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Abstract

Advertising creatives generate a significant source of revenue
within the marketing ecosystem. It has been proven that visually
appealing ads generate more desirable responses like clicks and con-
versions. A team of content designers make decisions on what visually
appealing features to include in these creatives. These decisions are
usually contingent on intuition, experience and a good eye for design.
As advertising design is a highly subjective and creative industry,
there is a lot of room for human error due to taste and preference.
Within the domain of advertising design, data-driven approaches are
an under-researched topic. Prominence is an important visual design
feature which describes the relative size of an object within a creative.
It is used to determine the visual weight of an element. The higher
the prominence the higher the visual weight. Although proven to be a
significant feature in advertising design and having contribution to a
visually appealing creative, this has never been tested in relation with
predicting click-through rate. This thesis therefore aims to contribute
to the knowledge base by researching the visual feature prominence
and its effect on predicting click-through rate. The research uses a
5-fold cross validation to compare three regression models with the
baseline. The results demonstrate that adding prominence as a vari-
able leads to an improved predictive performance of 26% compared
to that of the baseline. The study is however limited to the size of the
dataset and should be extended in the domain of other industries.

1 INTRODUCTION

Online advertising has been increasingly important over the last decades.
With digital banner advertisements (from now on: ‘creatives’) spending
from €146,12 billion in 2022 to a projected spend of €234,53 billion in



1 INTRODUCTION

2027 (Statista, 2022), it is important for advertisers to allocate their budget
effectively. Although advertisers spend a lot of this marketing budget on
targeting and attribution, 75% of a creative’s impact is related to its visual
quality (Minnium, 2021). Regardless of these statistics, marketers still
spend most of their time and budget on when and where these creatives
will run instead of its content. The reason for this is not because marketers
have the wrong focus, but rather how difficult it is to quantify a creative
and give evaluations on a scalable level.

1.1 Problem Statement

A creative is the advertisement served to users in a digital environment.
By showing these creatives, advertisers aim to either promote brand aware-
ness and/or receive desirable responses like click-through rate (CTR) or
conversion (Azimi et al., 2012). The most used metric for evaluating the
success of a creative is CTR (Yang & Zhai, 2022). It describes the number of
clicks your ad receives divided by the number of times your ad is shown.
Generally, a high CTR is a good indication that users find your ads attrac-
tive. Average click-through rates differ widely between media channels
and industries. Display ads hold an average of 0.57% across industries, so
there is a lot of room for improvement (CXL, n.d.).

Visual quality relates to the content of a creative. These include visual
features like objects, typography, colors, shapes, logos, and rhetoric that
work together in order to construct a visually appealing creative (Pieters,
Wedel, & Zhang, 2007). A creative team is responsible for decisions based
on the design of a creative. Decisions on this design are mostly led by
intuition, experience, creativity, and a good eye for design. Advertising
design is a very subjective and creative industry where anyone can form
its opinion on design decisions. These decisions are subject to human
error as there is no data-based approach to this. There is therefore a need
to quantify creatives and make decisions based on data rather than on
intuition.

Several studies, although limited, have researched the domain of ad-
vertising design in relation to that of marketing analytics and all proved
significant in their own ways. These studies have researched interaction
effects of visual elements (Li, Wu, Cui, & Zhang, 2021), (Yu et al., 2020a),
(Wu et al., 2020), visual rhetoric (Ye et al., 2019), dominant colors and filters
(Azimi et al., 2012). However, although proven a highly important feature
in advertising design (Landa, 2022), (Bradley, 2015), the prominence of an
object within a creative has never been tested in relation to CTR.

Prominence is a visual feature that describes the object’s likelihood of
being seen. It is a ratio of the object’s size relative to that of the creative.
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This feature is used in advertising design to make an object stand out and
creates a sense of visual weight and composition. Visual weight refers to
the force where the eye is most attracted to. This can be achieved by using
contrast in colors and size composition. A large red element will create
more visual weight than a small gray one. The sum of these characteristics
is what determines partly what is visually appealing to the viewer of the
creative, which can result in a click.

Research in prominence in relation with marketing analytics has mainly
focused on the visibility of a creative relative to that of the search page.
A creative that is positioned at the top of a page is more prominent and
will generate on average more clicks than the ones positioned lower (Xu,
Manavoglu, & Cantu-Paz, 2010), (Yang, Li, Zeng, & Jansen, 2018). However,
prominence has never been researched in the context of the relative size of
a visual object in a creative to its marketing performance.

This study therefore attempts to contribute to the knowledge base by
being the first that adapts a machine learning approach to predicting CTR
using prominence. By capturing the influence of a variable that has never
been tested before it can help suggest improvements to already existing
CTR prediction models. Also, the effect of prominence can be extended to
other domains besides that of profitable companies. Another benefit is that
it provides useful recommendations to designers in guiding their decisions
in what features to consider. Instead of using intuition, decisions will be
based on data, which makes it easier to explain to their highers. Lastly, the
prominence and the regression methods developed here can be used in
addition to investigate other features in advertising design such as colors,
position and text.

1.2 Research Questions and Strategy

The broad research question of the study is:

How accurately can we predict click-through rate by using the promi-
nence and the objects detected in a creative with machine learning
algorithms?

This research question can be expanded in the following sub-questions:

RQ1 To what extent can we predict click-through rate based on the objects detected
within a creative?

RQ2 Does adding prominence lead to more predictive power?

RQ3 Do the machine learning algorithms outperform the baseline model in pre-
dicting click-through rate?
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The approach consists of three main steps. First, features will be
extracted from the creatives. These features consist of objects that are
shown within the creative. From these objects, a prominence score relative
to the full size of the creative will be calculated per element. Then, three
regression approaches will be used to predict CTR based on the extracted
features. A 5-fold cross validation will be used to compare the models, one
with prominence and one without. These models will be hyperparameter
tuned to make them perform better. Third, the models will be evaluated
and compared to the baseline model and conclusions will be made on
what the effect of prominence is on predicting CTR. Also, the predictors’
importance score will be used to show what variables have the most effect
on predicting CTR.

The chosen models for this study are:

Baseline The baseline model will use the Ordinary Least Squared regression
that excludes feature interactions, regularization, and hyperparame-
ter tuning.

Model A Model A uses the Ordinary Least Squares regression that includes
feature interactions, regularization, and hyperparameter tuning.

Model B Model B uses XGBoost regression that includes feature interactions
and hyperparameter tuning.

Model C Model C uses Support Vector Regression that includes feature inter-
actions and hyperparameter tuning.

2 LITERATURE REVIEW

The literature review is divided in two subsections. The first one, Pre-
dictive Modeling in Click-Through Rate, is devoted to reviewing studies in
predicting CTR while the second, Predictive Modeling in Advertising Design,
specifically covers theoretical frameworks and empirical studies in the field
of advertising design.

2.1 Predictive Modeling in Click-Through Rate

CTR prediction is a data science problem that many advertisers are facing.
The meta-analytical study of Yang and Zhai (2022) has summarized a
total of 175 different articles related to CTR prediction. Kaggle has also
published multiple CTR-prediction challenges that have resulted in the
configuration of new machine learning algorithms. The task is defined
as a supervised learning problem in which a continuous variable, CTR,
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will be predicted based on a certain set of features X. The state-of-the-
art CTR prediction models reported in the literature can be subdivided
into five main categories: Multivariate Statistical Models, Factorization
Machines (FMs), Deep Learning Models, Tree Models, and Support Vector
Machines (Yang & Zhai, 2022). In the following section, we will decompose
the models in terms of advantages and disadvantages and review its
performances on CTR prediction.

2.1.1 Multivariate Statistical Models

Ordinary Least Squares (OLS) is the simplest model for predicting CTR. It
generates a best-fit line to the independent variables based on a continuous
target that minimizes the sum of squared errors (Zdaniuk, 2014). The most
common method that utilizes OLS is linear regression. OLS with multiple
independent variables takes the form of:

Yy = ﬁo + ﬁ1X1 + ﬁzXz + ...+ ‘Bpo (1)

where B, describes the coefficients (weights) of variables X,,. It is
commonly used in CTR prediction as the baseline model in performance
evaluation (Azimi et al., 2012), (Guo, Tang, Ye, Li, & He, 2017), (Z. Wang, Yu,
Shen, & Hu, 2016). The advantages of this model lay in its interpretability
and simplicity. If we are interested in statistical inference, this model
provides a solution as it is easy to interpret. However, linear regression
usually does not perform well as it does not take into account the possibility
of interaction between variables. An interaction effect exists when the effect
of an independent variable on a dependent variable changes, depending on
the value of another independent variable (Molnar, 2022). Interactions have
been proven important in CTR prediction. The majority of the predictive
models use a two-order or higher-order feature interaction. A two-order
interaction means that there are two independent features interacting with
each other. A higher-order feature interaction, is when there are more than
two features interacting, however, these are more difficult to interpret.

To model a two-order interaction, the Degree-2 Polynomial (Poly2)
model has been introduced. It differentiates with the OLS model in that it
adds an interaction term for each feature pair. Poly2 takes the form of:

y = Bo+ P1X1+ X2+ B3 X1 X2 (2)

By not only considering the main effect of independent variables, poly-
nomial interactions can capture relationships between features which can
improve model performance. Compared to linear models, Poly2 performs
better in CTR prediction in terms of MSE (Chang, Hsieh, Chang, Ringgaard,
& Lin, 2010). However, feature interactions in Poly2 have a O(nz) model
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complexity. When many features are tested within a research, we now
require a lot of time and memory for training the model. In addition, when
a categorical variable has high cardinality, it might have issues in capturing
the feature interaction due to sparsity issues (Ren, Zhang, & Liang, 2020).

2.1.2 Factorization Machines

In order to reduce the problem that sparsity introduces, researchers have
used Factorization Machines (FMs). FMs have won multiple CTR pre-
diction challenges on Kaggle (Juan, Zhuang, Chin, & Lin, 2016). It is an
extension of the Poly2 model where it is designed to capture interactions
between features in high dimensional sparse datasets. It is formulated as
a combination between a linear model and matrix factorization. When
compared to Polyz2, the weights of each interaction in FM is estimated
using the inner product of the two latent vectors. Compared to OLS and
Poly2, FMs perform better where the data is very sparse and you are using
categorical variables with high cardinality.
FMs take the form of:

y=Bo+ ) BiXi+ < vi,0; > xx; (3)

2.1.3 Deep Learning Models

The modeling frameworks previously presented involve one or two-order
feature interactions. Although low-order interaction models are easy to
implement and interpret, they suffer from under-performance when feature
interactions are complex (Yan, Chen, Wan, & Wang, 2021). Deep learning
models can capture these high-order feature interactions and have been
gaining ever increasing performance in predicting CTR (Cheng et al.,
2012), (Ouyang et al., 2019), (Jiang et al., 2018). However, these deep
neural networks suffer from drawbacks in terms of interpretability and
reliability (Molnar, 2020). Decision-making process in terms of what
features contribute to a higher CTR are hard to be reasonably explained
since the weights and activations of the neural networks are usually deemed
unexplainable (Yu et al., 2020b). It also requires very large amount of data
in order to perform better than other techniques.

2.1.4 Decision Tree Models

Tree models have been proven successful in predicting CTR, especially
Extreme Gradient Boosting (XGBoost) (T. Chen & Guestrin, 2016), (Ke et
al.,, 2017), (Livne et al., 2020). Gradient boosting machines use an ensemble
method of combining a large number of relatively weak decision trees to
obtain a stronger ensemble prediction (Natekin & Knoll, 2013). In XGBoost,
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feature selection and interactions are automatically performed to generate
new discrete feature vectors. The depth of the decision tree determines
the order of the feature interactions (An & Ren, 2020). XGBoost is sparsity-
aware but under-performs in cases with very high feature dimensions and
big data (Yang & Zhai, 2022).

2.1.5 Support Vector Machine

Support Vector Machines (SVMs) are a set of supervised learning methods
used for classification, regression, and outlier detection. Support Vec-
tor Regression (SVR) has been used in multiple CTR prediction papers
(F. Wang, Suphamitmongkol, & Wang, 2013), (Azimi et al., 2012) where
it outperformed other baseline models. It configures a hyperplane that
can either be linear or non-linear. The model proves to perform well in
high dimensional spaces. It is effective where the number of dimensions is
greater than then the number of samples (Pedregosa et al., 2011). However,
it is not suitable for large data sets.

2.2 Predictive Modeling in Advertising Design

Quantifying creatives and predicting its performance based on its visual
design is a highly under-researched problem. Contributions have been
made by Azimi et al. (2012) where it introduces 43 visual features and
evaluates its effect on CTR based on three regression models. Among
others, the study found that creatives with high contrast between visual
elements perform better. Also, it found that a highly cluttered number
of objects and text within a creative are undesirable. The Support Vector
Regression model proved to have the best results in this study. A different
approach was taken in a study that aimed to quantify visual rhetoric' of a
creative in relation to marketing effectiveness (Ye et al., 2019), (Chakrabarti,
Agarwal, & Josifovski, 2008). They show that improving the creative’s
content’s relevancy to the webpage is more important than considering the
content of the creative by themselves. Many studies have also researched
interaction effects between visual elements and CTR prediction. In the
study of J. Chen, Sun, Li, Lu, and Hua (2016), they found, for instance,
that having one person in an advertisement will have better performance
than having multiple persons. The study of Steen (n.d.) has also made
significant contributions to the relation of advertising design and marketing
performances. Among others, it found that large ads perform better than

Visual rhetoric refers to how we are persuaded by the things we see. It includes visual
elements and the context of these elements to persuade a reader to action (Newbold, 2017)
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small ads. Also, it has proven that including a logo has a positive effect on
the CTR.

3 METHODOLOGY AND EXPERIMENTAL SETUP
3.1 Data Description

The data for this study contains two groups of information. First, it con-
tains the creatives where the objects and prominence will be extracted
from. Second, it contains the marketing performances of these creatives to
see how well they have performed. The raw data set is collected through
Google Cloud BigQuery and contains real company data from a supermar-
ket. Google BigQuery is a tool that allows you to query data from your
cloud warehouse storage. The initial query retrieved 69.362 rows of data.
Data of creatives has only been retrieved where there was at least 1 click
and more than 50 impressions. After aggregating the data per creative,
and not querying rows with missing values, data of 416 unique creatives
were retrieved with no missing values.

Within the data, each creative has a unique URL that leads to the visual
creative. These URLs have been scraped and the output has been joined
with the queried marketing performances. The next step in the data mining
pipeline is to extract the objects from the creative.

3.2 Object Extraction

The Google Cloud Vision API will be used to extract visual objects from the
creatives. Developed by Google, it is a very powerful Al cloud service that
uses pre-trained models to extract visual features from an image. Within
this model, more than a million different categories are stored that can
recognize objects. Some use cases of the API are automating the tracking
of explicit content, identifying endangered species, detect human emotion,
text recognition and many more. The features it can extract include object
labelling, face and landmark detection, text recognition and retrieving
dominant colors. The tool will be used to extract the objects from a creative
which will output it into .CSV file. Figure 1 shows how Cloud Vision can
be used to detect the fruits within a creative.

3.3 Data Pre-processing

This section describes the data cleaning and pre-processing pipeline. The
output from the Cloud Vision is joined with its corresponding marketing

10



3 METHODOLOGY AND EXPERIMENTAL SETUP

Supermarket
Choose us and enjoy:
discounts
on fruits!

*Terms and conditions apply.

Shop Online

Figure 1: Objects detected by Google Cloud Vision: Banana, Citrus, Paprika.

performances using the file_name variable. The raw data set contains 1205
rows, which has increased since that a unique creative can have multiple
objects. Variable selection has been done in the querying phase where
they have been selected based on analytical performance. It has filtered
out variables that are unrelated to the domains of advertising design or
marketing analytics. The limitations of of this approach are discussed in
section 5.2. The final raw dataset comprises of 6 variables: 1 ID variable, 2
variables used to construct the target variable, 3 predictor variables, and 1
target variable. The data doesn’t contain any missing values.

(0.60, 0,30) . _ (0.70, 0,30)

(0.60, 0,80) (0.70, 0,80)

Figure 2: (X,Y) Coordinates of Detected Object

3.3.1 Variable Construction and Transformations

Constructed variables:

11
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¢ The "prominence” variable has been constructed by using the "vertex"
variable. Vertex contains four tuples of x and y coordinates. These
vertices show the bounding box around an object that the Cloud
Vision tool has extracted relative to the overall advertisement size, see
Figure 1. For the example in Figure 2, the formula of length * width
will be made: (0.80 - 0.30) * (0.70 - 0.60) = 0.05. To create a percentage
of this variable we multiply it by 100 to get a 5% prominence relative
to the whole surface of the creative. In the dataset, prominence is
referred to as area_ratio.

¢ The target variable "ctr" has been constructed from the "impressions"
and "clicks" variable. The formula for the CTR is clicks / impressions
* 100.

See Table 1 for the full descriptions of the dataset after the variable
construction.

Table 1: Feature Description of Dataset

12

Feature Description Data Type Example

file_name Unique file name object creative_1
number_objects Number of objects detected per creative int64 3

object Object detected object Person
area_ratio Bounding box for location of object float64 0.10
impressions Number of impressions int64 10.000
clicks Number of clicks int64 50

ctr Click-through rate float64 0.05

3.3.2 Categorical Predictors Transformation

The categorical variables that will be treated belong to the variable "object".
This feature describes which object Cloud Vision has recognized within
the creative. The variable has a cardinality of 62, which means it contains
62 different objects. Encoding this feature as it is would make the data set
very sparse. Sparsity is a problem in which a data set consists of many
zero’s and a single one labeling the category. To solve this issue, infrequent
categories of each nominal variable that constitutes less than 5 counts
were combined into one artificial category called "other". This affected 47
variables nominal predictors out of 62 present in the data.

Then, all categorical predictors were transformed into a set of dummy
variables (in machine learning terminology this is known as one-hot en-
coding). Transforming these categorical variables into a numeric value is
necessary for running the algorithms used in this research.
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3.3.3 Polynomial Predictors Transformation

From the sklearn package, the module PolynomialFeatures, has been used
to engineer new features that have an interaction effect with each other.
The feature pairs of area_ratio in conjunction with each individual ob-
ject has been created. These engineered features will only be used in
Model A, where the OLS model is used with regularization and interaction
terms. Manually engineering these features will raise the number of input
variables that can help better expose the important relationships between
the input and target variables. A total of 136 extra columns have been
added due to the interaction effects with each variable. The Baseline model
will not use these newly engineered variables. Model B, which uses the
XGBoost model, already has an interaction term incorporated in it that
is dependent on the depth of the tree. Model C, which uses the Support
Vector Regressor, also has includes a hyperparameter for including in-
teractions terms. Table 2 and Table 3 shows how this interaction term
works.

Table 2: Features Before Polynomial Transformation

area_ratio packaged_goods person flower

0.10 1 0 0
0.20 0 1
0.15 0 0 1

Table 3: Features After Polynomial Transformation

area_ratio area_ratio:packaged_goods area_ratio:person area_ratio:flower

0.10 0.1 0 0
0.20 0 0.2 0
0.15 0 0 0.15

3.3.4 Continuous Variables Normalization

All continuous predictors and target variable, including newly created
one-hot encoded variables, have been min-max normalized. The goal of
min-max normalization is to make every data point have the same scale so
each feature is equally important. For every feature, the minimum value
of that feature gets transformed into a o and the maximum value into a
1, and every other value gets transformed into a decimal between o and 1

13
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(Akanbi, Amiri, & Fazeldehkordi, 2015). Tree-based models, like XGBoost,
are usually not dependent on scaling, but non-tree models like OLS and
SVM are. The formula for this min-max normalization is:
Xscaled = T Tmin_ (4)
max — Xmin
The normalization process has been done after splitting the data be-
tween training and test set, using only the data from the training set. This
is done to avoid any data leakage.

3.4 Algorithms

To answer the main research question, that is, to what extent does a
visual object’s prominence have an effect on predicting a creative’s click-
through rate, we will employ the following machine learning algorithms:
Ordinary Least Squares, Poly2, XGBoost and Support Vector Regression. OLS
has been chosen as the baseline model. The baseline model does not
include any feature interactions or regularization techniques. The choice
of OLS with polynomial feature interactions is driven by the fact that due
to the dimensional reduction of categorical variables in section 3.3.2, the
complexity of the model is not to a scale that it cannot train well. XGBoost
have been chosen as it has shown superior performance in other CTR
prediction studies (Livne et al., 2020), (Brownlee, 2021). In addition, SVR
has been chosen as it has shown superior performance in a similar study
that predicts CTR based on visual features (Azimi et al., 2012).

3.4.1 Ordinary Least Squares (OLS)

OLS is a machine learning algorithm that is based on linear regression.
There are multiple implementations of the OLS algorithm. This study will
use from the statsmodels package in Python, the LinearRegression module
(Seabold & Perktold, 2010). In more detail, OLS estimates the unknown
parameters in a model. The method minimizes the sum of squared errors
between the actual and predicted values which results in a linear best-fit
line.

OLS has the disadvantage that it performs poorly when too many
predictive features are added. Regularization techniques can be applied
in order to improve generalizability. The two most common methods are
L1 regularization (Lasso) and L2 regularization (Ridge). Regularized OLS
puts constraints on the magnitude of the coefficients and will progressively
shrink them towards zero. This helps to reduce the magnitude of fluctua-
tions of the coefficients and will reduce the variance of the model (Boehm,
2022). In the case of Lasso, the penalization eliminates coefficients from the

14
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regression equation, it does so based on the sum of absolute coefficients.
In the case of Ridge, the penalization imposes a higher penalty for larger
feature coefficients. There is one hyperparameter that will be tuned in OLS
Regularization: penalty. The penalty term A controls the strength of the
penalty. When A = o there is no penalty and it equals OLS. The higher the
A, the more the coefficients are shrunk to zero.

Both the regularization techniques will be used and compared with
each other using from the sklearn package, the Lasso and Ridge module
(Pedregosa et al., 2011).

3.4.2 Extreme Gradient Boosting (XGBoost)

XGBoost is a machine learning algorithm that is based on the gradient
boosting of decision trees. Gradient boosting is a technique used to se-
quentially train decision trees. At each particular iteration, a new weak,
decision tree is trained with respect to the error of the whole ensemble
learnt so far (Natekin & Knoll, 2013).

There are several variations of gradient boosting algorithms. These
include GBM, LightGBM, and CatBoost. However, in this study, we are
going to use XGBoost as it has shown good performance in similar studies
(Livne et al., 2020), (Brownlee, 2021). It performs well when there are more
observations than features and when the data has a mixture of numerical
and categorical features. This study will use from the xgboost package in
Python, the xgb module (T. Chen & Guestrin, 2016).

XGBoost provides a large range of hyperparameters. We employed a
grid-search approach to create a list of hyperparameters that the model
tests. Table 4 describes the hyperparameters that will be tested during the
grid search.

Table 4: Hyperparameters for XGBoost

Hyperparameters Range

learning_rate [0.001, 0.01, 0.1]
max_depth [1, 3,5, 7, 10]
min_child_weight [1, 3, 5]
subsample [0.5, 0.7]

colsample_bytree  [o.5, 0.7]
n_estimators [100, 200, 500]

15
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3.4.3 Support Vector Regression (SVR)

SVR is a machine learning algorithm based on minimizing the errors
between the actual and predicted values within a threshold value, also
called the epsilon-intensive tube. This method differs from OLS in that it
captures errors based on the points that fall outside of this tube. It shows
how tolerant the model is for errors.

The way SVR draws a decision boundary is the most critical part of
the algorithm. Setting the right hyperparameters will help improving this
task. SVR has four hyperparameters that will be tested using a grid-search
approach. Table 5 describes the list of hyperparameters.

Table 5: Hyperparameters for Support Vector Regressor

Hyperparameters Range

kernel ['linear’, ‘rbf’, "poly’]

C [0.1, 1, 10, 1000]

gamma [1, 0.1, 0.01, 0.001, 0.0001]
epsilon [0.1, 0.2, 0.3, 0.4, 0.5]

3.4.4 Predictors’ Importance

We will employ a permutation feature importance to see which predictors
are deemed to be the most important. The permutation feature importance
randomly shuffles the predictor variables in a model and outputs the
decrease in a model score for each feature. When the model score drops,
this gives a good indication of how the dependent the model is on the
feature. This study will use from the sklearn package in Python, the
permutation_importance module (Buitinck et al., 2013).

The predictors” importance is calculated after a model is fitted. The
algorithm randomly shuffles the values of a single column from the valida-
tion data, leaving the target and all other columns in place. This is called
permutation. Re-ordering the values within a column while keeping the
other intact should show less accurate predictions. It breaks the relation-
ship between the feature and the true outcome. A feature is "unimportant"
if shuffling its values leaves the model error unchanged. One of the main
advantages of this measurement is that it is comparable across different
algorithms (Molnar, 2020). The permutations will be held on the baseline
model and the best performing machine learning model.

The algorithm outputs, per variable, the change in predictability if the
variable was randomly shuffled. In our case, we use the mean squared
erTor.
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3 METHODOLOGY AND EXPERIMENTAL SETUP
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Figure 3: Pipeline Methodology

3.5 Training, Validation, and Testing Procedure

The split for training, development, and validation of the models was set
at 80% while the remaining 20% was used to evaluate the out-of-sample
predictive performance of the models. The research used a 5-fold cross
validation to tune the hyperparameters of the machine learning algorithms.
Cross-validation is the preferred method when assessing the outcomes of
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predictive models. When employing 5 folds, the models outputs 5 different
results on 5 different hold-out sets.

3.6 Performance Metrics

Mean Squared Error (MSE) is used to measure the prediction accuracy for
each algorithm. It quantifies the extent to which the predicted response
value for a given observation is close to the true response value for that
observation. The MSE will be calculated for each fold, so a total of 5 times.
From these 5 scores, the average will be taken. Then, the MSE will be
calculated to evaluate the final performance of the models. The lower the
MSE the better the model can predict the true responses.
1 & -
MSE = Y (Y- Y)?
i=1

(5)

For a visual summary of the full project pipeline, see figure 3

4 RESULTS

In this section, we present and discuss the results of the parameter tuning
with grid search and cross-validation assessment on the predictive perfor-
mance of the models. The first two subsections, 4.1 and 4.2, present the
results of the tuned models and predictive performances without prominence.
Then, we repeat the task of tuning and predicting with prominence which
will be presented in section 4.3 and 4.4.

4.1 Hyperparameter Tuning and Cross-Validation Results (Without Prominence)

Table 6 shows a comparison between the tuned models and the baseline
without using the variable prominence. From the results, we can see
that the XGBoost model performed best using a 5-fold cross validation.
Other than that, only the regularized ridge OLS performer better than the
baseline.

4.1.1  Ordinary Least Squares with Regularization

We have tested both the Lasso and Ridge regularization method with a
5-fold cross validation. The ridge regularized model performed better with
a 5-fold average MSE of 0.019066. The penalty A for this model was set
at 0.79424. The lasso regularized model performed with a 5-fold average
MSE of 0.024275. The penalty A for this model was set at 9.62355. Both
alphas have been found using a grid-search with a range between o and 1o0.
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Table 6: MSE Comparison 5-fold Cross Validation Without Prominence

Models MSE

Lasso OLS  0.024275
Ridge OLS  0.019066
XGBoost 0.018988
SVR 0.022462

Baseline 0.019297

When A = o, the penalty term has no effect, the regularized regres-
sion becomes an OLS model. The relatively low penalty A of the ridge
regularization therefore indicates that it is more directed towards an OLS.
However, it is not o, which means that the impact of the shrinkage of the
coefficients has some impact. The high penalty A in lasso regularization
indicates that it has shrank some of the regression coefficients with a minor
contribution towards zero.

Since the lower MSE of the ridge regression performs better than lasso,
it indicates that the coefficients of the predictors roughly have an equal
size (Gareth, Daniela, Trevor, & Robert, 2013).

Table 7: OLS Regularization Hyperparameter Without Prominence

Hyperparameters Lasso Ridge

penalty 9.62355  0.79424

4.1.2  XGBoost

The best performing combination of hyperparameters of XGBoost (see
Table 8) achieved an average MSE of 0.018988 on a 5-fold cross-validation.

We can see that the results of a grid_search led to an optimal tree depth
of 2. A depth of a node is the number of edges from the node to the
tree’s root node. The model made an interaction of the order 2 (An & Ren,
2020). This indicates that there are predictor’s within the model that are
dependent on each other in predicting CTR.

4.1.3  Support Vector Regressor

The best performing combination of hyperparameters for SVR (see Table
9) achieved an average MSE of 0.022462 on a 5-fold cross-validation. We
can see that the best performing kernel is polynomial. With a polynomial
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Table 8: Hyperparameters XGBoost Without Prominence

Hyperparameters

Best values

learning_rate
max_depth
min_child_weight
subsample
colsample_bytree
n_estimators

0.1
2
1
0.7

0.5
200

kernel the model can learn non-linear models where there are features that
interaction with each other.

Table 9: Hyperparameters SVR Without Prominence

Hyperparameters Range
kernel ['poly’]
C [1]
gamma [0.1]
epsilon [0.1]

4.1.4 Baseline Ordinary Least Squares

The baseline OLS does not have any hyperparameters to tune. It has been
trained on a 5-fold cross validation. On these five folds, it scored an average
MSE of 0.019297.

4.2 Performance on Test Data (Without Prominence)

In this section, we report the performances of the fine-tuned models on the
hold-out test data. All the chosen hyperparameters of these models can
be found in section 4.1. The models will be re-trained on the training data
and predictions have been made on a test-set.

All the models show better predictive performance then during the
cross-validation stage. The best performing model on the test data is the
Ridge regularized OLS with a MSE of 0.020003. This is the only model that
predicts better than the baseline, however the improvement is minor.
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Table 10: Predictive Performance Without Prominence

Models MSE

Lasso OLS  0.022971
Ridge OLS  0.020003
XGBoost 0.020137
SVR 0.023361

Baseline 0.020095

4.3 Hyperparameter Tuning and Cross-Validation Results (With Prominence)

In this paragraph, we present the results of the hyperparameter tuning
while including the variable prominence. The set-up is the same as for the
one without prominence. First, a 5-fold cross validation will be used to
determine the best performing hyperparameters. Then, these tuned models
will be used to predict CTR on a test-set. Table 11 shows a comparison
between the tuned models and the baseline. From the results, we can see
that XGBoost performed best using a 5-fold cross validation. Other than
that, none of the other models perform better than the baseline model.

Table 11: MSE Comparison 5-fold Cross Validation With Prominence

Models MSE

Lasso OLS  0.019079
Ridge OLS 0.016249
XGBoost 0.014412
SVR 0.017788

Baseline 0.016244

4.3.1 Ordinary Least Squares with Regularization

We have tested both the Lasso and Ridge regularization method with a
5-fold cross validation. The ridge regularization performed better with an

average MSE of 0.016249. The penalty A for this model was set at 0.39861.

The lasso model performed with an average MSE of 0.019079. The penalty
A was set at 9.96717. Both alphas have been found using a grid-search with
a range between o and 10. See 12 for the chosen penalty.
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Table 12: OLS Regularization Hyperparameter With Prominence

Hyperparameters Lasso  Ridge

penalty 9.96717  0.39861

4.3.2 XGBoost

The best performing combination of hyperparameters of XGBoost (see
Table 13) achieved an average of 0.014412 on 5-fold cross validation.

We can see that this grid search led to a depth of 3 with prominence,
as compared to the depth of 2 without prominence. This indicates that
adding the variable prominence has lead to a more complex relationship
between independent variables of the order 1.

Table 13: Hyperparameters XGBoost With Prominence

Hyperparameters Best values

learning_rate 0.01
max_depth 3
min_child_weight 1
subsample 0.7
colsample_bytree 0.7
n_estimators 500

4.3.3 Support Vector Regressor

The best performing combination of hyperparameters for SVR (see table
14 achieved an average MSE of 0.017788. The kernel is polynomial which
indicates that it performs better with feature interactions in the model.

Table 14: Hyperparameters SVR With Prominene

Hyperparameters Range

kernel ['poly’]
C [1000]
gamma [0.1]

epsilon [0.1]
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4.3.4 Baseline Ordinary Least Squares

The baseline OLS does not have any hyperparameters to tune. It has been
trained on a 5-fold cross validation. One these five folds, it scored an
average MSE of 0.016243.

4.4 Performance on Test Data (With Prominence)

In this section, we report the performances of the fine-tuned models on the
hold-out test data. All the chosen hyperparameters can be found in section
4.3. All the models will be re-trained on the training data and predictions
have been made on a test-set.

The models all score lower then on the cross-validated data. The best
performing model on the test data is XGBoost with a MSE of 0.015889. The
ridge OLS also performs better then the baseline model with a MSE of
0.015923. The improvement from these models to that of the baseline OLS
with prominence is however minor. See figure 4 for the actual versus the
predicted output of the model.

Table 15: Predictive Performance With Prominence

Models MSE

Lasso OLS 0.019289
Ridge OLS  0.015923
XGBoost 0.015889
SVR 0.019508

Baseline 0.016101

—— original
predicted

0.8 1

0.6 1
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Figure 4: Predicted vs. Actual on Best Performing Model (XGB)
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4.5 Predictors” Performance

In this section, we explore the differences in features” importance based on
the best performing machine learning model without prominence (Ridge

Regression) and the baseline model (OLS). Also, we explore the features’

importance of best performing machine learning model with prominence
(XGBoost) and the baseline model (OLS). The top five most important
predictors without prominence have been plotted in Figure 5 and 6. Figure
7 and 8 shows the most important predictors with prominence. The method
used for this task is the permutation feature importance, more details of
this algorithm can be found in section 3.4.4.

0.007 A

0.006

0.005

0.004 -

Importance

0.003 4

0.002 A

0.001 A

0.000 -
person pants packaged_goods other food
Predictors

Figure 5: Predictors’ Importance Baseline OLS Without Prominence

When you look at the range of the importance, it can be seen that the
predictors” in OLS have a larger effect than those in the Ridge Regression
model. There is one predictor that stands out in the Baseline OLS model,
that is person. It has over two times the importance then the second
variable pants. This indicates that when changing the values of person, it
also changes the model performance significantly based on mean squared
error.

As for the Ridge Regression predictors” importance, it shows a lot less
variability in the model when the predictors” values are changed. There
are three predictors that stand out. These are packaged_goods, person, and
pants. These are the same three predictors’ that are of highest importance
in the baseline OLS model, however, with less variability.

The range of variability of OLS predictors with and without prominence
are similar. The predictor balloon has the greatest importance in the baseline
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Figure 6: Predictors’ Importance Ridge Regularized Without Prominence
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Figure 7: Predictors’ Importance Baseline OLS With Prominence

OLS model. The predictor packaged_goods also scores a relatively high
importance.

The best performing predictive model is the XGBoost with prominence.

Interestingly, this is the model that also shows that area_ratio has the largest
influence on predicitng CTR. When these values are shuffled it influences
the MSE with a rate of 0.009. The predictor person is also shown to be an
important variable.
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Figure 8: Predictors” Importance XGB With Prominence

5 DISCUSSION

The research goal for this thesis is to measure how accurately we can
predict click-through rate by using the objects detected in a creative with
its relative prominence. The sub-questions suggest a comparison between
models, that is the tuned machine learning models: OLS with regulariza-
tion and feature interactions, XGBoost and Support Vector Regressor with
the baseline model: OLS without regularization and feature interactions.
Also a comparison is made between the models with and without promi-
nence to see if the variable adds more predictive power. The results on the
predictive performance with and without prominence show that the MSE
of all models is always less then one-tenth of a fraction (0.1). This metric is
so low as we are dealing with a fraction as a target variable. The average
CTR of the data set is 0.08114%.

5.1 Results Discussion

Results show that the regularized ridge model performs the best in predict-
ing CTR without prominence with a MSE of 0.020003. The low penalty A
of 0.79424 indicates that it is more directed towards an OLS (A of o = OLS).
This also shows in the results as the difference between OLS and regular-
ized ridge model only is 0.458%. Results show that the stand-alone objects
can predict CTR to an extent where the error is around o.02. This error is
relatively high when you compare it to the average CTR of 0.08114%. The
objects detected by themselves do not predict CTR very well. This indicates
that the decision for a viewer to click on the creative is not very dependent
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on the objects detected within a creative. A reason for this is that objects,
as a stand-alone variable, are not the only element that influence whether
a creative is visually appealing or not. An object within a creative can be
shown in different ways. For instance, it can be shown as a tiny element
with little contrast between the background and element color. However, it
can also be shown as a large element with high contrast which makes it
more stand out. The combination of the composition of an object within a
creative is what makes it visually appealing, not the object as a stand-alone
element (Landa, 2022).

On the other hand, three out of four models show that the variable
person is deemed important in predicting CTR. For this element, arguments
can be made that this does have a direct impact on CTR. Guido, Pichierri,
Pino, and Nataraajan (2019) have researched the effect of having a person
in a creative. It revealed that having a person in a creative increases
advertisement preference. It increases the amount of attention that a
viewer pays to the advertisement which results in a higher probability for
a click.

When adding prominence to the objects, the error rate is still high
when compared to the average CTR of the dataset. It also shows that
the improved models consistently outperform the baseline models in pre-
dicting CTR with an average of 18.87%. By adding prominence to the
best-performing model (XGBoost) it now can predict CTR with an error
of around 0.016. The error is still pretty high, however, it is a significant
improvement when compared to the baseline model without prominence.
It shows a predictive improvement of 26.47%. It can therefore be said that
adding prominence leads to a better predictive performance.

Interestingly, the optimal hyperparameter max_depth shows that there
is a feature interaction of the order 3. It has raised it by a magnitude of 1
when comparing this to the XGBoost without prominence. This indicates
that adding prominence has lead to a more complex relationship between
the predictors of the model. When we look at the features” importance of
the model with prominence, we can see that the most important features
include area_ratio and person. This reveals that interaction effects between
area_ratio and objects does have a significant importance. The variability of
the MSE of the model is 0.009 when the values are permuted. Also, person
again shows to be an important predictor in CTR. Having a person on a
creative in relation with prominence also seems to have an effect. This is
in line with the study by J. Chen et al. (2016) that revealed that having
multiple persons in a creative (higher prominence) perform less well in
terms of CTR than creatives with only one person.
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5.2 Limitations

Given the dataset, we could only study the relationship of 416 unique
creatives. In total, the Cloud Vision extracted 1204 objects of which 62 were
unique. With more data, more categories could have been explored that
might prove to be related with prominence and CTR. Most of the objects
extracted from the creatives are low-involvement products where the effect
of prominence might not come out as much.

Also, the size of the dataset has limited the modeling options to be used.
Deep learning models have proven to be highly successful in predicting
CTR, however, they require a substantially larger dataset. These models can
generate interaction effects of way higher magnitude. Also, factorization
machines, that have also been proven to predict CTR very well, could also
not be used.

5.3 Future Research

This thesis is a first step towards a research domain with many opportuni-
ties. This research took the approach of predictive modeling of a variable
that has never been tested before; it gives more attention to what the
predictive implications are then explainability of the effects. This could be
a future research direction by using statistical inference to see in what way
prominence can have an effect on predicting CTR. Statistical inference can
also reveal what combinations of prominences can contribute to a higher
CTR.

Also, this research can be extended to domains other than that of a
supermarket. Now, many of the detected objects are related to creatives of
a supermarket, like packaged_goods. When exploring different industries,
especially those that carry emotional weight, this could potentially discover
different patterns in predicting CTR.

6 CONCLUSION

The aim of this study was to measure the effect that prominence has
on predicting CTR with objects. The idea was based on the problem in
advertising design that there are no data-driven approaches to decisions
made on visual features. Also, within the domain of marketing analytics

there can be a lot of improvements made to the low average percentage of
CTR.

RQ1 To what extent can we predict click-through rate based on the objects
detected within a creative.
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The first sub-research question aims to predict click-through rate with-
out prominence. The predictors therefore only are one-hot-encoded cate-
gorical variables. It can be seen that the baseline model achieved an average
MSE of 0.020095. The only model that scored better was the regularized
ridge OLS that included feature interactions. It scored an average MSE
of 0.020003. The improved model shows a very minor error reduction of
0.458%. From the results it can be concluded that CTR can be predicted to
an extent where the error is around 0.02. This number is relatively high
when you compare it to the average CTR of 0.08114%. The objects detected
by themselves do not predict CTR very well and this does not improve
when tuning different models. This indicates that the decision for a viewer
to click on the creative is not very dependent on the stand-alone objects
detected.

RQz2 Does adding prominence lead to more predictive power?

The second sub-research question aims to predict click-through rate by
adding prominence to the predictors. All the models show improvements
in predictive performance as compared to the models that do not include
prominence. The average predictive performance of all models increased
by 18.87% when you added this variable. The mean squared error rate
decreased to around 0.016 which is still pretty high when you compare it to
the average CTR. It can therefore be concluded that although prominence
significantly improves predictive performance, the results still show that
you cannot predict CTR based only on objects and prominence solely.

RQ3 Do the machine learning algorithms outperform the baseline model
in predicting click-through rate?

The third sub-research question aims to measure the difference in pre-
dictive modeling between the best performing model and the baseline
model. The baseline model is the OLS regression without prominence,
regularization and feature interaction and has an average MSE score of
0.0020095. The best performing model is the tuned XGBoost model with
prominence and has an average MSE score of 0.015889. The model im-
provement between these two is 26.47% which is a significant contribution.
However, we should be aware that the error rate of 0.016 is still high when
compared to the average CTR of 0.08114%.

Main How accurately can we predict click-through rate by using the promi-
nence and the objects detected within a creative with machine learn-
ing algorithms?

29



REFERENCES

The final conclusion of this study is that adding prominence has led to
a significant improvement of predicting CTR based on the objects detected
within a creative. The best predictive model, XGBoost that included
prominence, however still has an average mean squared error rate of
0.016. Future research should be done on different data sets that include
more creatives to analyze as this has been a limitation of the thesis.
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