Head
Transfer Learning

Transfer Learning

Transfer Learning

Transfer Learning

Note: The number of parameters is measured on a binary classification task.
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IV: FURTHER ANALYSIS
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Web Appendix G: Accuracy depending on image-related task and number of classes (large
training data)

Few Classes Many Classes
94.7% 96.0%
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m I Js s,e%Im;%I 2% 65.5%
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80% 1 [ 69.6%
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g
40%
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Note: Error bars indicate standard error.

When trained on large datasets containing 1,000 samples, vision transformers (i.e., Con-
vNeXt, ViT) and the multi-paradigm ensemble consistently outperform CNN-based models.
For perception-based "how’ tasks, vision language models achieve performances comparable
to vision transformers. These findings suggest that vision language models excel in tasks
requiring a nuanced understanding of visual content that goes beyond objective categoriza-

tion.
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Valuable visual variety: How temporal dynamics of

visual features in video ads affect ad effectiveness

Abstract

In today’s digital marketing landscape, video ads play a critical role in capturing con-
sumer attention amid widespread content saturation. This paper investigates the im-
pact of wvisual variety — defined as the temporal variability of a video’s visual fea-
tures — on advertising effectiveness. Utilizing machine learning, we develop a multi-
dimensional visual variety measure and apply it to over 3,000 video ads across two me-
dia channels (TV, social media) and various product categories. Three studies reveal
an inverted U-shaped relationship between visual variety and advertising effectiveness.
A controlled lab experiment reveals that this relationship is mediated by both stimu-
lation and comprehension. Whereas too little visual variety can lack stimulation and
too high visual variety can undermine comprehension, ads with medium visual variety
strike an effective balance, being both simulating and comprehensible for consumers.
We provide guidelines for advertisers on optimizing visual variety and introduce a web-

based tool that calculates visual variety scores for videos.

Keywords: machine learning, video advertising, visual variety, visual analytics, cog-

nitive load theory, optimum stimulation level theory



Introduction

In today’s media landscape, stimulation from information and entertainment has become per-
vasive, with advertisers fiercely competing for the increasingly scarce resource of consumers’

7 advertisers must create content that

attention (Galloway 2022). In this “war for attention,’
is sufficiently intrusive to seize consumer attention (Lindsay 2024; Anderson and de Palma
2013; Galloway 2022). There has been a trend in video ads becoming visually more complex
and showcasing greater variety (Lindsay 2024). This evolution reflects advertisers’ efforts
to capture and retain viewer attention in an increasingly saturated media environment. For
example, the 1979 Coca-Cola ad famously known as “Hey Kid, Catch!” which aired during
the Super Bowl, featured a simple, singular scene in a dimly lit stadium tunnel, creating
a focused and static moment. Contrasting, modern advertisements like Coca-Cola’s 2023
spot “Masterpiece” employ rapid shot changes, varying objects, vibrant colors, and dynamic
action. Given the stark contrast between the simplicity of past advertisements and the
high visual variety of today’s marketing efforts, one must ask: does increased visual vari-
ety actually enhance advertising effectiveness? Or is there a point at which it becomes too
overwhelming and incomprehensible, detracting from the ad’s core message?

Little is understood about the effectiveness of visual variety in video ads, despite its
potential importance. Research on video advertising has largely explored specific factors
such as emotionality (e.g., Nikolinakou and King 2018; Olney et al. 1991), perceived speed
through effects like slow motion or fast product animations (Jia et al. 2020; Shani-Feinstein
et al. 2022; Stuppy et al. 2023), and the presence of specific objects (Tellis et al. 2019). To
thoroughly explore the impact of visual design choices on video ad effectiveness, this research
operationalizes visual variety using advanced machine learning methods. We define visual
variety as the degree of visual stimulation derived from the range of visual features displayed

(i.e., colors, patterns, shapes, objects) and the temporal dynamics of the video, including the


https://youtu.be/xffOCZYX6F8
https://youtu.be/XFNqN0q_i2A

number, duration, and arrangement of shots'. Figure 1 illustrates visual variety along two
example video ads, one with low and one with high visual variety. A video content creator
can plan and adjust visual variety to make a video more or less stimulating for a consumer.

This makes visual variety an important adjustable feature with practical implications.

Figure 1: EXAMPLE ADS WITH LOW AND HIGH LEVELS OF VISUAL VARIETY

Low Visual Variety

High Visual Variety
e By wai ICH

Note: The images above represent exemplary frames from two video ads with different levels of visual variety (low visual
variety for Manner ad: 2.4 vs. high visual variety for Volkswagen ad: 4.2). Visual variety is measured on a scale from 1 to 5,
with 5 indicating the maximum. The frames for each ad are shown in their temporal sequence from left to right as they appear
in the video.

Pursuing a multi-method approach, this research analyzes over 3,000 videos from TV ads
(study 1), Facebook field ads (study 2), and experimental data (study 3), across a broad range
of product categories (e.g., automotive, cosmetics, food, financial products, etc.). To our best
knowledge, this is the first study to develop a methodology that integrates 18 distinct visual
variety video features into a singular measure using machine learning techniques. Across
three studies, our findings consistently indicate an inverted U-shaped relationship between
visual variety and advertising effectiveness, suggesting there is an optimal level of visual
variety that maximizes ad effectiveness, beyond which effectiveness declines. We identify
stimulation and comprehension as underlying mechanisms driving this effect, grounded in
the optimum stimulation level theory and cognitive load theory. These insights guide both

researchers and practitioners in achieving the ideal balance between viewer stimulation and

LA shot is the smallest increment of a video, defined as an unbroken sequence of frames recorded from
the same camera (Chasanis et al. 2009). Whereas a scene is defined as a “series of semantically correlated
shots” which transport the narrative (Chasanis et al. 2009)



information comprehension to optimize video ad impact. We calculate exemplary budget
saving potentials by optimizing visual variety, offer technical guidelines on adjusting visual
variety during both pre- and post-production phases and introduce a web-based tool for

video analysis, allowing content creators to evaluate their videos to achieve optimal visual

variety [LINK BLINDED FOR PEER REVIEW].

Theoretical development

Visual variety in video ads

Video advertising remains a cornerstone of marketing strategies and enriches the advertising
landscape with its dynamic and visually engaging content (Grewal et al. 2021)2. Videos are
particularly adept at capturing the viewer’s attention through their ability to stimulate the
senses (Lang 2000). The effectiveness of video ads is evidenced by research showing that
dynamic digital video ads can achieve click-through rates significantly higher than static
banner ads. Pauwels et al. (2023) reveal that the click-through rates for sponsored brand
videos can be up to 17.7 times higher compared to static images. But what drives successful
video ads, particularly in terms of visual design decisions?

In cinematography, the level of visual variety represents a central design decision in visual
storytelling, enhancing the stimulation and narrative comprehension (Brine 2020; Gleicher
and Liu 2008). When designing video ads, content creators face two primary visual design
decisions to optimize their ad’s effectiveness. First, they must decide on what to display
(i.e., people, objects, shapes, patterns, and colors) by defining the required scenes to tell
the narrative. Pieters et al. (2010) define variations in colors, objects, shapes and patterns
within static images as “feature complexity” and “design complexity”. These concepts can
be extended to video frames, where each frame can exhibit different levels of complexity.

Second, they need to determine the temporal dynamics of these scenes, which include the

2Web Appendix A provides a comprehensive overview of related marketing studies on video ads.



number of shots, the duration of each shot, and their sequencing (Liu et al. 2018). Together,
these two dimensions determine the overall visual variety of a video, specifically, variations
in color, shapes, and objects, as well as the overall temporal composition of shots (e.g.,
variations within shots and transitions between shots). These visual variety design decisions
finally shape viewers’ perceptions, influencing advertising effectiveness.

Existing research tends to focus single elements of a video to predict advertising effective-
ness, like narrative features (e.g., Toubia et al. (2021); Stayman and Batra (1991); Fossen and
Schweidel (2019); Guitart and Stremersch (2021); Knight and Bart (2024)), ad emotionality
(e.g., Akpinar and Berger (2017); Teixeira et al. (2012); Yang et al. (2022)), distinct visual
elements (e.g., Tellis et al. (2019); Becker et al. (2023); Chang et al. (2022); McGranaghan
et al. (2022)), or pixel-level variation between frames (Li et al. 2019). However, no study has
comprehensively captured the full spectrum of visual variety decisions in video ads. In sum-
mary, while previous research has provided valuable insights into various aspects of video
advertising effectiveness, a comprehensive understanding of the broad spectrum of visual

variety and its underlying psychological mechanisms remain under-explored.

The effect of visual variety on advertising effectiveness

Variety demonstrates a dual role in marketing: depending on its use and intensity, it can
either engage or overwhelm the viewer. Rafieian and Yoganarasimhan (2022) find that a
unit increase in variety between ads in a browsing session results in up to 13% higher click-
through-rates (CTR). Chang et al. (2022) discover that greater variety in narrators (i.e., more
narrators) of crowdfunding videos significantly increases the chances of campaign success.
According to Berger et al. (2021) and Toubia et al. (2021), topical variety in films and TV
shows enhances viewer experience and leads to a more positive evaluation of the content.
Welke and Vessel (2022) demonstrate that dynamic video stimuli (i.e., more variety), reduce
boredom and improve aesthetic ratings.

On the contrary, too much variety can also overwhelm consumers and in turn negatively



affect advertising effectiveness. Jacoby (1977) and Lang (2000) argue that human cognitive
capacity is limited, and excessive variety can impair information processing and decision-
making. For example, Barnett and Cerf (2017) show that high complexity from visual infor-
mation stimulation within movie trailers leads to decreased recall and lower ticket sales due
to less efficient neural processing. These contrasting effects of variety on advertising effective-
ness indicate a potential non-linear relationship that is closely linked to broader concept of
stimulus complexity. Variety acts as a lever of stimulus complexity, either enhancing viewer
stimulation or overwhelming them based on how it is applied and its intensity. This charac-
teristic aligns with Berlyne’s seminal aesthetic theory, which states that the most appealing
level of stimulus complexity - and by extension variety - follows an inverted U-shape with
an optimal level at medium complexity (Berlyne 1958). This theory is supported by several
studies. For instance, Morrison and Dainoff (1972) observe that viewing time for magazine
ads exhibits an inverted U-shaped relationship with perceived visual ad complexity. Similar
patterns are noted in website design, where an optimal level of visual complexity enhances
perceived aesthetics, attitudes towards the website, and purchase intentions (Geissler et al.
2006; Miniukovich and Marchese 2020; Im et al. 2021; Reinecke et al. 2013). For videos, Koh
and Cui (2022) demonstrate that the number of views follows an inverted U-shape based on
the complexity of the thumbnails used, and Tong et al. (2022) report that the background
complexity in online live streams influences purchase intentions in a similar manner. Given
this evidence, we anticipate that an optimal level of visual variety exists, which maximizes
advertising effectiveness:

H1: The relationship between visual variety and advertising effectiveness follows an inverted

U-shape.

Visual variety and stimulation

Optimum Stimulation Level (OSL) theory posits that individuals aim for an optimal level

of environmental stimulation that allows for performance at the best level (Berlyne 1966).



In advertising, this manifests as a balance: too little stimulation leads to boredom and dis-
engagement, while excessive stimulation causes over-stimulation and subsequent avoidance
behaviors, such as ad skipping (Menon and Kahn 1995). Steenkamp and Baumgartner (1992)
find that stimulus arousal and consumer response exhibit an inverted U-shaped relationship,
highlighting the balance required for advertising stimulation levels. Menon and Kahn (1995)
directly manipulate the variety of product choices available in retail settings to measure its
impact on consumer stimulation and subsequent behavior. They find that increased variety
in soft drink options enhances consumer stimulation, which, in turn, influenced their sub-
sequent choice behaviors, reducing their need to seek variety elsewhere. Similarly, Atalay
et al. (2023) draw on OSL theory to create more effective written marketing messages in
the context of static social media ads (i.e., images paired with a caption). They find that
stimulation from a moderately surprising syntax in these messages is more effective than too
little or too much syntactic surprise. Menon and Kahn (1995) and Atalay et al. (2023) show
that manipulating elements of complexity or variety not only influences consumer behavior,
but also serves to disentangle stimulation as the underlying mechanism behind these effects.
In conclusion, we predict the same mediation effect in the context of visual variety in video
ads:

H2: Stimulation mediates the relationship between visual variety and consumer response.

(a) Visual variety has a positive linear relationship with stimulation.

(b) Stimulation has an inverted U-shaped relationship with advertising effectiveness.

Visual variety and comprehension

Building on the understanding that over-stimulation can significantly reduce consumer atten-
tion and engagement, Cognitive Load (CL) theory offers a valuable explanation for these ef-
fects. Developed by John Sweller in the late 1980s, CL theory posits that excessive cognitive

demand can impede the effective processing of information and degrade overall problem-



solving capabilities (Sweller 1988). Research by Shin et al. (2020) extends this theory to
visual stimuli, demonstrating that increased complexity in images increases the cognitive ef-
fort required to process and understand the presented information. This insight is critical for
managing visual variety in video ads, where maintaining a balance between stimulation and
comprehension is essential to prevent cognitive overload and optimize ad effectiveness. Fur-
ther expanding on this concept, Glaser and Reisinger (2021) explore how product-story links
in video ads can enhance brand attitudes, identifying comprehension as the key mechanism
driving this effect. Their findings suggest that video ads with less complexity (i.e., where
the connection between the product and the visual elements of the ad is straightforward) fa-
cilitate easier comprehension, thereby enhancing advertising effectiveness. Similarly, Brasel
and Gips (2014) manipulate visual and verbal variety (i.e., complexity) of TV commercials
and demonstrate that high levels of visual variety decrease ad comprehension, as measured
by brand recall. We thus hypothesize:

H3: Comprehension mediates the relationship between visual variety and advertising effec-
tiveness.

(a) Visual variety has a negative linear relationship with comprehension.

(b) Comprehension has a positive linear relationship with advertising effectiveness.

Building on the insights from OSL and CL theory and their application in advertising,
it becomes evident that both stimulation and comprehension are potential mechanisms ex-
plaining the effect of visual variety on advertising effectiveness. While we hypothesize that
stimulation and comprehension each mediate this relationship in different ways, it is also
plausible that these mechanisms operate in parallel, each contributing to the overall adver-
tising effectiveness:

H4: The effect of visual variety on advertising effectiveness is mediated in parallel by stim-

ulation and comprehension.



Overview of studies

Adopting a multi-method strategy, this research leverages advanced machine learning meth-
ods to develop a compound measure for visual variety in videos (see Section Methodology).
We quantitatively assess the impact of visual variety on video ad effectiveness across both
traditional platforms (i.e., TV) and new-age digital platforms (i.e., Facebook). Table 1
provides an overview of the studies, their objectives and the methods applied. Study 1
investigates the influence of visual variety on click and sharing intentions, utilizing more
than 27,000 consumer responses to a large-scale international survey on 910 real TV ads.
Study 2 investigates whether the experimental results from Study 1 hold true in a real-
world context by analyzing performance data from Facebook video ads. This data includes
actual consumer behaviors, such as clicks and purchases, providing a practical validation
and comparison of our initial findings. Lastly, Study 3 employs a controlled experimental
setup to establish causality and explore the mechanisms through which visual variety affects

advertising effectiveness, including potential mediation by stimulation and comprehension.

Methodology

Identification of features defining visual variety

To create a comprehensive set of features that explain visual variety, we focused on both
the temporal dynamics and feature granularity of the videos. Temporal dynamics (see Fig-
ure 2) refer to the timing, sequence, and duration of shots within a video, capturing how
visual features change over time. Feature granularity (see Figure 3) describes the layers of
visual detail within a video, ranging from pixel-level details to broader, high-level object
information. Together, they form a 4x4 matrix (see Figure 5), representing the interaction
between temporal and content-based features across different levels of granularity. Alongside

the number of shots and the average shot duration, this results in 18 extracted features that



Table 1: OVERVIEW OF STUDIES AND OBJECTIVES

Data

Objective

Method

Study 1: Identify ef-
fect of visual vari-
ety on ad effective-
ness in video adver-
tising

e 910 TV ads across mul-

tiple brands and from al-
most 30 countries provided
and rated in ad effective-
ness (click and sharing in-
tention) in an international
consumer survey by an in-
dustry partner

Introduce relevant controls
to isolate effect of visual va-
riety on advertising effec-
tiveness

Test H1 and identify the ef-
fect of visual variety on click
and sharing intentions for
real TV ads evaluated in a
survey

e OLS regression model

Study 2: Replicate
findings for Face-
book field data ads

2,182 Facebook video ads
including real performance
data on clicks and purchases
across multiple brands pro-
vided by an industry part-
ner

Validate H1 and findings
from Study 1 and test for
differences to TV context
Control for potential coun-
try differences

e Negative binomial re-
gression model

Study 3: Demon-
strate causality in
the lab and pro-
vide mechanism ev-
idence

Three self-generated video
ads, varying in their visual
variety only (low, medium,
high) with identical prod-
uct, brand and ad duration
157 valid Prolific survey re-
sponses rating click inten-
tions and evaluating stimu-
lation and comprehension as
potential mediators

Isolate the effect of visual
variety and test for causal-
ity

Test H2, H3 and H4 to iden-
tify the underlying mecha-
nisms explaining the effect
of visual variety on advertis-
ing effectiveness

e Between-subjects exper-
iment design

e Parallel mediation re-
gression
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were employed to train a compound measure using XGBoost (Chen and Guestrin 2016).
To accurately extract the 18 visual variety features, it is essential to segment the video into
analyzable units, specifically shots and frames. A video consists of a series of frames grouped
into shots, with the sequence of these shots collectively forming the complete video (Schwen-
zow et al. 2021). As a first preprocessing step in our feature extraction pipeline, we segmented
the raw video into individual shots using the video splitting algorithm PySceneDetect (Bran-
don Castellano 2014). PySceneDetect is widely used in practice (Mourchid et al. 2019; Chen
et al. 2024; Ye et al. 2018), and considered one of the best-performing video splitting algo-
rithms (Wang et al. 2021; Gao et al. 2019). It uses rolling average of differences in HSL
colorspace combined with thresholding to detect shot changes (Brandon Castellano 2014).
For each detected shot, we selected three keyframes: the first, middle, and last frame (see
Figure 2). This selection aims to capture the most representative moments within each
shot. The keyframes extracted through this process are the basis for our subsequent feature
extraction.
Temporal Dynamics. Temporal dynamics in videos refer to the variations in shot com-
position over time. These dynamics are critical for understanding how a video evolves,
highlighting the continuity or abrupt changes in visual content. We extracted temporal

dynamics at four different levels:

e Within Shot: This metric evaluates the average difference within a single shot, indi-

cating the level of variation within individual shots.

e Between Shot: This metric measures the average difference between neighboring
shots in a video. It captures the extent of variation across feature granularity levels

between adjacent shots.

e Shot Transitions: This metric assesses the average difference in transitions between

shots and reflects the strength of transitions.

e Across Shots: This metric quantifies the average difference between each shot and
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all other shots in the video. It provides a measure of how distinct each shot is relative

to the entire video.

Figure 2: FEATURE CREATION TO CAPTURE TEMPORAL DYNAMICS
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Note: Each color indicates different shots. Each box indicates frames. The first and last frame of each shot are selected
with an offset of 2 frames. The function f(S;,S;) computes the difference between two image frames. The function fi :
([0,255)HXWxC g, 255 HxWXC) [0, 1], where S; and S; are image frames of size H x W x C. To avoid any potential
distortions caused by transitional effects, we apply an offset of two frames when selecting the first and last frames, which
corresponds to a 0.067 second offset for a 30 FPS video.

Feature Granularity. Feature granularity defines the richness and detail of visual elements
across multiple layers within a video. By evaluating visual features at various levels of
detail, from pixel-level analysis to more abstract object representations, we capture the
visual variety in content. This dimension of feature granularity focuses on what viewers see
and is orthogonal to temporal dynamics, which define when and for how long each visual
element or shot is viewed:
e Pixel Level: At the pixel level, frames are compared on a per-pixel basis using the
Manhattan distance metric. This method captures fine-grained visual differences by

quantifying the exact changes in color and intensity between corresponding pixels in
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different frames. This approach is sensitive to small variations and helps capture subtle

changes in texture, lighting, and shading across frames.

e Embedding Level: At the embedding level, we utilized the ViT-B/16 Vision Trans-
former to generate high-dimensional embeddings (dim=768) of each frame (Dosovitskiy
et al. 2020).> Frames are then compared using cosine similarity between their embed-
dings. This approach captures more abstract and semantic differences by focusing on
the higher-level visual patterns and concepts that the Vision Transformer identifies.
The embedding-level comparison is particularly useful for recognizing changes in the

overall scene composition or the presence of distinct visual themes.

e Feature Level: At the feature level, we employed the Scale-Invariant Feature Trans-
form (SIFT) to extract local features from each frame (Lowe 2004). By comparing
these local features across frames, we can measure differences in structure and key
visual elements, even when there are variations in scale or rotation (Lowe 2004). This
method captures the persistence or change of prominent features such as edges, corners,

and textures, providing a detailed understanding of frame-level differences.

e Object Level: At the object level, we compared the objects identified in each frame
using a pretrained object detection model, specifically YOLOv10, which was trained
on the COCO dataset, which includes 80 distinct everyday objects such as person, car,
and apple (Wang et al. 2024). This level captures the change in objects within the
frames. By focusing on detected objects, this approach emphasizes changes that are
most relevant to the viewer’s understanding of the scene, such as the appearance of

new objects or removal of existing objects (see Figure 3).

3The weights are available here: https://huggingface.co/google/vit-base-patch16-224.
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Figure 3: FEATURE CREATION AT DIFFERENT FEATURE GRANULARITY
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¢ H,W are the height and width of the frames.
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Where:

 S;,S; are the two frames being compared.

* E(S;), E(S;) are the embeddings of frames S; and S; extracted using the
ViT-B/16 Vision Transformer model (Dosovitskiy et al., 2020).

Feature Level

Examines local structural
elements like edges and
corners, highlighting changes in
key visual features across

Number of Good Matches
Fo(5:: 55) = min(Number of Descriptors in S;, Number of Descriptors in S;)
Where:
* SIFT (Scale-Invariant Feature Transform) is used for feature comparison. SIFT
(Lowe, 2004) extracts descriptors, which represent key points in an image.

* The “Number of Descriptors” refers to the number of SIFT descriptors detected
in a frame.
* Descriptors from S; and S; are compared pairwise. Descriptors that pass the

frames. threshold of 0.75 using the Best-Bin-First (BBF) algorithm (cf. Lowe, 2004)
are considered “Good Matches”.
O(S;) NO(S,
Obiect Level (5.5 =1~ oo
jec eve Where:

Detects and tracks objects
within frames, capturing the
presence, absence, or change in

« 5,55 are the two frames being compared.
« O(5;),0(S;) are the sets of unique objects detected in frames S; and S;
respectively.

objects from classes across

frames. « |O(S;) N O(S;)| represents the number of objects common to both frames.

* |O(S;) UO(S;)| represents the total number of unique objects across both frames.

Note: The dots in the Feature Level frames represent SIFT descriptors. The lines between the dots represent good matches
between two frames. The bounded boxes in the Object Level frames represent identified objects with a respective class.

Consolidation into a visual variety compound measure

To reliably predict a visual variety compound score for any video, we trained a machine
learning model using the 18 extracted features. These features encompass both the fine-
grained temporal dynamics (from local to global) and different levels of feature granularity
(from low-level to high-level) that define visual variety (see Figure 5, feature 17 representing
the number of shots and feature 18 the average shot duration, are both not depicted in the
matrix). Due to the wide range of features, they were consolidated into a single compound
measure through the machine learning model. The model was trained using a supervised
learning framework, leveraging ground truth labels from 150 randomly selected and manually

labeled videos. The labeling process was carried out by three research assistants blind to the
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study’s hypotheses, using a visual variety scale rated on a 5-point Likert scale. The scale
included four items (items ranging from “not complex - complex”, “not crowded - crowded”,
“no variety - variety”, “simple - complex”), adapted from (Lee et al. 2018, Cronbach’s
alpha = .92).The labelled dataset served as input to train an XGBoost model, a robust and
efficient gradient boosting algorithm (Chen and Guestrin 2016; Hartmann 2021). XGBoost
is particularly well-suited for this task due to its ability to handle complex data structures,
its built-in regularization to prevent overfitting, and its high computational efficiency (Chen

and Guestrin 2016).

Table 2: EVALUATION MEASURES FOR XGBOOST VISUAL VARIETY MODEL

Pearson Correlation Coefficient (PCC) R-squared (R2) Mean Squared Error (MSE)
0.823 0.677 0.193

The XGBoost model demonstrates strong predictive performance, as evidenced by the
Pearson Correlation Coefficient (PCC) of 0.823 (see Table 2), indicating a strong linear
relationship between the predicted and true values (see Figure 4). The residual plot fur-
ther supports this, showing consistent predictive accuracy across the scale of visual variety
scores, with only a slight increase in residuals at higher scores. The average Mean Squared
Error (MSE) on a 10-fold cross validation is 0.193 (see Table 2) and shows that the average
squared difference between the predicted and actual values is low on unseen data, confirm-
ing the model’s accuracy. This slight drop in performance for high visual variety scores may
be attributed to the smaller number of data points in this range, but overall, the model
maintains solid predictive power.

The SHapley Additive exPlanations (SHAP) values provide further insights into the
contributions of each of the 18 extracted features to the prediction of visual variety (Lundberg
and Lee 2017). Figure 5 illustrates the relative importance of each feature, as determined
by the SHAP values. The top five features influencing visual variety, in decreasing order,
are the number of shots, mean shot duration, within shot embedding, transition embedding,

and within shot pizel (see Web Appendix B Figure W1 for detailed SHAP chart). The
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Figure 4: XGBOOST PERFORMANCE FOR VISUAL VARIETY PREDICTION
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Note: The figures were created using a 10-fold cross-validation with n=150. For each iteration, 9 parts are used to train
the model while the remaining part is used to test the model. The scatter and residual plots depict the model’s predictive
performance, with predictions aggregated across all folds to provide a comprehensive view of accuracy and error.

distribution of SHAP values shows that all features are relevant for the prediction, with
embedding and pixel-level features having a slightly greater impact compared to SIFT and
object-level features (see Figure 5). This underscores the robustness of our feature set, which
effectively captures both temporal dynamics at different feature granularity levels, allowing
the model to accurately quantify visual variety across a diverse range of video content. The
trained compound measure was used to predict the visual variety of all videos in the dataset,

forming the basis for the subsequent econometric analyses.

Study 1: Visual variety in TV ads

In study 1 we assess the relationship between visual variety and advertising effectiveness of
910 videos using survey data on real-world TV ads to investigate H1. We isolate the effect

of visual variety by implementing numerous textual, audio and visual controls.

Data

We partnered with a leading market research and analytics company to obtain a dataset
comprising survey responses from over 27,000 participants regarding their perception of

multinational TV ads. They provided us with 1,049 TV advertising videos from almost 30

16



Figure 5: FEATURE MATRIX FOR VISUAL VARIETY
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countries across the globe (i.e., US, Europe, Asia), featuring multiple brands and product
categories. In a large international survey, our partner gathered information on consumer
reactions to the advertising videos, including their purchase and sharing intention, resulting
in a total of more than 200,000 observations. After exclusion of videos without multiple
shots (i.e., 57 videos with 1 shot only) and list-wise deletion of videos with NA entries (i.e.,
82 videos with NAs in regression-relevant variables) a set of 910 ads remains as the final
dataset for analysis. Study 1 draws on this dataset to test the predicted inverted U-shaped

effect of visual variety on advertising effectiveness.

Control variables

To accurately isolate the effect of visual variety on advertising effectiveness, we control for
several factors that potentially also influence consumer response to video ads. Our approach
involves a multi-model video analytics pipeline to extract a comprehensive set of visual,
textual, and audio control variables. Table 3 provides and overview of these variables, along
with their definitions. For detailed information on the extraction process and tools used,
please refer to Web Appendix B.

Structural features. In terms of structural controls, we focus on the video duration to
capture the total stimulus duration (e.g., Maclnnis et al. 2002; Fossen and Schweidel 2017;
McGranaghan et al. 2022).*

Audio features. Audio and narrative features significantly influence content success by
shaping perceived emotionality and complexity (Berger et al. 2021). We control for key emo-
tional indicators from text analysis, namely arousal and valence, which are well-documented
in advertising research (e.g., Olney et al. 1991; Teixeira et al. 2012; Akpinar and Berger
2017). Additionally, we account for the audio’s tempo, capturing its pace as either upbeat

and dynamic or slow and relaxed (e.g., Teixeira et al. 2014). Drawing inspiration from Yang

4We do not control for the number of shots or the average shot duration as this part of our compound
visual variety measure.
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Table 3: VARIABLE OVERVIEW

Variable

Description

Dependent variables
Purchase intention (TV)
Sharing intention (TV)
Clicks (Facebook)
Purchases (Facebook)

Purchase intention is measured on a 5-point Likert scale for the TV ads.
Sharing intention is measured on a 5-point Likert scale for the TV ads
Clicks is measured as the actual number of clicks for the respective Facebook ad

Purchases is measured as the actual number of purchases for the respective Facebook ad

Main variable

Visual variety

Visual variety?

Structural features

Duration

Audio features

Arousal

Valence

Energy level

Frequency variation
Tempo

Transcript complexity

Visual features

Face area
Unique faces

Brightness

Saturation

Image aesthetics

Entropy

Depth

Further controls

Views (Facebook)

Compound measure of visual variety based on the 18 extracted features, measured on a range
of 1to5
Squared term of visual variety

Total length of a video ad, measured in seconds. We applied a natural logarithm transfor-
mation with a log(z + 1) adjustment to the variable

Arousal level in ad audio measures the degree of excitement conveyed through the choice of
words in the transcript of spoken content (Warriner et al. 2013)

Valence in ad audio measures the pleasantness or emotional appeal of the words used in
the transcript, indicating the spectrum of emotions invoked by the language, ranging from
unhappy to happy (Warriner et al. 2013)

Score that indicates how energetic the audio of the ad is, taking into account spoken text
and music (Yang et al. 2022)

Score that indicates how strongly (%) the voice frequency (in Hz) varies compared to the
ad’s average frequency. We applied a natural logarithm transformation with a log(z + 1)
adjustment to the variable

Score that indicates how much tempo an audio has, taking beats per minute into account
(Askin and Mauskapf 2017; Yang et al. 2022)

Transcript complexity is measured using the grade level score developed by Kincaid et al.
(1975). This metric estimates the school grade level necessary for comprehension of a text
and is applied to the transcribed audio of the video ads.

Average percentage of the screen that is covered by human faces. We applied a natural
logarithm transformation with a log(z + 1) adjustment to the variable

Number of unique faces that have been identified over the entire video. We applied a natural
logarithm transformation with a log(xz + 1) adjustment to the variable

Brightness refers to the perceived intensity or luminosity of an image and is calculated as
the average across keyframes (first, middle, and last frame) of each video ad. It serves as a
proxy for visually induced emotionality (Wilms and Oberfeld 2018)

Saturation measures the intensity or purity of colors in an image and is calculated as the
average across keyframes of each video ad. It serves as a proxy for the vibrancy of emotionality
(Wilms and Oberfeld 2018)

NIMA quantifies the aesthetic quality of images by predicting a distribution of viewer ratings
on a scale from 1 to 10 (Talebi and Milanfar 2017). We calculate the NIMA score as average
across all keyframes of a video.

Average change in image entropy between keyframes of detected shots across the video is used
to measure the unpredictability or randomness in the visual content of video ads, relating to
the perceived processing complexity (Wu et al. 2013; Overgoor et al. 2022).

Average image depth across the keyframes of a video ad indicates the capacity of the image
to display a range of colors or shades of gray and is used as a proxy for image quality. Greater
image depth allows for richer and more detailed color representation, enabling more nuanced
images

Number of views a specific video has accumulated over time as an indicator for its popularity.
We applied a natural logarithm transformation with a log(z 4+ 1) adjustment to the variable
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et al. (2022), we employ a custom classifier to assess the energy levels in video soundtracks.
To evaluate transcript complexity, we utilize the Flesch-Kincaid grade-level score (Kincaid
et al. 1975), similar to approaches in prior studies (Berger et al. 2021). We also measure the
variation in voice frequency throughout the ad, reflecting changes in vocal intensity.

Visual features. Given the impact of visual features on consumer reactions (Tellis et al.
2019; McGranaghan et al. 2022; Becker et al. 2023), we implement several visual controls
to account for varying elements within the video ads. We compute the average entropy of
scene frames to measure the perceived processing complexity of the visual content (Wu et al.
2013; Overgoor et al. 2022). To control for the effect of image quality and aesthetics on
advertising effectiveness, we use average depth and neural image assessment (NIMA) scores,
which measure the aesthetic appeal of key frames across all shots in a video ad (Talebi and
Milanfar 2018a). To account for the emotional influence of frame compositions, we rely on
the findings by Wilms and Oberfeld (2018), which suggest that brightness, saturation and
hue of images significantly influence viewer emotions. Due to multicollinearity concerns,
hue is excluded from our controls. Additionally, we measure the number of unique faces
and calculate the average screen area they occupy, controlling for the influence of human
presence on advertising effectiveness (Schwenzow et al. 2021). Table 4 provides summary

statistics across all variables of the TV dataset.

Results

We estimate OLS regression models for the TV data’s continuous rating scales, averaging all
participants’ responses on the video level. Both models are estimated with further controls
and aim to assess the relationship between the dependent variables and our main independent

variable visual variety:
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purchase;ji, = Po + Prvisual variety; + 5zvisual,va7‘ietyl-2 + Xy + country; + brandy, + €;

(1)

where ¢ = 1,..., N indicates the different ads and $; and S5 measure the relationship
between visual variety and the estimated purchase intention. X; is the matrix of control
variables; the fixed effects country; account for country-specific differences across advertising
videos, and brandy accounts for brand fixed effects. ¢; is the error term. Analogous to Equa-
tion 1, we estimate a second OLS model for our second dependent variable sharing intention.

Table 5 shows our results. We find a consistent and significant inverted U-shape across
both dependent variables (i.e., sharing intention and purchase intention)®. This confirms
H1, that optimum levels of visual variety maximize advertising effectiveness as measured by
purchase and sharing intentions in the TV advertising context. For sharing intention, model
(1) indicates 3.1 as the optimum level of visual variety to generate viewer engagement (visual
variety: 1.273, p < .001; visual variety?: —.199, p = .002), and model (2) shows an optimum
score of 3.25 for evoking purchase intention with TV ads (visual variety: 1.248, p = .006;
visual variety?: —.192, p = .014). Recall that our visual variety compound measure is bound
by 1 and 5, where 5 indicates the maximum level of visual variety. All other control variables

do not demonstrate a significant impact on advertising effectiveness.

Discussion

The results of study 1 provide robust evidence for the non-linear relationship between visual
variety and the effectiveness of video ads, as measured by both purchase and sharing inten-

tions. The results align with Berlyne’s aesthetic theory, related studies, and hypothesis H1,

®Robustness checks confirm that the results remain consistent when excluding duration from the regression
analysis, as the compound measure of visual variety already includes duration as a function of the two
features: average shot duration and number of shots.
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Table 4: SUMMARY STATISTICS FOR TV DATASET

Variable Mean (SD) Min Max
Dependent variables

Sharing intention 3.104 (0.435) 1.886 4.219
Purchase intention 3.194 (0.457) 2.020 4.233

Main independant variables
Visual variety 3.059 (0.340) 1.546 3.846
Structural features

Duration (in seconds) 29.801 (15.575) 5.960 173.480

Audio features

Arousal 0.724 (0.142) 0.199 1.048
Valence 0.616 (0.146) 0.028 0.979
Energy level 0.273 (0.152) -0.044 0.705
Frequency variation 0.260 (0.162) 0 0.568
Tempo 114.836 (13.835) 71.150 170.624
Transcript complexity 4.583 (6.303) -15.700  91.000

Visual features

Face area 0.048 (0.038) 0 0.268
Unique faces 1.614 (0.606) 0 3.091
Entropy 1.369 (1.764) 0.051 7.547
Depth 4.233 (2.136) 0626  17.382
Brightness 0.465 (0.160) 0.061 0.936
Saturation 0.319 (0.124) 0.016 0.851
Image aesthetics 4.638 (0.280) 3.819 5.533

which suggest that a moderate level of visual variety maximizes advertising effectiveness.
The identified optimal visual variety score for purchase intention of 3.25 is slightly above the
average visual variety level of 3.1 observed in real-world TV ads. This represents a minor
deviation of about 5% from the optimal level, indicating that TV ads are closely aligned
with the optimal balance of visual variety (see Table 4 and Web Appendix C). Study 1 has
been conducted in a more controlled setting, employing a large-scale international consumer
survey to evaluate intentional behavior towards TV ads. To validate these insights in a more
realistic settings and to understand how they translate into actual consumer behavior, study

2 examines real-world interaction data from Facebook video ads. This step is essential as it
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Table 5: REGRESSION RESULTS FOR TV ADS DATASET

Sharing intention Purchase intention

@ &)
Visual variety
Visual variety 1.273*** (.365) 1.248** (.453)
Visual variety? —.199** (.062) —.192* (.078)
Structural features
Duration .001 (.001) —.000 (.002)
Audio features
Arousal —.009 (.124) .112 (.136)
Valence —.078 (.107) —.052 (.133)
Energy level .024 (.105) —.017 (.121)
Frequency variation .090 (.090) .093 (.112)
Tempo —.001 (.001) —.000 (.001)
Transcript complexity .001 (.002) .001 (.002)
Visual features
Face area .133 (.391) .229 (.469)
Unique faces —.004 (.003) —.040 (.003)
Entropy —.003 (.008) —.007 (.010)
Depth —.002 (.008) .007 (.009)
Brightness —.040 (.110) —.014 (.137)
Saturation —.015 (.142) —.109 (.176)
Image aesthetics —.001 (.062) —.002 (.065)
Country fixed effects Yes Yes
Brand fixed effects Yes Yes
Observations 910 910
R? 95 94

Note: 1 p < .1; * p < .05; ** p < .01; *** p < .001
Intercept omitted from Table. Robust standard errors in parentheses.
All Variance Inflation Factor (VIF) values are below 1.5.
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helps to demonstrate the validity of our results and ensure that our theoretical model holds

up under practical conditions.

Study 2: Visual variety in real-world Facebook ads

Study 2 aims to extend the insights from study 1 by examining how visual variety influences
advertising effectiveness in the dynamic and uncontrolled environment of real Facebook ad
interactions. By leveraging field data, this study tests the generalizability of the inverted
U-shaped relationship identified. In identical fashion to study 1, we extract visual variety

scores for real Facebook ads and respective audio, textual and visual controls.

Data

The Facebook dataset consists of 2,766 video ads displayed on Facebook. An industry partner
provided the Facebook ads along with actual performance metrics, including number of views,
clicks, and purchases, as well as allocated budget. After exclusion of videos without multiple
shots (i.e., 469 videos with 1 shot only) and list-wise deletion of videos with NA entries
(i.e., 116 videos with NAs in regression-relevant variables) a set of 2,181 ads remains as the
final dataset for analysis. In contrast to study 1, our primary dependent variable is the
number of clicks as a direct measure of ad effectiveness. While we also consider purchases
as dependent variable, purchases are influenced by other factors not captured in our data,
such as landing page effectiveness, pricing strategy, and the user experience during shopping,
which we are unable to observe and account for. This can skew the relevance of purchases as
direct indicator of the relationship between visual variety and video ad effectiveness. Table

6 provides summary statistics for all variables of the Facebook ad dataset ©.

6We filter out static and minimally animated banner ads and solely focus on videos with more than one
shot to ensure that our findings are not influenced by fundamental differences in video ad design between
TV and Facebook ads.
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Table 6: SUMMARY STATISTICS FOR FACEBOOK DATASET

Variable Mean (SD) Min Max
Dependent variables

Clicks 2,555.313 (13,930.41) 1.000 392,480
Purchases 92.006 (531.643) 0 12,937

Main independet variables

Visual Variety 2.981 (0.378) 1.341 3.840
Audio features

Frequency Variation 0.239 (0.190) 0 0.632
Unique Faces 1.482 (0.594) 0 3.135
Face Area 0.102 (0.072) 0 0.403
Arousal 0.639 (0.142) 0.245 1.068
Valence 0.485 (0.145) 0.085 0.976
Visual features

Entropy 1.013 (0.999) 0.003 7.199
Energy level 0.270 (0.147) -0.114 0.691
Depth 4.219 (2.061) 0.188 14.288
Brightness 0.615 (0.110) 0.243 0.966
Saturation 0.256 (0.082) 0.076 0.673
Image aesthetics 4.916 (0.279) 3.903 6.079
Transcript complexity 1.177 (6.002) -15.700 46.100

Structural features
Duration 24.814 (10.925) 5.040 209.680
Views 25,905 (1418.461) 0 39,033,135

Results

Due to overdispersion of our dependent variables, clicks and purchases (see Table 6), we
estimate two negative binomial regression models, which result in better model fits than
Poisson regressions (see also Akpinar and Berger 2017; Villarroel Ordenes et al. 2019; Hart-
mann et al. 2021). We include the same controls as in study 1, add the number of views as

an additional control variable, and include fixed effects on brand and year-month level:
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clicksiji = Bo + Brvisual variety; + Bo(visual_variety;)* + Xiy + time; + brandy + €; (2)

where ¢ = 1,..., N indicates the different ads and (; and [ measure the association
of visual variety with the estimated count of clicks; the other X; is the vector of control
variables; time; represents year-month fixed-effects of each video; and brandy, is the time-
invariant brand fixed-effect. We estimate the same negative binomial regression model for
purchases. All controls were z-standardized for increased interpretability. Table 7 shows our
results.

Table 7: REGRESSION RESULTS FOR FACEBOOK ADS DATASET

Clicks Purchases
@ ©)

Visual variety

Visual variety 1.227* (.563) —.730 (.835)
Visual variety? —.245% (.102) .147 (.152)
Structural features

Duration 177** (.058) .008 (.037)
Audio features

Arousal —.075* (.033) .042 (.034)
Valence —.002 (.026) —.046 (.030)
Energy level .040 (.045) 023 (.046)
Frequency variation —.041 (.027) —.011 (.033)
Tempo .096** (.033) .003 (.039)
Transcript complexity —.048 (.032) .001 (.030)
Visual features

Face area .015 (.033) —.038 (.036)
Unique faces .057 (.040) .040 (.041)
Entropy —.072*** (.022) —.009 (.022)
Depth —.026 (.027) .002 (.027)
Brightness .012 (.028) .004 (.033)
Saturation —.027 (.033) —.038 (.039)
Image aesthetics —.022 (.026) .003 (.030)

Further controls
Views

2.189*** (.040)

2.563"** (.058)

Brand fixed effects Yes Yes
Time fixed effects Yes Yes
Observations 2,181 2,171
Pseudo R? 0.143 0.257

Note: T p < .1; * p < .05; ** p < .01; *** p < .001
Intercept omitted from Table. Robust standard errors in parentheses.

All Variance Inflation Factor (VIF) values are below 1.5.
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Similar to study 1, we observe a consistent inverted U-shape for the visual variety of
Facebook video ads and the number of clicks 7. Model (1) indicates that optimal level
of visual variety to maximize clicks is 2.5 (visual variety: 1.227, p = .029; visual variety?:
—.245, p = .016). Several other variables also significantly relate to clicks. First, as expected,
views are highly predictive of the number of clicks (views (log): 2.289, p < .001). Second,
the level of arousal in the audio negatively affects clicks (arousal: —.075, p = .021). Other
controls, such as entropy, duration, and tempo, also contribute to click variations, though
their effects are relatively minor (entropy: —.072, p < .001; duration: .177, p = .002;
tempo: .096, p = .004), underlining that while these features influence clicks, visual variety
remains a predominant factor. For the number of purchases (model (2)), visual variety
and its squared term do not significantly link to actual purchasing behavior, highlighting
a potentially different dynamic for this more complex consumer action compared to clicks

(visual variety: —.276, p = .382; visual variety?: .316, p = .334).

Discussion

Comparing the optimal level of visual variety on Facebook for maximizing clicks, which is
2.5, to the observed average level of 2.98 suggests that advertisers are utilizing visual variety
levels that are approximately 20% higher than optimal for click generation (see Table 6
and Web Appendix C). This deviation implies that current marketing practices might not
always align with maximizing clicks. While clicks are an essential metric for evaluating
immediate ad performance, they primarily focus on sales-related outcomes. In contrast,
some campaigns are designed with the long-term objective of building or strengthening a
firm’s brand identity, which aims more at awareness. Such campaigns might prioritize overall
impressions or engagement, such as ad sharing, over direct clicks (Keller 1993; Keller and

Lehmann 2006). Our findings from study 1 reveal an inverted U-shaped relationship between

"Robustness checks confirm that the results remain consistent when excluding duration from the regression
analysis, as the compound measure of visual variety already includes duration as a function of the two
features: average shot duration and number of shots.

27



visual variety and both sharing intentions and purchase intentions. Study 2 confirms this
relationship only for clicks, an upper-funnel metric. Ad clicks and click-through rates (CTR)
are widely recognized as key indicators of advertising effectiveness, and they are among the
most commonly tracked metrics in online advertising due to their strong correlation with
campaign success (Aribarg and Schwartz 2020; Johnson et al. 2017; Hartmann et al. 2021).
However, this relationship is not confirmed for purchases in study 2, a lower-funnel metric,
which suggests that additional visual or content-related stimuli encountered on the landing
page could influence conversion rates and underscores the complexity of visual variety’s
influence across different consumer responses.

In conclusion, both study 1 and study 2 provide significant evidence supporting H1: an
optimal (i.e., medium) level of visual variety maximizes advertising effectiveness, outperform-
ing both low and high levels. Study 2 reinforces this finding with real-world data, enhancing
the robustness and generalizability of our results. To mitigate potential endogeneity arising
from managers adjusting visual variety based on expected customer engagement, we conduct
a controlled lab experiment in study 3. This approach allows us to directly manipulate visual
variety for highly comparable videos, thereby providing a clearer test of causality and miti-
gating concerns over the external validity of our results from previous studies. Additionally,
we examine the underlying mechanisms through which visual variety influences advertising

effectiveness, addressing H2, H3, and H4.

Study 3: Causality and mechanism evidence

Study 3 is designed to fulfill two primary objectives. First, to establish causality, we ma-
nipulate visual variety in self-produced video ads and observe its effects on advertising ef-
fectiveness. Second, we test the underlying processes behind the observed effects. We have
hypothesized that visual variety drives advertising effectiveness through two countervailing
effects. On the one hand, visual variety increases stimulation, which should drive advertising

effectiveness, up to a point of over-stimulation (H2). On the other hand, too high visual
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variety hinders ad comprehension, which negatively impacts effectiveness (H3). These effects

are assessed in a parallel mediation to understand their combined effect (H4).

Methods

Our sample comprises 157 participants (52% female, average age: 38). Each participant
was randomly assigned to one of three conditions in a 3 cell between-subject design on
Prolific (visual variety: low, medium, high). Web Appendix D provides additional details on
the experimental setup and exclusion criteria. All participants were shown a video ad for a
fictitious meal-kit delivery service (brand name: SUPPER BOX). The video ads were crafted
using professionally produced stock footage scenes obtained from Canva to ensure a high level
of production quality across all conditions. Each ad maintained a consistent video duration,
as well as identical opening and closing shots. We focused on the visual variety features of
our compound measure that could be manipulated in post-production without altering the

8 In total, we manipulated 14 out of the 18 features of

original content’s professionalism
the compound visual variety measure (see Methodology chapter for detailed description of
features). Our manipulation targeted (1) the number of shots, (2) average shot duration, (3)
visual variety in transitions between shots, (4) visual variety between different shots, and
(5) visual variety across all shots of a video. For (3), (4), (5) manipulations were effective at
the pixel, embedding, feature, and object level.

Figure 6 illustrates the video composition for each condition. Panel A displays the stock-
video scenes selected for each condition. The low condition comprises only two scenes: a
static image of the fictitious brand with a call-to-action (i.e., “Order your meal kit online”),
along with one additional scene. The medium and high conditions were crafted using six and

twelve distinct stock-video scenes, in addition to the static brand image scene. This increase

in the number of scenes directly drives visual variety across the video (5), as it allows for

8We refrained from manipulating within shot visual variety as adjusting pixels or objects in post-
production requires advanced editing techniques and could compromise the professionalism of the selected
scenes.
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Figure 6: VISUAL COMPOSITION OF THREE EXPERIMENTAL CONDITIONS
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Note: Excluding the first and last shot of each video, which is held constant at 2 seconds each across all three conditions.

greater variation in objects, colors, and patterns. The other dimension of visual variety
were manipulated by dividing the scenes into shots (low: 3 shots, medium: 14 shots, high:
96 shots), as well as adjusting their duration and order. This strategic shot arrangement
involved sequencing shots in the high condition to ensure that the colors, patterns, and
objects between two consecutive shots exhibited maximal contrast, as demonstrated in panel

B of Figure 6. The effectiveness of these manipulations was confirmed through our visual
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variety pipeline, which quantified visual variety with values of 2.1 for low, 2.8 for medium,
and 3.3 for the high visual variety conditions.

After viewing the video ad, participants rated their click intention on a 7-point Likert
scale (1 = strongly disagree, 7 = strongly agree), adapted from Yoo (2007) ( “How likely is
it that you will click on the video ad to be redirected to the product website?”). To exam-
ine the underlying mechanisms, participants assessed their comprehension using a 7-point
Likert scale (“I was able to fully understand and follow the storyline of the video”), which
was adapted from the narrative understanding scale of Busselle and Bilandzic (2009). Par-
ticipants reported their perceived level of stimulation (1 = not at all, 7 = extremely) using
a single-item scale adopted from Berger et al. (2021) ( “How stimulating did you find the
video?”). Lastly, participants evaluated the perceived level of visual variety using the same

scale as described in the Methodology chapter used to label the ground truth of visual variety.

Results

Manipulation check. The comparison between perceived and calculated visual variety lev-
els indicates a successful manipulation in our experiment. The video categorized as low with
a calculated visual variety score of 2.1 received a mean perceived score of 1.9. Participants
rated the medium condition video, which had a calculated visual variety of 2.8, as 2.6. The
video in the high condition, with a calculated score of 3.3, was perceived as having a visual

variety of 3.3.

Base effect. We conduct one-tailed t-tests to assess significant differences in click intentions
across the three experimental conditions (Churchill and Iacobucci 2006). Our results indi-
cate that mean click intention is significantly higher in the medium visual variety condition
than in the low condition (M egium = 3-32 vs. My, = 2.69, t(104) = —1.73, p = .043, see
Figure 7), and it is also higher compared to the high condition (Myedium = 3.32 vS. Mpign

= 2.75, t(106) = 1.71, p = .045, see Figure 7). These findings support our hypothesis that
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visual variety impacts advertising effectiveness in an inverted U-shaped manner, providing

robust evidence for hypothesis H1 and its causal nature.

Figure 7: EFFECT OF VISUAL VARIETY ON CLICK INTENTION

5

n.s.
4 * | | *
.
&
g 3 2.69
3
£
=
L2 2
(&
1
0
Low Medium High

Visual variety

Note: T p < .1; * p < .05; ¥* p < .01; ¥** p < .001

Mechanism evidence To explore whether stimulation and comprehension are driving the
results, we perform a mediation analysis. Following the approach for multiple mediator
analysis of Preacher and Hayes (2008) and similar to Berger et al. (2021) we use biased-
corrected bootstrapping for our parallel mediation model (n = 5,000, 95% confidence interval
(CI)). The mediation is successful if the confidence interval does not include zero (Preacher
and Hayes 2008).

First, the mediation analysis, illustrated in Figure 8, provides substantial support for
Hypothesis H2, confirming that stimulation mediates the relationship between visual variety
and click intention for medium and low levels of visual variety (95% Cls: [—.922, —.197]).
Specifically, we find that when visual variety decreases from a medium to a low level, stim-

ulation notably decreases (ﬁstimulationa) = —1.817, p < .001). Stimulation has a positive and
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Figure 8: PARALLEL MEDIATION ANALYSIS
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significant impact on click intention (Bstimutationy,, = 0-29, p < .001), which aligns with H2a.
Conversely, an increase from medium to high visual variety does not significantly enhance
stimulation (ﬁstimuzationb) = .087, p = .801) and the mediation path becomes insignificant
(95% Cls: [—.214, .233]). This outcome suggests that higher levels of visual variety do not
further enhance viewer stimulation and thus click intention, indicating a limit to the benefits
of increased visual variety. However, the expected negative impact of excessive stimulation
on advertising effectiveness, indicative of a complete inverted U-shaped relationship (H2b),
can not be confirmed as stimulation still shows a positive if non-significant relationship at
high levels of visual variety. Second, The mediation analysis provides clear support for
H3, that comprehension mediates the relationship between visual variety and advertising
effectiveness. We observe that this mediation is significant for transitions from medium to
high levels of visual variety (95% Cls: [—.524 to —.039]) and find that this shift (i.e., from
medium to high levels of visual variety) leads to a substantial decrease in comprehension
(ﬁcomprehenswnw = —1.15, p < .001). While the transition from low to medium visual variety

also results in a decrease in comprehension (meprehensiona> = —.68, p = .050), the effect is
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not significant (95% ClIs: [—.377, .011]), suggesting a more nuanced impact at lower levels
of visual variety. In line with H3a, an increase in visual variety from a medium to a high
level has a detrimental effect on comprehension. Additionally, the positive linear relationship
between comprehension and click intention (Beomprenensiona, = -21, p = .009), supports H3b,
confirming that higher comprehension enhances advertising effectiveness. Finally, hypothesis
H4 suggests that the effects of visual variety on advertising effectiveness are jointly mediated
by stimulation and comprehension. Our parallel mediation analysis confirms this, identify-
ing stimulation as the primary mechanism that explains the decreased click intentions when
visual variety falls below the medium level, indicative of under-stimulation. Conversely, for
levels of visual variety exceeding the medium, comprehension emerges as the critical factor,
with diminished understanding leading to reduced click intentions. Collectively, these find-
ings highlight that the medium level of visual variety optimally balances stimulation and

comprehension, thereby maximizing advertising effectiveness.

Discussion

Study 3 confirms the results of the first two studies, that a medium level of visual variety in
video ads drives the highest advertising effectiveness, measured through click intention. Our
study provides causal evidence for our theory by clearly demonstrating that visual variety
not only influences the effectiveness of ads, but that it does so through different mechanisms
at different levels of visual variety. The mediation analysis reveals these mechanisms: stim-
ulation significantly enhances click intentions when visual variety is moderate, effectively
capturing viewer interest without overwhelming them. However, as visual variety increases
beyond this optimal level, comprehension decreases, leading to reduced ad effectiveness. This
study emphasizes the necessity for advertisers to find the right balance in visual variety to
maximize both viewer stimulation and comprehension, ensuring the most effective visual

communication.

34



General discussion

In an intensifying competition for consumer attention, advertisers need to strategically opti-
mize their video ads to capture viewer interest amid widespread media saturation (Anderson
and de Palma 2013; Galloway 2022; Lindsay 2024). One way to achieve this is through
manipulating visual variety, which involves adjusting the composition of the visual elements
such as colors, patterns, shapes, and objects, alongside the temporal dynamics across the
video, including the number, duration, and arrangement of shots. But how does visual
variety impact advertising effectiveness?

This research introduces a novel multi-faceted visual variety measure, spanning 18 fea-
tures organized within a 4 x 4 matrix, focusing on varying feature granularity and temporal
dynamics utilizing advanced machine learning techniques. Grounded in Berlyne’s aesthetic
theory, our studies reveal an inverted U-shaped relationship between visual variety and ad-
vertising effectiveness. Study 1 leverages a large dataset of real-world TV ads to show that an
optimal level of visual variety relates to higher sharing and purchase intentions compared to
both lower and higher levels of visual variety. These findings are substantiated by real-world
performance data in study 2, where the number of clicks on Facebook video ads follows an
inverted U-shaped relationship with visual variety. We use a broad set of controls, includ-
ing factors like emotionality, visual quality, aesthetic appeal, and narrative complexity to
further validate the robustness of the observed effects. Study 3 provides causal evidence for
the relationship between visual variety and advertising effectiveness and demonstrates that
stimulation and comprehension mediate this relationship in parallel. We find that insufficient
stimulation from low visual variety decreases ad effectiveness, while excessive visual variety
can undermine comprehension, which, in turn, reduces advertising effectiveness. This indi-
cates that advertisers must carefully calibrate visual variety to maintain an optimal balance

that avoids both under-stimulation and incomprehension.
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Contributions and implications

This research offers several notable contributions. First, we demonstrate the practical value
of machine learning in video analytics by developing and operationalizing a novel measure of
visual variety. Our publicly available tool provides near-real-time visual variety predictions,
enabling users to upload videos and instantly receive a compound visual variety score, along
with detailed scores for all 18 individual features [LINK BLINDED FOR PEER REVIEW].
Figure 9 illustrates the interface of the visual variety extraction tool. This web-based inter-
face introduces a new dimension of creativity to the video production process, enabling an
iterative approach where content creators can make evidence-based adjustments to optimize
visual variety for maximum advertising effectiveness. Managers can monitor and adjust vi-
sual variety in real-time during the campaign life-cycle. Additionally, we provide technical
guidelines for practitioners on adjusting visual variety in both pre-production and post-
production phases. During the storyboard and script development phases (pre-production),
as well as during the process of video editing (post-production), creative teams can plan for
the optimal level of visual variety. Web Appendix E provides detailed measures on how to
manipulate visual variety in pre- and post-production processes.

Second, our findings offer practical insights into potential budget savings for practitioners
by optimizing visual variety. Using financial performance data from our real-world Facebook
dataset alongside the calculated optimal visual variety level of 2.5 (see study 2), we examine
how optimal levels of visual variety decrease the cost per click (CPC) for advertisers. We
conducted a post-estimation analysis using the negative binomial regression model from
study 2 to estimate the number of clicks at the optimal visual variety level and at deviations
of one standard deviation around this optimum. Due to the symmetry of the inverted
U-shape, the deviations at the same level are identical. The analysis reveals substantial
budget-saving opportunities for advertisers, as illustrated in Table 8. Specifically, we find
that optimizing the visual variety level of videos that are one standard deviation above or

below the optimal level can lead to potential CPC savings of 3.5%. These findings underscore
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Figure 9: INTERFACE OF VISUAL VARIETY EXTRACTION TOOL
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the importance of carefully calibrating visual variety, as even small adjustments could yield
substantial financial savings, making this a critical consideration for maximizing advertising
effectiveness in practice.

Third, to our best knowledge, our research provides the first empirical evidence of the
multi-faceted nature of visual variety on advertising effectiveness. We thereby contribute
to the literature investigating the impact of visual content on ad performance (e.g., (Teix-
eira et al. 2012; Rafieian and Yoganarasimhan 2022; McGranaghan et al. 2022). Beyond
demonstrating the effect of visual variety on advertising effectiveness, we explain the under-
lying mechanisms and psychological processes that explain viewer responses, contributing to
broader literature of consumer response to modern-day multimedia content in advertising

(Grewal et al. 2021).

Limitations and future research

Several relevant research areas remain open for further investigation. First, the potential

for endogeneity due to the complexities inherent in designing advertising campaigns must
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Table 8: POST-ESTIMATION ANALYSIS OF COST-PER-CLICK SAVINGS FOR THE
FACEBOOK DATASET

VOptimal visual variety for the Facebook dataset 2.504
Standard deviation of visual variety (SD) 0.378
Low visual variety (-1 SD) 2.126
High visual variety (+1 SD) 2.882
Clicks at deviation from optimal visual variety (+/- 1 SD) 32,127
Average cost-per-click (CPC) for low and high visual variety $0.533
Clicks at optimal visual variety 33,284
CPC at optimal visual variety $0.515
CPC saving potential 3.476%

Note: Average CPC is based on average clicks and cost across the entire Facebook dataset.
All other regression variables are held constant at their mean values.
Deviation of 2 SD from the optimum result in a saving potential of 13%.

be acknowledged. Advertisers may already be knowingly or unknowingly adjusting visual
variety based on target audience, marketing objectives and past performance data, which
could lead to a selection bias. For instance, more visually complex ads might be targeted at
younger audiences on specific platforms to increase ad clicks. While our controlled lab ex-
periment provides causal explanations for the observed effect, future research could further
validate these findings in real-world settings across various platforms, thereby addressing
endogeneity concerns and increasing external validity. Second, exploring differences between
media channels presents another intriguing research avenue. Our findings suggest channel-
specific optima for visual variety, with optimal levels identified at 3.25 for TV ads and 2.5
for Facebook video ads ?. It would be beneficial to replicate these findings across platforms
like Instagram, X, and TikTok in additional field studies. Additionally, the unique nature of
these platforms, where content often blends polished advertisements with influencer-created
or user-generated content, may reveal further nuances in how visual variety should be op-

timized. The platform-specific familiarity and interaction patterns, such as the habitual

9Tt should be noted that the optimal level of visual variety identified in the TV ad dataset reflects self-
reported intentional behavior, whereas the Facebook ad dataset captures actual consumer behavior observed
in the field
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viewing of influencer content, could significantly influence the effectiveness of visual variety
in ads, underscoring the need to tailor ads not only in appearance but in their integra-
tion with native content. Third, an investigation of heterogeneous treatment effects could
strengthen the understanding of how visual variety impacts advertising outcomes. Heteroge-
nous treatment effects are observable from two distinct perspectives. From the viewer’s side,
individual characteristics such as cultural background, age, or preferences could affect how
visual content is perceived and its effectiveness. For example, Steenkamp and Baumgartner
(1992) note that individuals with higher OSLs tend to seek more variety in consumer be-
haviors, suggesting a nuanced interplay between personal characteristics and the reaction to
stimulation in advertising contexts. From the producer’s side, the campaign objective (e.g.,
conversion vs. awareness), product category, and brand identity could influence how visual
variety impacts advertising effectiveness. Lastly, the advancements in generative artificial
intelligence tools offer an intriguing context for future research. It would be interesting to
assess how semantic concepts like visual variety can be integrated into tools for automated
video generation or re-composition, using cutting-edge technology from companies like Run-

way Al, Stability Al’s Stable Diffusion Video, or OpenAl’s Sora model.

Conclusion

In conclusion, our research quantifies and operationalizes visual variety in video ads through
advanced machine learning techniques, uncovering its impact on ad effectiveness. We find an
inverted U-shaped relationship between visual variety and advertising effectiveness, confirm-
ing that there exists an optimal level of visual variety that maximizes ad clicks. Stimulation
and comprehension mediate the balance between under-stimulation through too low levels
of visual variety and incomprehension through too high levels of visual variety. Thus, the
strategic incorporation of visual variety emerges not only as a creative endeavor, but as a
crucial element in enhancing the persuasive power of video ads. We hope that our publicly

available visual variety extraction tool allows future researchers to expand their knowledge
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of the relationship between visual variety and consumer engagement, fostering further inno-

vation in advertisement design and effectiveness evaluation.
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II: Visual variety pipeline



Web Appendix B:Visual variety features and controls

Feature Extraction

The sequence of frames in each video is first divided into individual shots using OpenCV
combined with PySceneDetect’s ContentDetector, configured with a threshold of 27. This
ensures that distinct scenes are accurately segmented based on changes in visual content.
For each identified shot, three keyframes are selected: the first, middle, and last frames. To
avoid the influence of abrupt transitions, the first and last frames are selected with a slight
offset of two frames (approximately 0.07 seconds). This method captures the core visual
elements of each shot while minimizing the risk of including distorted or transitional frames
that could skew the analysis. To assess visual differences between keyframes at multiple

levels of abstraction, four levels of content granularity are employed:

e Pixel Level: Pixel level variations are captured by calculating the Manhattan distance
between corresponding pixels of two frames across the RGB color channels. Before

calculation, the pixel values are normalized to the [0,1] range to ensure consistency.

e Embedding Level: High-level visual patterns and themes are analyzed by trans-
forming each frame into a fixed-dimensional embedding vector using the pre-trained
ViT-B/16 Vision Transformer (Dosovitskiy et al. 2020) from the HuggingFace trans-
formers library (Wolf et al. 2020). The Vision Transformer (ViT) outputs an embedding
of dimension 768 for each frame. The similarity between two frames is then quanti-
fied using cosine similarity, calculated with the cosine_similarity function from the

sklearn.metrics.pairwise module.

e Feature Level: Local structural elements, such as edges and corners, are examined
using the SIFT algorithm, implemented via OpenCV (cv2). Keypoints and descriptors
are extracted from each frame, resulting in a variable number of descriptors per image,
depending on the visual complexity of the frame. Matches between descriptors of two

frames are identified using the BFMatcher.knnMatch() function from OpenCV, which


https://huggingface.co/google/vit-base-patch16-224
https://huggingface.co/google/vit-base-patch16-224

returns the k-best matches. The ratio test by Lowe (2004) is applied with a threshold

of 0.75 to filter for /enquoteGood matches that are significantly similar.

e Object Level: Objects within frames are detected using the pre-trained YOLOv10
model (Wang et al. 2024). The model outputs bounding boxes, class labels, and con-
fidence scores for detected objects. Post-processing and visualization of the detection

results are handled using the supervision library. Objects are labelled across frames.

Compound Measure

The visual variety score is predicted using the DMLC XGBoost implementation (Chen
and Guestrin 2016), a powerful gradient boosting framework. The model was trained
and fine-tuned using a grid search approach with an 80/20 train/test split to identify
the optimal hyperparameters. The final configuration colsample bytree=0.6, gamma=0.4,
learning rate=0.1, max_depth=4, min child weight=1, n_estimators=100, and subsample=0.6,
provided the best performance. The model’s accuracy was evaluated using 10-fold cross-
validation, resulting in an average Mean Squared Error (MSE) of 0.193 across all folds. This
indicates that the model generalizes well to unseen data. To further interpret the influence
of different features on the model’s predictions, SHAP (SHapley Additive exPlanations) val-
ues were computed, providing insights into the contribution of each feature to the predicted

visual variety scores (see Figure W1).

Controls

To account for external factors that might influence advertising effectiveness of the videos,
several control variables were incorporated into the analysis. These controls ensure that we
isolate the effect of visual variety on advertising effectiveness and our results are not con-

founded by other aspects of the video content.

Structural Features:



e Duration: The total length of each video was extracted using OpenCV.

Audio Features: Six audio-related features were controlled for to account for the potential

influence of the audio track on advertising effectiveness:

e Arousal and Valence: These emotional dimensions of the audio were extracted using
the pre-trained transformer model audeering/Wav2Vec2-Large-Robust from Hugging-
Face. This model is specifically trained to analyze emotional content in audio and
speech, providing scores for arousal (intensity of emotion), dominance (control and

influence), and valence (positivity or negativity of emotion).

e Energy level and tempo: Energy and tempo, which reflect the intensity and rhythm
of the audio, were calculated following the approach of Yang et al. (2022) and the

librosa package.

e Frequency variation: Frequency variation was calculated using the my-voice-analysis
package (https://shahabks.github.io/my-voice-analysis/), to compute the av-
erage frequency (in Hz) and its variation. The latter is stored for each video as our

frequency variation variable.

e Transcript complexity: Transcript complexity is calculated using the Flesch-Kincaid
readability score (Kincaid et al. 1975). The score is calculated based on sentence length

and word syllables using TextAnalyzer (http://textanalyzer.org/lexica).

Visual Features: Several additional visual features were controlled for to capture elements

that might influence advertising effectiveness:

e Unique faces: The number of unique faces appearing in each video was calculated
using the DeepFace package for face recognition and classification. Every fifth frame
of the video was analyzed, with each detected face checked against a face database to

determine whether it had appeared previously in the video. New faces were added to


https://huggingface.co/audeering/wav2vec2-large-robust-12-ft-emotion-msp-dim
https://shahabks.github.io/my-voice-analysis/
http://textanalyzer.org/lexica

the database, and the total number of unique faces was counted as a measure of visual

variety related to human presence.

Face area: This measure was derived by computing the bounding box areas for de-
tected faces in each frame and dividing by the total frame area. The average was taken

across all frames analyzed, providing a measure of the prominence of faces in the video.

Entropy : Visual complexity was measured using Shannon entropy, calculated for all
keyframes in the video and averaged across these keyframes. Entropy was computed us-
ing the skimage .measure.shannon_entropy function from the scikit-image library,
which quantifies the randomness or disorder within an image. Higher entropy values

indicate more complex and varied visual content.

Saturation and brightness: These color-based features were calculated for all keyframes
using OpenCV, then averaged across the keyframes for each video. Saturation repre-
sents the intensity of colors, while brightness indicates the lightness or darkness of the
image. Both measures provide additional insight into the visual characteristics of the

video.

Image aesthetics: The aesthetic quality of each video was assessed using the Neural
Image Assessment (NIMA) model, developed by Google (Talebi and Milanfar 2018b).
The NIMA model, implemented using the Idealo GitHub repository (Lennan et al.
2018), evaluates the aesthetic quality of images on a scale from 1 to 10. NIMA scores
were calculated for all keyframes in the video and then averaged to provide a holistic

measure of video aesthetics.



Figure W1: INFLUENCE OF EXTRACTED FEATURES ON VISUAL VARIETY
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IV: Lab experiment
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Web Appendix D: Experiment description

All three crafted videos ads promoted a fictitious brand (i.e., SUPPER BOX), which provides
delivery of meal-kit boxes. The meal-kit boxes contain raw ingredients and the recipe to
create a meal and are a service widely established in the USA, where we ran our survey.
We collected in total 210 survey responses on Prolific based on an equal gender distribution
(50% female, 50% male). We excluded 53 participants after an English screening test (—3)
and multiple attention checks (—54), including brand and product category recall. Our
final sample consists of 157 respondents (52.2% female, 47.8% male). The average time for
completion of the entire survey was around 6 minutes. Figure W2 shows screenshots of our

survey’s setup for the lab experiment.

Figure W2: SCREENSHOTS OF SELECTED SCREENS SHOWN TO PARTICIPANTS

Introduction screen and video Survey questions

On the following page, you will be presented with a video ad *What s the product/service being advertised?

for a meal kit delivery service (a service that delivers boxes of
pre-portioned ingredients and recipes for self-preparing meals
at home). The video contains no sound. Please focus on the
visuals only.

*What is the name of the advertised brand in the video?

O crer crorce

O supperBoOX

O Frienbs Foop

Please click the play button and carefully watch the video until

the end. The *Next page* hutton will appear.after 45 seconds. *How likely s it that you wil click on the video ad to be redirected to the product
‘website?
O O O o O ©) O
notatat 2 s . s s et
ety ety
1 7
Order your meal kit online *How stimulating did you find the video?

Noaat O o) (®) o) o) (®) O exemey

» 000/028 © o
*Please answer the following statement

Strongly Somewhat Neither agree ~ Somewhat Strongly
disagree  Disagree  disagree  nordisagree  agree Agree agree

(©] @) @) O (©] ©) O

*Please rate the video along the following dimensions.

rE—— o o) o O comes
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V: Technical recommendations for practitioners
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Web Appendix E: TECHNICAL RECOMMENDATIONS TO OPTIMIZE VISUAL VA-

RIETY
Pre-production Post-production
Pixel level * Plan color and lighting ‘ * Enhance visual variety ‘
schemes that change through color grading to
distinctively across scenes . ensure variation between and
across shots
Embedding & « Choose visually distinct ‘ « Employ effects to alter .

feature level

structural element, patterns
and settings that differ in style

patterns between shots

Object level

» Vary the number of objects .
across the scenes, change
proportions and background
elements

* Increase the number of ‘
distinct scenes to enhance
object variety or modify object
visibility across the video

Shot arrangement

» Strategically plan the narrative ‘
and scenes to allow for
sequences where visually .
contrasting shots follow each
other

« Arrange shots in a sequence ‘
that maximizes visual contrast
between consecutive shots

Shot dynamics

« Plan a scenes to allow for a .
high variety of shot durations
and angles

« Cut scenes into smaller shot .
increments and reduce

duration .

Legend

. Low impact on
visual variety

Medium impact on High impact on
.. visual variety ..' visual variety
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Methods in Marketing: Leveraging Artificial
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Abstract

In the dynamically evolving field of marketing research, it is imperative that scholars
follow the substantive and methodological developments. However, in the context of
thousands of newly published articles each year, increasing diversity in methods, and
further acceleration through the advent of artificial intelligence (AI), keeping track be-
comes a daunting task for marketing researchers. Some classical vehicles for informa-
tion dissemination exist (e.g., editorials, benchmarks), but are typically not designed
to cover developments in the entire marketing area and rely on error-prone manual
work. We propose an Al-based approach for comprehensive and structured analysis
of the entire marketing literature from 2010 to 2023. We demonstrate the increasing
complexity in marketing (i.e., increase in both articles and methods per article), iden-
tify recent developments in the field, and strive to provide more structured access to

article information.

Keywords: text analysis, research methods, marketing domains
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1 Introduction

In a landscape inundated with the publication of thousands of marketing articles per year
(Bornmann and Mutz 2015), and with rapid transformations driven by emerging trends
such as generative Al, big data, and machine learning that are gaining momentum (Kumar
2018), it becomes challenging for researchers to keep track of their dynamic field. However,
a comprehensive understanding of their research domain is essential for scholars. Profound
familiarity with previous research empowers academics to choose topics that matter and
articulate their thoughts with precision, facilitating their active participation in academic
discourse.

That is why the extraction and retrieval of information from previous research is a key
to academic success, as exemplified by the many review articles that attempt to provide an
overview and guidance on issues of importance within the academic marketing sphere (e.g.,
Grewal et al. 2020; Donthu et al. 2021; Shankar and Parsana 2022). However, while such
means are helpful, extracting and providing information to researchers remains a challenging
task for several reasons.

For example, the increased availability of novel data sources requires researchers to adapt
new methods (Grewal et al. 2021). Identifying a suitable starting point and relevant resources
might not be easy for some researchers (Berger et al. 2020) and, as Moorman et al. (2019)
note, internal forces limit marketing researchers in the adoption of novel methods and stick
to established topics, methods, and like-minded people instead.

Prior literature coined this exploration-exploitation trade-off (Sudhir 2016): exploration
of novel topics and methods that oppose the exploitation and elaboration of known themes.
While exploitation is a valid way to go, exploration is a prime route to follow when aiming to
generate novel insights. However, current research often relies on repeating established and
well-known methods and procedures (Inman et al. 2018), sometimes rendering the method
obsolete by the time the article is published (Toubia 2022). For example, we observe these
tendencies in the rather novel domain of text analysis. Transformers are objectively superior
for sentiment classification for most applications. However, many recent marketing articles
rely on dictionaries such as LIWC for sentiment classification (e.g., Woolley and Sharif 2021;
Becker et al. 2022; Peng et al. 2022) and reference usage in a few older hallmark articles such
as Berger and Milkman (2012) or Ludwig et al. (2013) that are up to 10 years old. Similarly,
a latent moderation analysis Pieters et al. (2022) revealed that 95% of articles use the same
method, although it is not optimal in most situations.

Collectively, this underscores the essential requirement for scholars to have a profound

understanding of their research domain, remain attuned to the dynamic trends in market-



ing methodologies, and use algorithms skillfully to access pertinent knowledge. Within the
context of this article, we present an innovative Al-based methodology capable of compre-
hensively analyzing the entirety of the marketing literature. This approach enables the
extraction and identification of methodological and topical trends embedded within the lit-
erature. Our research holds tangible benefits for both researchers and practitioners. It
facilitates easy access to novel methods and applications in marketing, thereby streamlin-
ing the process of staying abreast of advances in the field. Furthermore, our methodology
contributes to strengthening the case for exploration over exploitation (Sudhir 2016), high-
lighting the importance of embracing new avenues and possibilities in marketing research
and practice.

In the subsequent sections, we survey tools scholars currently rely on when turning to
understanding their field including (i) journal editorials, (ii) method tutorial papers, and
(ili) empirical method benchmarks. Then, we introduce our novel Al-based method to au-
tomatically extract knowledge from the marketing literature published from 2010 onward.
Finally, we illustrate how themes and methods in marketing research develop over time, and
how the marketing field generally evolves in terms of substantive and method contributions,

exemplified on articles entailing LIWC and Topic Modeling applications.

2 Vehicles of Academic Information Dissemination

To provide the reader with some background on how scholars currently access information, we
now turn to illustrate typical vehicles of scholarly information dissemination: editorials and
commentaries (e.g., Yadav 2010; Moorman et al. 2019; Grewal et al. 2020), tutorial articles
(e.g., Podsakoff et al. 2012; Hulland et al. 2018; Berger et al. 2020), and method benchmarks
(e.g., Pieters et al. 2022; Shankar and Parsana 2022; Tetzlaff et al. 2023). Although each of
these vehicles provides substantial value to a specific case, they are not designed to provide
structured information for scholars on developments in the entire marketing field. That is
why we propose a novel Al-based approach that allows for large-scale, automated analysis
and grants researchers innovative angles on information dissemination.

First, editorials and commentaries analyze the development of the marketing field (e.g.,
Grewal et al. 2020, for JMR)). These articles are generic, cover broader developments, and
attempt to distill future research directions by reflecting on the past (e.g., Moorman et al.
2019, for JM and marketing research at large).

Second, tutorial articles provide researchers with more specific information compared to
editorials. For example, Berger et al. (2020) summarize applications of natural language

processing (NLP) methods in marketing. Similarly, Hulland et al. (2018) collect best prac-



tices for survey research, while Podsakoff et al. (2012) inform about method bias in social
sciences.

Third, with the advent of big data and Al in marketing, method benchmarks are an
increasingly important tool for informing researchers about methods. Focused on specific
tasks such as latent moderation analysis (Pieters et al. 2022), text analysis (Shankar and
Parsana 2022), or image classification (Tetzlaff et al. 2024), they aim to provide guidance
for the application of task-specific methods. For example, Pieters et al. (2022) compare
six methods for Latent Moderation Analysis and Shankar and Parsana (2022) provide an
empirical comparison of the NLP methods commonly used in marketing.

Each of the three tools mentioned has inherent design limitations. Editorials, for example,
may lack comprehensive coverage due to topical interests or journal-specific focuses. Tutori-
als and benchmarks might exhibit bias by concentrating on specific subsections of marketing
research, relying on keyword-based searches in publication databases, or unintentionally
relying on citation networks (including like-minded articles, while excluding others).In sum-
mary, while these approaches remain viable, their inherent limitations prevent them from

being optimal for large-scale, objective dissemination of research information.

3 Using AI to Inform Scholars on their Field

As emphasized in the preceding section, conventional avenues for accessing academic infor-
mation on ongoing research and methodological trends remain valid, although not entirely
ideal due to inherent shortcomings. Thus, we propose an innovative Al-based approach
towards structured information dissemination from article full-texts. In this section, we
delineate the framework of this approach that aims to rectify the limitations inherent in

existing information channels.

3.1  Proposing an Automated Information Extraction Framework

Following previous literature on large-scale scientometric analysis (e.g., Grewal et al. 2020;
Donthu et al. 2021), we extract rich information from a set of 20,000 marketing articles on the
type of contribution, data sources and types, analytical methods, investigated constructs,
and key findings. This structured information helps us to inform our analysis and thus
enables marketing scholars to understand and explore developments in the field. To do
so, we build an automatic extraction pipeline that analyzes the full-text manuscripts of all
articles. This pipeline follows a five-step process: (1) define relevant information properties,

(2) create datasets for the classification of relevant sentences in the article, (3) fine-tune a



sentence classification model to identify relevant text, (4) extract information using a Large
Language Model (LLM), and (5) validate the extracted information using keyword search

and manual inspection.

3.2 Extractive AI Model Tuning

Based on a small set of manually identified sentences, we create training data sets and fine-
tune a few-shot text classification model (Tunstall et al. 2022) to detect potentially relevant
sentences in the full text of the articles. This reduces noise from irrelevant context (e.g.,
literature review), which increases extraction precision and reduces computational cost (Liu
et al. 2023). We use OpenAl’s ChatGPT API to extract all information entities from the
filtered sentences of the publications. Lastly, to minimize possible hallucinations of the
language model, we validate all extracted categorical information through a keyword search

in the full text of the publication and manual inspection.

4 Results

Next, we put our proposed Al approach to use and extract exemplary methodological infor-
mation from thousands of marketing publications to inform scholars on the development of
their field. More precisely, our sample contains 21,232 publications from journals in market-
ing research published between 2010 and 2023, published in all journals related to marketing,
including all major journal rankings (FT50, UT Dallas, ABCD, Cnrs, EJL, ABS, Den, and
Scimago) with a minimum rank of B.

Publications were accessed through Web of Science and their full-text manuscripts were
manually downloaded by research assistants. We exclude articles without any empirical
dataset from our analyses (i.e., editorials, tutorials, and commentaries).

Figure 1 shows the average number of analysis methods used per publication between
2010 and 2023. This number grew from 3.51 in 2010 to 4.22 in 2023, an increase of 20.36%
that indicates a greater methodological complexity within individual articles. Probably, this
is driven in part by the introduction of novel analysis methods (e.g., text classification) that
feed into econometric models and are seldom used standalone. In addition to the increasing
number of analysis methods used per publication, the increasing complexity for marketing
researchers to navigate the field is highlighted by an increasing number of methods that are
used each year in marketing publications (average growth rate of 9.61%).

Table 1 illustrates the developments in the use of data sources in marketing research.

Although the use of survey and simulation data remains roughly equal between 2010 and 2023
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Figure 1: The average number of analysis methods used per publication between 2010 and 2023.
The mean number of methods used increased by 20.36% between 2010 and 2023.

(both with a slight decline), the percentage of publications using observational data increased
by 14.03% to 65.11% in 2023 and the use of experiment data increased by more than 40%.
This reflects the transformation in marketing research that Kumar (2018) commented on in
his recent editorial, where the growing popularity of digital platforms allows easier access to

observational data and simplifies conducting field experiments in online environments.

Data Source (Year) 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 Pct. Change
Uses Survey Data (%) 62.08 63.19 59.36 64.88 61.80 65.93 64.89 63.53 63.79 64.36 64.57 61.71 58.90 59.51 -4.14%
Uses Experiment Data (%) 31.64 3342 36.45 33.89 37.95 36.49 33.83 33.11 34.70 34.45 35.27 35.39 37.32 44.56 40.83%
Uses Observational Data (%) 57.10 55.79 55.60 57.24 56.68 58.87 59.50 62.92 57.72 60.84 59.83 59.27 64.16 65.11 14.03%
Uses Simulation Data (%) 452 540 385 439 395 442 347 323 3.69 328 352 4.68 444 438 -3.01%

Table 1: The percentage of publications between the year of 2010 and 2023 that use specific
sources of data.

Lastly, Figure 2 investigates how the use of specific analytical methods in marketing is
related to the impact of an article. Traditional methods of analysis (e.g., regression models
and analysis of variance) are still the most popular forms of analysis in marketing research.

Not surprisingly, machine learning (ML) methods in general and specific analytical meth-
ods from the wider machine learning domain, such as Linguistic Inquiry and Word Count,
are increasingly used in marketing research publications (see left panel of Figure 2). The
right panel of Figure 2 compares the impact of traditionally popular methods related to ML
on an article’s number of citations.

Publications that exploit traditional methods of analysis (e.g., regression, analysis of
variance, factor analysis), accumulate an average of 53.83 citations during the first 10 years

of publication, whereas a publication that leverages ML-based methods (e.g., NLP) will be
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Figure 2: The left panel displays the top 10 most used methods of analysis in marketing research.
The graph highlights that only a limited number of research methods are used in most publications.
The right panel showcases the impact of method use on citation count for the top 5 methods and
NLP. Emerging state-of-the-art methods in NLP influence a fast growth in citations.

cited 62.17 times on average (+30.22% compared to traditional analysis methods).
Researchers and practitioners interested in our methodological approach may find the
BERD@NFDI web application (https://www.berd-nfdi.de/analytics-portal-new/), which
is freely accessible, to be of great benefit. This application applies the processing techniques
discussed in this paper with a somewhat different emphasis, enabling users to investigate the
spread of ML methods in business and economics research fields. In our view, this tool is
essential for aiding marketing researchers and practitioners in managing the extensive annual

literature output, offering a search function for articles based on structured data extraction.

5 Discussion

Informing scholars on the development of themes and methods in their field of research is key
to academic success. Although there are classic vehicles for information dissemination, such
as editorials, tutorials, and method benchmarks, none of these are optimal in design when
it comes to exploring novel directions, methods, and themes in a structured and systematic
way.

To the best of our knowledge, we are the first paper to present a novel Al-based approach
for the automatic extraction of information from thousands of marketing articles from 2010
onward. With the help of state-of-the-art, few-shot classification, and conversational Al, we
extract six relevant information properties from the full-text of marketing research publica-

tions. Analyzing a sample over 21,000 marketing publications between 2010 and 2023, our


https://www.berd-nfdi.de/analytics-portal-new/

preliminary results indicate an increase in the diversity of analysis methods that are applied
in marketing research over time. Moreover, we find that observational data is increasingly
being used. Together, this suggests that marketing scholars put greater emphasis on the
use of non-reactive (online) observations and quantitative methods, as they benefit from the
realm and availability of big data through digitization and online platforms. Importantly,
our results indicate a positive link between the explorative use of emerging methods for anal-
ysis (i.e., machine learning) and the impact of an article (i.e., citation count) that surpasses
the impact of popular traditional methods (e.g., Structural Equation Modeling).

Our results highlight the applicability of AI for scholarly information extraction and in-
sight generation at scale. These are of great value to researchers who want to gain a more pro-
found understanding of fast-paced developments and trends in the marketing field. Through
structured information and easier access to relevant articles, our results help scholars iden-
tify interesting topical areas alongside relevant methods for these. We hope this gives rise to
a better alignment of the exploration-exploitation trade-off in research, where scholars can
leverage past knowledge to explore and apply new themes and methods. With our innova-
tive approach towards academic information dissemination, we resolve many shortcomings of
existing attempts (e.g., editorials and benchmarks) and common dangers for the academic
business such as falling into citation circles, constantly re-using and citing old methods,
themes, and insights.

This analysis includes some limitations that call for future research. First, our data sam-
ple includes only publications published after 2010. Although 2010 seemed like a reasonable
cut-off point for our data collection process, due to the recent shift of research driven by
digitalization and machine learning-based research methods, the use of analytical methods
in marketing research is influenced by the field’s historical development. Future research
could extend the analysis time frame to gather additional information. Lastly, our analysis
is limited to only a few information properties extracted from the publications. Many other
points of view, despite the focus on methods and data sources used in our analysis, could

help researchers navigate the transforming field of marketing research.
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IV. APPENDIX




1. SUMMARIES / ZUSAMMENFASSUNGEN




A. The Language of Images: Performance of Image
Classification Paradigms in Marketing

Summary

Images say more than a thousand words. But can marketing leverage language
modeling concepts to study image content? Marketing utilizes image classification for
studying how advertising, social media, or e-commerce images relate to consumer
perceptions and economic outcomes. To accomplish this, marketing publications ap-
ply variants of convolutional neural networks that analyze local image patterns by
examining neighboring pixels. Recent transformer architectures, inspired by language
modeling, study images more holistically by learning relationships across distant image
parts. Even newer vision language models based on generative Al advances create
detailed text interpretations of what they 'see' in images. We study the benefits of these
advances based on 18 marketing-related datasets that cover what and who is visible,
as well as how images are perceived. On average, language modeling concepts
improve image classification accuracy by more than 10 percentage points. When
training data is abundant, transformer architectures perform best and also most
consistently across datasets. Performance of vision language models varies. Relative
to alternatives, these models perform strongest with limited training data and for
complex tasks focused on how images are perceived. Combining them with
transformer-inspired architectures as a multi-paradigm ensemble achieves the best of
both worlds, with the highest and most consistent performance across all tasks and

datasets we study.



Zusammenfassung

Bilder sagen mehr als tausend Worte. Aber kann das Marketing
Sprachmodellierungskonzepte nutzen, um Bildinhalte zu untersuchen? Das Marketing
nutzt die Bildklassifizierung, um zu untersuchen, wie Bilder aus Werbung, sozialen
Medien oder E-Commerce mit der Wahrnehmung der Verbraucher und den
wirtschaftlichen Ergebnissen zusammenhangen. Zu diesem Zweck werden in
Marketing-Publikationen Varianten von neuronalen Faltungsnetzwerken eingesetzt,
die lokale Bildmuster durch die Untersuchung benachbarter Pixel analysieren. Neuere
Transformer-Architekturen, die von der Sprachmodellierung inspiriert sind,
untersuchen Bilder ganzheitlicher, indem sie Beziehungen zwischen entfernten
Bildteilen lernen. Sogar neuere Bildsprachmodelle, die auf generativen KiI-
Fortschritten basieren, erstellen detaillierte Textinterpretationen dessen, was sie in
Bildern ,sehen®. Wir untersuchen die Vorteile dieser Fortschritte anhand von 18
marketingbezogenen Datensatzen, die erfassen, was und wer sichtbar ist und wie
Bilder wahrgenommen werden. Im Durchschnitt verbessern die
Sprachmodellierungskonzepte die Genauigkeit der Bildklassifizierung um mehr als 10
Prozentpunkte. Wenn viele Trainingsdaten vorhanden sind, erzielen Transformer-
Architekturen die besten Ergebnisse und sind auch uber die Datensatze hinweg am
konsistentesten. Die Leistung von Bildsprachmodellen variiert. Im Vergleich zu den
Alternativen schneiden diese Modelle bei begrenzten Trainingsdaten und bei
komplexen Aufgaben, die sich auf die Wahrnehmung von Bildern konzentrieren, am
besten ab. Kombiniert man sie mit Transformator-Architekturen als Multi-Paradigma-
Ensemble, erhalt man das Beste aus beiden Welten, mit der hochsten und
konsistentesten Leistung Uber alle von uns untersuchten Aufgaben und Datensatze

hinweg.



B. Valuable visual variety? How temporal dynamics of visual
features in video ads affect ad effectiveness

Summary

In today’s digital marketing landscape, video ads play a critical role in capturing
consumer attention amid widespread content saturation. This paper investigates the
impact of visual variety — defined as the temporal variability of a video’s visual features
— on advertising effectiveness. Utilizing machine learning, we develop a
multidimensional visual variety measure and apply it to over 3,000 video ads across
two media channels (TV, social media) and various product categories. Three studies
reveal an inverted U-shaped relationship between visual variety and advertising
effectiveness. A controlled lab experiment reveals that this relationship is mediated by
both stimulation and comprehension. Whereas too little visual variety can lack
stimulation, and too high visual variety can undermine comprehension, ads with
medium visual variety strike an effective balance, being both simulating and
comprehensible for consumers. We provide guidelines for advertisers on optimizing
visual variety and introduce a web-based tool that calculates visual variety scores for

videos.



Zusammenfassung

In der heutigen digitalen Marketinglandschaft spielen Videoanzeigen eine
entscheidende Rolle, wenn es darum geht, die Aufmerksamkeit der Verbraucher
inmitten der weit verbreiteten Inhaltssattigung zu gewinnen. In dieser Arbeit wird der
Einfluss der visuellen Vielfalt - definiert als die zeitliche Variabilitdt der visuellen
Merkmale eines Videos - auf die Werbewirksamkeit untersucht. Mithilfe von
maschinellem Lernen entwickeln wir ein mehrdimensionales Mal} fur die visuelle
Vielfalt und wenden es auf Uber 3.000 Videoanzeigen in zwei Medienkanalen (TV,
soziale Medien) und verschiedenen Produktkategorien an. Drei Studien zeigen eine
umgekehrt U-formige Beziehung zwischen visueller Vielfalt und Werbewirksamkeit.
Ein kontrolliertes Laborexperiment zeigt, dass diese Beziehung sowohl durch
Stimulation als auch durch Verstandnis vermittelt wird. Wahrend eine zu geringe
visuelle Vielfalt zu einem Mangel an Stimulation und eine zu grol3e visuelle Vielfalt zu
einer Beeintrachtigung des Verstandnisses fuhren kann, stellen Anzeigen mit einer
mittleren visuellen Vielfalt ein effektives Gleichgewicht dar, das fur die Verbraucher
sowohl simulierend als auch verstandlich ist. Wir stellen Richtlinien fur Werbetreibende
zur Optimierung der visuellen Vielfalt zur Verfligung und stellen ein webbasiertes Tool

vor, das die Bewertung der visuellen Vielfalt von Videos berechnet.



C. Methods in Marketing: Leveraging Artificial Intelligence for
Academic Information Dissemination

Summary

In the dynamically evolving field of marketing research, it is imperative that scholars
follow the substantive and methodological developments. However, in the context of
thousands of newly published articles each year, increasing diversity in methods, and
further acceleration through the advent of artificial intelligence (Al), keeping track
becomes a daunting task for marketing researchers. Some classical vehicles for
information dissemination exist (e.g., editorials, benchmarks), but are typically not
designed to cover developments in the entire marketing area and rely on error-prone
manual work. We propose an Al-based approach for comprehensive and structured
analysis of the entire marketing literature from 2010 to 2023. We demonstrate the
increasing complexity in marketing (i.e., increase in both articles and methods per
article), identify recent developments in the field, and strive to provide more structured

access to article information.



Zusammenfassung

In dem sich dynamisch entwickelnden Bereich der Marketingforschung ist es
unerlasslich, dass Wissenschaftler den inhaltlichen und methodischen Entwicklungen
folgen. Angesichts Tausender neu veroffentlichter Artikel jedes Jahr, zunehmender
Vielfalt an Methoden und weiterer Beschleunigung durch den Aufstieg der kiinstlichen
Intelligenz (KI) wird es jedoch zu einer Herausforderung fur Marketingforscher, den
Uberblick zu behalten. Es gibt zwar einige klassische Mittel zur
Informationsverbreitung (z. B. Leitartikel, Benchmarks), diese sind jedoch in der Regel
nicht darauf ausgelegt, Entwicklungen im gesamten Marketingbereich abzudecken
und beruhen auf fehleranfalliger manueller Arbeit. Wir schlagen einen Kl-basierten
Ansatz fur eine umfassende und strukturierte Analyse der gesamten Marketingliteratur
von 2010 bis 2023 vor. Wir zeigen die zunehmende Komplexitat im Marketing auf (d.
h. Anstieg sowohl der Artikelanzahl als auch der Methoden pro Artikel), identifizieren
aktuelle Entwicklungen auf dem Gebiet und streben danach, einen strukturierteren

Zugang zu Artikelinformationen zu bieten.
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