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0Oz
Bu galismada, Turkiye'de faaliyet gosteren bir e-ticaret
sitesinin kullanici verileri incelenmistir. Bu kullanicilar
siteyi daha Once ziyaret eden, yani yeniden pazarlama
(remarketing)  kitle  havuzu igerisinde  bulunan
kullanicilardir. Temel amag, yeniden pazarlama igin
dogru tahminler yapmak ve bdylece yeni ziyaretgiler igin
ozellestirilmis reklam igerikleri sunmaktir. Ziyaretgiler, e-
ticaret sitesindeki Onceki ziyaretlerine gore "alisveris
yapan" ve "ahigveris yapmayan" olarak
etiketlendirilmistir. Veri seti, egitim ve test kiumeleri
olarak birbiriyle kesismeyen iki bolume ayrilmistir.
Tahmin yapmak igin Yapay sinir aglarina, siniflandirma ve
regresyon agaclarina (CART) ve rassal ormana (random

Abstract

In this study, user data of an e-commerce site operating
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the site before, that is, they are in the remarketing
audience pool. The main goal is to make accurate
predictions for remarketing and thus offer customized
ad packages for new visitors. Visitors are labeled as
"Shoppers" and "Non-shoppers" based on their previous
visits. The data set is divided into two portions that do
not intersect with each other as training and test sets.
Three classification models based on artificial neural
networks, classification and regression trees (CART), and
random forest are built to make predictions and then
classification performances of these models are
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1. Introduction

Today, as the Internet becomes an inevitable tool, digital marketing plays an important
role in the decision-making processes for consumers in purchasing services and products
(Charlesworth, 2018: 27). Digital marketing is a type of marketing that is widely used
nowadays, reaching consumers using digital channels to promote products or services. There
are different types of digital marketing, including social media marketing, display advertising,
search engine marketing, and so on (Afrina et. al., 2015).

Companies that enable the purchase of their products and services using digital marketing
want to reach their consumers at the right time, in the right place, and at the right price. In
this way, they facilitate the purchase of their products and services (Charlesworth, 2018: 27).
The marketing strategy of the companies is to inform the consumer, to attract with products
and services, to help them in purchasing decisions, and making loyal to the company's brand.

In digital marketing, companies focus on identifying an accurate consumer audience
(target audience) based on the needs of consumers considering their marketing strategies
(Patrutiu-Baltes, 2016). Marketing strategies are developed according to the target audience
and thus ads that are more suitable for the target audience can be presented. Companies
advertise on digital platforms (search engines, social media, websites) according to the
profiles of their target audience.

In this study, a target audience analysis of users who visited the e-commerce site before
via different online tools (search engines, social media, etc.) is performed. These are the users
who are in the remarketing audience pool. In the audience analysis, users are divided into two
categories as “Shoppers” and “Non-shoppers”, according to their previous transactions on the
site and after discovering the characteristics of the categories it is tried to predict the
category of the new users. For the users that are predicted as “Shoppers”, personalized
contents are presented to motivate them to purchase. The analysis in the study is based on
data obtained from the Google Analytics Platform. The results obtained by implementing
Artificial Neural Networks, Decision Trees, and random forest (an ensemble method) methods
on this data set are compared. The data set is divided into two distinct parts as training (for
creating models) and testing (for testing the results of models). All results presented in the
study are the classification performances of the methods on the test set.

2. Literature Review

To our knowledge, there is no study on the investigation of remarketing audiences for
Turkish e-commerce sites. In literature, most of the studies are aimed at analyzing customer
data with various methods, identifying customer segments, and thus creating effective
marketing strategies. Some of these studies are listed as follows:

(Dogan et al., 2020) applied an intuitionistic fuzzy clustering algorithm to customer
shopping data for customer segmentation. (Devi et al., 2020) investigated the role of
customer segmentation in e-marketing. (Derevitskii et al., 2019) created a weighted graph of
co-occurrences of interests of customers based on digital traces and employed Markov based
and modularity-based clustering techniques on this graph data for developing marketing
products based on segmentation results. They also aimed to identify consistent interest
segments for cross-sell campaigns and personalized product suggestions. (Ballestar et al.,
2016) analyzed consumer behavior on cashback websites to understand which factors are
relevant to the decision of the customers by using structural equation modeling. (Gupta et al.,
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2014) proposed a framework to predict the purchase decisions based on adaptive or dynamic
pricing of products focusing on customer segments. They used a rich data set containing visit
attributes, visitor attributes, purchase history, and web data. (Zhu et al., 2019) analyzed retail
precision marketing strategies from the digital marketing perspectives and customer
segmentation, market basket positioning, and targeted customer marketing aspects. (Levin et
al., 2001) discussed the usage of segmentation to help decisions in marketing. For
comparison, they utilized decision tree classifiers and judgment-based classical methods.
(Arrigo et al.,, 2021) aimed to identify target groups by analyzing social media data for
reaching an efficient marketing strategy and develop marketing communication. (Safa et. al.,
2014) created behavioral profiles of users according to the shopping status by artificial neural
networks. (Niu et al., 2017) classified e-commerce customers based on their search depth.

3. Conceptual Framework

3.1 Google Ad Network

Google Ads provides many ways to reach an audience. Using different ad types, ad
impressions  are made  to users who are in the target audience
(https://support.google.com/google-ads/).

Google Search Network is a group of search-related websites, images, and apps where ads
can be displayed. When ads are advertised to the Google Search Network, ads can appear in
search results when a search query related to one of the targeted keywords is submitted.

By using the Google Display Network, ads can be displayed in a way that targets a specific
content (such as "comic books" or "news"), a specific audience (such as "college students” or
"users who want to buy a new bicycle"), or a specific location ("Uludag"). Google Display
Network is designed to help to find the right audience. By employing targeting options,
marketing-driven messages ensure potential customers are reached strategically, in the right
place, and at the right time.

3.2 Remarketing Process

Remarketing is a way to reach users who have previously interacted with websites or
mobile applications. It allows ads to be strategically positioned in front of these audiences on
Google or partner websites such as Facebook. In this way, remarketing helps increase brand
awareness and help audiences make purchases.

Figure 1: Remarketing Process
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In the remarketing process, the user (visitor) first comes to a website and after a while
leaves this website. During the visit, a cookie is defined for each user. Then, when the user is
on different websites, customized advertisements of the website that the user visited
previously are presented. Customized ads are shown according to the cookie information and
the categories, products the user visited previously on the e-commerce site. In this way, the
user is tried to be brought back to the website.

4. Methodology and Data
4.1 Artificial Neural Networks

The idea of artificial neural networks commonly referred to as "neural networks", began
to be developed after noticing that the calculations of the human brain are completely
different from the computer calculations. The human brain has the ability to organize its
structural components, known as neurons, much faster than the fastest digital computer
(Haykin, 2008: 2).

The simplest neuron model, which includes the basic properties of a biological neural
network, was proposed by McCulloch and Pitts (1943) and is still the most used model in
different artificial neural network architectures (Silva et. al., 2017: 12). Figure 2 shows an
artificial neuron model.

Figure 2: Artificial neuron model
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Source: Silva et. al., 2017: 12.
Details of Figure 2 are given as follow:

—Input signals (Xi,X2,... Xn) are attribute values of observations coming from the
external environment.

— Synaptic weights (wi,ws,...,Ws) are values used to weight each of the input variables.
Thus, they quantify the relationships of a neuron with other neurons according to its
functionality.

—The summation function () sums up all input signals weighted by the synaptic
weights to generate an activation signal.

—The activation threshold (©) is a value used to specify the appropriate threshold
required for the result produced by the summation function to generate a firing value
towards the neuron output.
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—The activation potential (u) is the difference between the value of the summation
function and the activation threshold. If this difference is positive i.e. u> © then the
neuron produces an output, otherwise, the neuron will not produce an output.

—The activation function (g) limits the neuron output within a suitable range of

values. In other words, the activation function applied to the value of the summation

function will produce output in a specified range. The activation function may vary in

applications. Generally, sigmoid, linear, step, sinus, and hyperbolic tangent functions

are preferred.

— The output signal (y) consists of the final value produced by a particular neuron for a

given input signal and can also be used as input for other sequential interconnected

neurons.

In feed-forward artificial neural networks, neurons are in the form of layers. The outputs

of neurons in one layer are used as inputs in the next layer. The general structure of an
artificial neural network is presented in Figure 3.

Figure 3: The architectural structure of the artificial neural network
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An artificial neural network model usually consists of 3 layers as input, hidden, and output
layers. In some more complicated models, the number of hidden layers may be more than
one.

Source: Jager, 2019.

—Input Layer contains the input signals and sends them to the hidden layer.

—Hidden Layer combines weighted inputs. Each neural node in the hidden layer
receives data from neurons from the input layer. The values are modified with the
applied weights and, the output values are adjusted by an activation function.

—Output layer is the layer that the final output is calculated (Safa et. al., 2014).

Technically, the most basic task of an artificial neural network is to determine outputs that
can correspond to a set of inputs (finding a functional relationship between inputs and
outputs). To do this task, the network is trained with observations that belong to the relevant
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concept. Generalization is the ultimate aim of the learning process. Generalization ability
helps to determine outputs corresponding to new observations. For artificial neural networks
to run correctly, they must first be trained on the training set and their performance must be
tested on a separate test set (Oztemel, 2006: 30).

4.2 Classification and Regression Trees

CART (Classification and Regression Trees) method was developed by Leo Breiman as
binary tree structures (Breiman et. al., 1984). In binary tree structures, each node has two
branches. Partitioning is carried out by using towing criteria, or the Gini index. If necessary
post-pruning is implemented to adjust model complexity. In the CART method branching
stops when it is considered that no more information gain can be provided or when stopping
criteria are met (Rokach et al.,2015: 79).

The dependent variable in classification trees is categorical, not quantitative. The different
properties of the dependent variable make the difference between classification and
regression trees. In the classification tree, the class prediction for a node is determined by the
majority of classes of observations in that node. If the number of observations of a class is
more than the other classes, the prediction of the node is determined as that class.
Interpretation of the results of a classification tree deals not only with the class prediction
corresponding to a specific terminall node, but also the class ratios of training observations
on those nodes (James et. al., 2014: 311).

In the process of building a classification tree, binary branching (partitioning) is used by
the CART algorithm. The classification error rate is used to create binary partitions in the
classification tree. In addition to the classification error, Gini index, or entropy methods are
preferred in applications (James et. al., 2014: 312).

4.3 Random Forests

The bagging (bootstrap aggregating) method was developed by Leo Breiman in 1996.
Bagging creates multiple subsets of the original data set and uses them to obtain an ensemble
prediction. In the bagging algorithm, when prediction output is numerical then the average of
the predictions is taken, when the output is a class then the majority voting of these classes is
taking into account as output (Breiman, 1996). A decision tree is built for each data set
obtained by using bootstrap sampling on the data set. These decision trees are parallel and
independent of each other. Bagging combines the output of each decision tree into a single
prediction to create an ensemble classifier, thereby attempting to improve accuracy. For
classifying a new observation, each decision tree creates the class prediction for this
observation, and the observation is assigned to the class which has a majority vote. As a
result, bagging produces an ensemble model that outperforms a single decision tree (Rokach
etal., 2015: 122).

Random forest is an ensemble learning method developed by Leo Breiman
(Breiman,2001). It can be considered as an advanced version of the bagging method. In
random forests, bagging is used for random variable selection purposes. New training sets are
obtained from the original training set by the bootstrap method. Then, a decision tree is
created using random variable selection in each new training set. The main difference
between random forest and bagging is due to their random variable selection approaches.
The Bagging method uses all variables for splitting, while the random forest method employs
the random subspace method proposed by Ho (Ho, 1998). For example, in classification
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problems, let m shows the number of variables selected for splitting, and p is the total
number of variables. If m = p then, it means that bagging is used. In the case of m = \/5, it
means that the prediction method is random forest (James et. al., 2014: 320).

Cross-validation, hold-out, or out-of-bag approaches can be used to estimate the test
error of the ensemble model. In the k-fold cross-validation approach, the training set is
divided randomly into k equal partition. Model training is performed on k-1 partitions, model
performance is tested on the remaining partition. This procedure is repeated k-times and
model performance is calculated as the mean of these k test results. The hold-out approach
involves randomly partitioning training set into two non-intersecting subsets called a training
set and a hold-out set. Training is performed on training set and performance evaluation is
estimated on the hold-out set. In the OOB (Out-of-bag) approach, two-thirds of the
observations are reserved for training, while the remaining third is reserved for testing (out
bag observations), and are not used in training. Thus, obtained OOB error is interpreted as an
estimate of the ensemble model's test error (James et. al., 2014:318).

4.4, Model Evaluation - Classification Tables and ROC Curves

In cases such as the data set contains much of the observations in one class (majority
class), models may predict the observations as majority class and achieve a good accuracy
performance. Therefore, in addition to the classification rate, alternative metrics such as
Sensitivity (True Positive Rate) and Specificity (True Negative Rate) are used (Rokach et al.,
2015: 36). Sensitivity measures how well the classifier recognizes positive samples, similarly
Specificity measures how well the classifier recognizes negative samples. In the test set, the
actual class of each observation is compared to the predicted class. A positive observation
("Shopper”) correctly classified by the model is called TP (True Positive). A falsely classified
positive observation (the user who shopped but was assigned to the Non-shoppers) is called
FN (False-Negative). Alike, the user who did not shop but predicted as a Shopper is called FP
(False Positive).

Table 1: An example classification table

Classification Table

Actual Actual
(Negative) (Positive)

Predicted

a b
(Negative)
Predicted

c d
(Positive)

Table 1 shows a standard classification table. By using the values in Table 6 classification
metrics mentioned above can be calculated by the following formulas.

_ (a+d)
—Accuracy = Gibrord)
—False Classification Rate = A
(a+b+c+d)

— Precision =
(b+d)
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—True Positive Rate(Sensivity) = (cfd)

a
(a+b)

—True Negative Rate(Specificity) =
_ F1 Score = 2. PrecAisAionXSensi-ti‘vi-ty
Precision+ Sensitivity
ROC (Receiver Operating Characteristic) curves can be used to show the relationship
between True Positive (sensitivity) and True Negative rates (specificity). The area under the
ROC curve (AUC) provides important information for classifier performance as it is
independent of the selected prevalence value and prior probabilities. The AUC comparison
can be used to make a ranking among classifiers. If ROC curves intersect, the total AUC allows
an average comparison between models (Lee, 2000). Thus, comparing the AUC values of the
two classifiers is fairer and more informative than comparing the misclassification rates
(Rokach and Maimon 2015: 39). The closer the AUC value to 1, the better the classifier model

is.
4.5 Data

Google Analytics (https://analytics.google.com) provided by Google is a service that offers
website owners a large number of metrics for detailed analysis of their visitors. These metrics
show the most basic features, such as through which channels visitors reach the web page,
which pages they visit, and how long they stay on the pages on average. Among these metrics
which show the most basic features, such as which channels visitors reach the web page
through, which pages they visit, and how long they stay on the pages on average. E-
commerce sites also use this very important data from Google Analytics to make some very
essential analyses, such as which categories of products their visitors are most interested in,
which pages did the visitors who tend to buy most come to the site from, and at what point in
their purchasing process visitors stop buying. Among these metrics, advertisers most consider
the "Session", "Average Session Duration", and "Bounces", which have the most determinants
of a user's shopping tendency. Explanations of the variables used in the study are given
below. The data set was obtained from the Google Analytics platform.

— Transaction: This attribute shows the purchase (shopping) made on the site that is
valuable to the brand. "Shoppers" are represented as 1, and "Non-shoppers" are
represented as 0.

—Session: It is the metric that gives the number of user entries to the advertiser's site
as a result of the ad click.

—Average Session Duration: The metric showing the average time users spend on the
site. For example, if the user has visited the site 5 times and spent 250 seconds in total,
the average session duration for this visitor is calculated as 50 seconds.

— The Number of Exits (Bounces): The metric showing the number of times users came
to the site, visited a single page, and left the site.

In the study, the data set containing the specified attribute values of 7091 visitors who are
within the remarketing audience, that is visitors who have visited the analyzed e-commerce
site before, were used. The data set was divided into 2 groups as 80% training and 20% test
set. A predictive model was built with the training set and a test set was employed to
evaluate this model. The number of observations of the "Shopper" and "Non-shopper" classes
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for the dependent variable (Transaction) in the training and test sets is presented in Table 1
and Table 2, respectively.

Table 2: Number of “Shoppers” and “Non-Shoppers” in the training set.

0:(Non-shoppers) 1: (Shoppers) Total

3.858 1.812 5.670

Table 3: Number of “Shoppers” and “Non-Shoppers” in the test set.

0:(Non-shoppers) 1: (Shoppers) Total

977 444 1.412

5.Results and Analysis

Various R packages were utilized to create the models. These packages are nnet (Venables
et. al.,, 2002) for artificial neural networks, rpart (Therneau et. al., 2019) for CART, and
randomForest (Liaw et. al., 2002) for random forest.

5.1 Artificial Neural Networks Results

In the artificial neural network used in the analysis, there is a single hidden layer with 2
nodes. When creating the model, the weight reduction parameter (decay) is set to 0.005,
activation function is sigmoid and the maximum number of iterations (maxiter) is 500 in the
nnet R package. The resulting architecture is shown in Figure 4.

Figure 4: ANN Network Topology
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In the data set, the ratio of users who shop to total users is 0.31 so the prevalence
(threshold value) is determined as 0.31 for classification. Classification tables for the results of
artificial neural networks, on training and test data are presented in Table 4 and Table 5,
respectively.
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Table 4: Classification results for Artificial Neural Networks in Training Data

Actual
Predicted 0 1
0 3130 217
1 728 1595

Table 5: Classification results for Artificial Neural Networks in Test Data

Actual
Predicted 0 1
0 791 47
1 196 397

ROC curves and AUC values for the results of artificial neural networks, on training and
test data are presented in Figure 5 and Figure 6, respectively.

Figure 5: ROC Curve for Artificial Neural Networks in Train Data
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Figure 6: ROC Curve for Artificial Neural Networks in Test Data
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5.2 CART Results

The following parameters are used for creating classification and regression trees in the
rpart package. The minsplit value indicating the minimum number of observations on the
leaves is set to 20 and the cp value (a parameter for deciding to split or not based on the
decrease in Gini index) is selected as 0.01. Thus, if there is no reduction in the Gini index of
0.01 the split will not take place. Taking these parameters into consideration, the model is
trained and the following results are obtained. Figure 7 presents decision tree generated by
the CART algorithm.
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Figure 7: CART Decision Tree
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The AvgDuration variable in Figure 7 represents the logarithm of the Average Session
Duration variable. It can be seen that the most important variable (root node) is "Session".
Splitting criteria (Sesion<4) indicates whether the number of visiting times of a visitor is less
than 4 or not. If the Session variable has a value less than 4, the left branch will be selected
and splitting is continued on this branch. Here, branching is performed according to the
AvgDuration variable. If the AvgDuration variable is less than 5.2 (181 seconds), the terminal
node is reached, and it is seen that 136 users are shopping and 2258 users are not shopping.
Similar interpretations can be made for other nodes and splitting.

In the data set, ratio of users who shop to total users is 0.31 so the prevalence (threshold
value) is determined as 0.31 for classification. Classification tables for the results of CART, on
training and test data are presented in Table 6 and Table 7, respectively.

Table 6: Classification results for CART method in Training Data

Actual
Predicted 0 1
0 3368 468
1 490 1344

Table 7: Classification results for CART method in Test Data

Actual
Predicted 0 1
0 854 124
1 123 320
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ROC curves and AUC values for the results of CART, on training and test data are
presented in Figure 8 and Figure 9, respectively. ROC Curve is similar in both training and test
data.

Figure 8: ROC Curve for CART in Train Data
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Figure 9: ROC Curve for CART in Test Data
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5.3 Random Forest Results

In the randomForest R package was used. Bagging method is employed for determining
the number of random variables to consider for splitting. Thus, mtry parameter to identify the
number of random variables to be used in splitting is selected as 3 (total number of predictor
variables). Majority voting is used for combining the predictions from multiple trees.
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Figure 10: Out-of-Bag (OOB) Error for Different Number of Trees
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Figure 10 shows the Out-of-Bag (OOB) errors for ensemble models with different numbers
of trees (maximum 500 trees). By inspecting the figure, it can be concluded that the minimum
OOB error (0.1968) is achieved for the 115 trees (ntree=115).

Taking these parameters into account, the model is trained. Classification tables for the
results of Random Forest, on training and test data are presented in Table 8 and Table 9,

respectively.

Table 8: Classification results for Random Forest in Training Data

Actual
Predicted 0 1
0 3477 21
1 381 1791

Table 9: Classification results for Random Forest in Test Data

Actual
Predicted 0 1
0 779 74
1 198 370
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ROC curves and AUC values for the results of Random Forest, on training and test data are
presented in Figure 11 and Figure 12, respectively. ROC Curves is similar in both training and
test data.

Figure 11: ROC Curve for Random Forest in Training Data
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Figure 12: ROC Curve for Random Forest in Test Data
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Variable importance scores are included in Table 10. The most important variable is the
Session variable, as in the CART algorithm. It can be seen that in the absence of Session

variable, a large decrease in accuracy value occurs. The Mean Decrease Gini value measures
the rate at which the tree's leaves have impurity without the corresponding variable for each
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variable. The absence of AvgDuration variable causes the highest reduction in the average
Gini value. In other words, having an AvgDuration variable increases impurity in terminal
nodes. AvgDuration is the variable that maximally increases impurity in terminal nodes. From
Table 10, it can be concluded that the Bounce variable is less important than the other two
variables.

Table 10: Variable Importance Scores

Variables Mean Decrease Accuracy Mean Decrease Gini
Session 176.13 951.44
Bounces 9.36 163.84

AvgDuration 53.14 1190.84

The results of the three methods for different classification evaluation metrics on the
training dataset are presented collectively in Table 11.

Table 11: Summary of results for different metrics in Training Data

Method Threshold Sensitivity Specificity Precision F1- Error Accuracy AUC
(Prevalence) Score
Artificial
Neural 31.25% 88.02% 81.13% 68.66% 77.15%  16.67% 83.33% 91.80%
Networks
CART 31.25% 74.17% 87.30% 73.28% 73.72%  16.90% 83.10% 85.80%
R::r":;:" 31.25% 98.84% 90.12% 82.46%  89.91%  7.09%  92.91%  99.30%

By inspecting Table 11, methods can be compared with each other for different
performance evaluation metrics on the training dataset. Random Forest provides the best
training performance according to accuracy and AUC criteria. The results indicate that the
Random Forest algorithm is more successful than other methods in detecting the relationship
between predictor variables and output variable in the training set.

Similarly, the results of the methods for all metrics on the test dataset are presented
collectively in Table 12.

Table 12: Summary of results for different metrics in Test Data

Method Threshold Sensitivity  Specificity  Precision  F1-Score Error Accuracy AUC

(Prevalence)

Artificial

Neural 31.25% 89.41% 80.14%  66.95%  76.57%  16.98%  83.02%  92.0%
Networks

CART 31.25% 72.07% 87.41%  72.23%  72.15%  17.38%  82.62%  85.5%
R::ii? 31.25% 83.33% 79.73%  65.14%  73.12%  19.14%  80.86%  88.1%

356



Agustos 2021, 16 (2)

By inspecting Table 12, methods can be compared with each other for different
performance evaluation metrics. For example, artificial neural networks give the highest AUC
score followed by the random forest method. The algorithm with the highest specificity and
precision is the CART algorithm. If the only aim is classification, artificial neural networks can
be used. However, decision trees can be preferred if the aim is to explain the model and
interpret the relationship between independent variables more easily. Due to the internal
properties of decision tree methods, they produce more interpretable results than other
methods.

5. Conclusions

In this study, we try to classify the users in the remarketing group. Results of the three
methods (artificial neural networks, CART, and random forest) based on different metrics
(classification rate, sensitivity, specificity, precision, and AUC value) are compared. The
algorithm with the highest AUC value is artificial neural networks, followed by the random
forest method. The algorithm with the highest specificity and precision is the CART algorithm.
As can be seen from the results, there is not an algorithm with the highest values in terms of
all metrics. The performance of algorithms may vary depending on the data set used. It is
known that an algorithm cannot be the best in all domains and all data sets (Mitchell, 1980).
According to the no-free lunch theorem, if one algorithm is better than the other algorithm in
some data sets, there are certainly other data sets in which the opposite result is obtained.
Besides, this theorem mentions that a method can give more information than other methods
for a specific purpose (Wolpert et. al., 1995).

We see that the AUC value obtained from the artificial neural network algorithm is higher.
If the primary aim is classification, artificial neural networks can be used. On the other hand,
in addition to classification, if the aim is also to interpret the results more easily, decision
trees can be preferred. Because interpretations of decision tree results are much easier than
the other methods.

In conclusion, it is possible to classify a new user of an e-commerce platform as "Shopper"
or "Non-shopper” by employing a prediction model and by this way to present personalized
contents based on the predicted class. If the user is predicted as "Shopper", content and ad
displays will be made more effective to make this user shopping.

Personalized ad impressions or different content can be shown using Google Ads
advertising tools to the users who are classified as "Shopper" by classification models. For
example, according to the analysis results, Session is the most important variable for the
CART method and its critical value is found to be 4. Taking into consideration this result, it can
be beneficial to create a remarketing pool or preparing different ad options for users who
come to the site 4 or more times.
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