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Abstract:

A revolutionary chance to improve consumer engagement exists with the incorporation of Al. This
proposed delves at the various ways generative Al may be used in digital marketing campaigns,
highlighting how it can change the way customers engage and content is made. Personalized
content, made possible by Al's capacity to sift through mountains of customer data, is the main
emphasis. Chatbots and virtual assistants powered by artificial intelligence are also investigated in
the study for their potential to offer real-time assistance and interactivity. By improving the user
experience and Kkeeping their attention, this technology encourages more in-depth brand
involvement. The article also assesses how well Al-powered social media strategy optimization
works. Increased conversion rates, better engagement, and fine-tuned marketing tactics are the
results of this automation. Finally, the article takes into account the growing significance of
optimizing digital marketing campaigns for voice and visual searches, where artificial intelligence
improves content visibility and accessibility through these new search methods. In this proposed to
show that generative Al is essential to developing marketing tactics that are more tailored to each
individual, creative, and responsive than ever before. Generative Al is a game-changer for digital
marketing efforts because it combines creativity, efficiency, and personalization to increase client
engagement.
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I. INTRODUCTION

Smartphones, smart products, the 10T, artificial intelligence (Al), and progressive machine learning
are just a few examples of the digital technology and devices that are changing consumers' and
clients' lives. The advent of these transformational trends has created an immediate requirement for
corporate entities to swiftly modify their operational paradigms to keep up with the rapid changes
occurring in their environment[1]. To keep a firm footing in the unpredictable market, to lead a
prosperous life, to increase market dominance wisely, and to maximize financial gains in business,
one must comprehend the frameworks that arise from these expanding paths in the global
marketplace. As a result, you need to rethink your marketing strategies, keeping an eye on new
developments in IT and making sure you're up-to-date on all the latest news and developments.
These points show that there is more to modern digital marketing than simply using the internet.
The key to success in this field is to tackle the marketing phenomenon methodically and make sure
the digital concept is integrated into every part of marketing. All aspects of marketing will have to
be carefully considered for this. By altering how companies interact with consumers and encourage
the expansion of their brands, artificial intelligence (Al) has shook up the marketing industry[2].
Artificial intelligence (Al) encompasses a wide range of techniques and tools, including algorithms
for machine learning, data-driven decision-making, predictive analytics, and natural language
processing. When it comes to analyzing consumer behavior, artificial intelligence has been a game-
changer for marketers. Less targeted and less customized communications were the result of
conventional systems' over-reliance on demographic data and overly broad attempts at
segmentation. Still, thanks to Al-powered tools, marketers can swiftly sift through mountains of
data. Customers' tastes, habits, and purchasing patterns can be better understood in this way. To
identify patterns and sentiment, Al systems may, for instance, comb through reviews, social media
posts, and browser histories. Advertisers can use this data to make their ads more relevant to each
individual. In addition, Al makes it easier to create tailored marketing campaigns that speak to each
customer personally[3]. Using a user's previous interactions and preferences to inform sales and
suggestions, marketers can leverage machine learning algorithms to deliver highly targeted content.
The author delves into the dynamic realm of marketing and technology in Analyzing Al in
Marketing: The Transformation of Customer Engagement Strategies, shedding light on the
profound impact that Al has had and will have on the manner in which businesses engage with their
customers. Changes in consumer tastes, technological advancements, and general market
circumstances keep the marketing environment fresh and unpredictable. In this context, Al has
emerged as a game-changer, allowing businesses to do more than just keep up with the times; they
can shape them. With its help, marketers can optimize advertising campaigns, tailor experiences for
customers on a large scale, make data-driven decisions, and enhance the customer journey
overall[4]. As the complexity of Al-driven marketing approaches increases, it is crucial for both
academics and businesses to examine and understand how these breakthroughs impact customer
engagement tactics. The multifaceted use of Al in advertising is the subject of this study's
exhaustive investigation. This article explores the ways in which Al algorithms mine and process
data for valuable insights, how Al is being incorporated into models to predict consumer behavior,
how chatbots and virtual assistants are being developed to engage in real-time conversations with
customers, and the ethical considerations that arise as a result of the push for more targeted
advertising. Through an examination of these facets, our aim is to offer a thorough understanding of
the game-changing potential of Al in advertising and practical guidance on how businesses may
leverage Al to enhance client engagement tactics.

Il. LITERATURE SURVEY

Understanding fundamental concepts and phrases helps explain machine learning's (ML) function in
retail. The field revolves around mathematical models of real-world events [5]. Data, regardless of
structure, is used to build models. Tabular data is structured, but unstructured data contains text,
photos, and audio. A tree-like structure mimics options and their effects in Decision trees (DT),
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supervised learning. Leaves represent potential outcomes, whereas interior nodes reflect attributes
or qualities [6]. Retail applications like customer segmentation and churn prediction benefit from
decision trees' versatility and ability to process numerical and categorical data. DT can be overfit
and generalize poorly, however rarely. Using Random Forests (RF) to generate DT helps reduce
overfitting [7]. To eliminate data noise, we randomly select attributes and data points for each tree.
RF are preferred over decision trees for demand forecasting and consumer suggestion due to their
greater predictive accuracy and durability. Interconnected layers of nodes in neural networks
resemble the brain's structure and function. Neural networks (NN) thrive at tasks with enormous
volumes of data and complicated connections because they can learn tiny patterns from data [8].
Deep learning (DL) NN could help businesses detect things in images, estimate consumer emotion,
and recommend products. These techniques underpin retail ML, however k-nearest neighbors
(KNN), support vector machines (SVMs), and naive Bayes (NB) are also robust [9]. The best
strategy depends on dataset size, data type, problem complexity, and target performance indicators.
A plethora of options exist nowadays for gaining access to enormous data sets. When it comes to
data extraction and prediction, ML usually outperforms human professionals [10]. The goal of these
algorithms is to discover intricate functions that can predict anything given an input or identify
patterns in the attributes of an input. Both [11] found that supervised learning methods
outperformed their unsupervised equivalents. ML has been extensively embraced by data science.
Several ML techniques are combined to predict the execution time of DSP software from its source
code. There is a new way to identify attacks on systems by combining SVM with K-nearest
neighbors (KNN) [12]. The Seq2Seq model is combined with the Bidirectional Encoder
Representations from Transformers (BERT) module to improve the response quality. [13]states that
in order to rank users' photo attractiveness, mobile dating applications have used ML. Further
evidence suggests that Convolutional Neural Networks (CNN) can improve the accuracy of picture
classifications used in crime scene investigations. Regression and other ML methods are used by
most firms to assess customer loyalty [14]. It is an effective ML method for assessing consumer
loyalty quickly. This model shows how to break down binary dependent variables into independent
variables. The relationship between customer pleasure and loyalty is the independent variable.
According to [15], businesses categorize customers to understand loyalty. RF resembles AdaBoost
in many aspects. Optional ensemble classifier RF is a DT model combination. Each dataset sends
samples to all RF decision trees, which are not connected, to predict classes [16]. It can help
companies create plans to counter romoting products and services, which affects consumer
behavior. It also helps when they introduce adjustments that give buyers more spending control.
Gradient Boost uses iterative forward distribution. The approach only works with CART regression
tree models due to its defective learner. Do not underestimate Al and ML's influence on consumer
habits. This ubiquitous media empowers customers to make smarter decisions. Al and ML power
efficient and practical digital marketing [17]. Since companies that use ML offer their products
more professionally, this technology will likely change customer habits. ML aids customer service,
which is crucial for client retention. Search algorithms, clustering models, and the old-fashioned
method of collaborative filtering are the backbone of most recommendation systems [18].
Collaborative filtering and clustering techniques, such as K-Means, are used to carry out the
recommendation process. Before removing previously purchased and rated products from the
recommendation pool, these algorithms seek out consumers who are similar to them [19].
Combining the collaborative filtering technique with one unsupervised learning algorithm, K-
Means clustering, developed a smart system to propose movies to users based on their
demographics. [20]developed a collaborative filtering recommendation system using deep learning,
a subfield of ML. Consequently, they demonstrated the superiority of the new deep learning method
over the previous ones.

I11. METHODOLOGY
It is becoming more and more challenging to track the client journey due to the constantly changing
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marketing landscape. One factor that has contributed to the growth and development of the market
is the proliferation of online marketplaces, which give shoppers access to an almost infinite variety
of products. Customers are becoming more outspoken about their desires, thoughts, and beliefs,
driving up the demand for top-notch customer service across all digital platforms. Artificial
intelligence (Al) is the future of digital experience improvement and personalized information
provision. This deluge of data that has been hand-picked by consumers just keeps on growing. In
order to gather the necessary data, many marketers are turning to Al[21]. Now that Al can help
businesses collect and act on accurate real-time customer insights, they can build individualized
digital marketing strategies. Businesses still have some distance to go before they completely
embrace Al-based apps, but many see the critical need of Al in digital marketing to make
customers' purchases stand out.

a. Data Preprocessing

Data that is collected from various sources is likely to contain noise and missing values. If these
data were fed directly into machine learning systems, predictive accuracy could be affected. The
proposed framework uses multiple data preparation techniques, such as normalisation, cleansing,
and missing information filtering, to improve the quality of the raw data and the accuracy of the
forecasts.

Lmin —L " [Smax - Smin]

max ~ Lmin Smin

Lys = I (1)

where L stands for the primary data set and Lygsare the normalized set with data ranges [0-1],
ensuring high precision. L,,,;, and L,,,,display the minimum and maximum values that can be
found in the dataset, respectively. The maximum value (S,,,4,) 1S 0 and the minimum value (S,,;,) IS
1, correspondingly.Data preparation methods ensure that the final product is clean, consistent, and
noise-free, which is perfect for use in feature selection. The accuracy is accomplished by solving
the aforementioned equation.

b. Feature Selection:
I. Chi- Square:
When testing hypotheses on a population with variance, the X2 test is used. When
comparing the Chi-square distribution to a one-degree-of-freedom distribution, features in X2 are
sorted according to their level of independence, with the all-independent features Kj, and the target
feature Ly, topping the list. The calculation of X2 is defined by Eq. (2).
px(r+t—vxq)?
T+ r+)x(@+)x(w+t)

X*(Knyo Ly, ) @)
The following variables are defined: r is the frequency of Kj, and Ly, in the dataset; g is the
frequency of Kj, appearing withoutL,, ; s is the frequency of L, appearing without K, and ¢ is the
frequency of neither K nor L,, appearing together in the dataset; pis the total count of features;
k=1,2,...,42 features; and w = 1,2 (target class)[22]. An increasingly important feature is
indicated by a larger value of X ?(K,, Ly, ).

ii. Mutual Information:

M1 is a way to quantify the degree to which two abstract qualities, like an independent and
dependent one, are reliant on one another. Measured in machine learning, MI assesses how much
information a feature contributes to accurately predicting a target variable. Equation (3) calculates
the MI between the independent and dependent variables in mathematical terms.
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k(y; x)
=c(y) —c(ylx) (3)

In this case, k(y; x) is the information that both the independent feature y and the dependent feature
x share with each other. c(y) is the entropy of y, and c(y|x) is the conditional entropy of y for a
given x.

I11. Pearson’s Correlational Coefficient:

The link between independent features, denoted as Kj; = {hy, h, ..., hy_1}is measured by the

Pearson’s Correlation Coefficient (PCC). as well as the dependent or target feature, where L; =

{h,}. The linear relationship betweenk;, and Lis calculated and lies in the range of -1 to +1. The

value of PPPPPPP is equal to £1 if Kand L,are dependent, and equal to O if K,and Ljare

independent. Equation (4) is used to calculate PCC (K, Ly,).
PCC(Kh,Lh)

cov(Ky, Ly)

TKhl TLh

(4)

wherecov(Ky, Ly,)is the covariance between Kj and Ly, and 7, and 7, are the standard deviations

ofK, and L,, respectively. The high correlation between K, and L, is indicated by a lower value
of PCC(Ky, Ly).

a. Model Training

i. SVM:

When it comes to classification and regression analysis, supervised learning models with
learning algorithms that work hand in hand are SVM. The SVM algorithm searches an n-
dimensional space for classifications for the hyperplane that maximizes the margin between
classes.Although there is some evidence that the problem may not be linearly separable, the primary
rationale for using an SVM instead is that it is commonly stated to achieve better results than other
classifiers[23]. Using a non-linear kernel, like the Radial Basis Function (RBF), in a SVM would
work well in that situation. Also, while working in a high-dimensional space, SVMs are a good
choice. For instance, despite the lengthy training period, SVMs have been found to perform better
for text classification.The SVM is a variant of the support vector classifier that uses kernels to
expand the feature space in a particular way. For a linear support vector classifier, the
representation is given by Equation (5):

h(y)

b
= ao+ ) Bl (5)
k=1

Equation (6) shows the representation of the linear kernel:
1Y, yi)

,
= Z View Yiew (6)
w=1

As demonstrated in Equation (7), a polynomial kernel of degree [ can be expressed as:
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I(yk; yl:t)
’r l
= (1 + z ykwykw> (7)
w=1

When there are a lot of training instances it shouldn't use the SVM classifier because it's a kernel-
based supervised learning technique that's made for binary classification and divides data into two
or more classes. Applying a mapping process called a kernel function to the training set makes it
more similar to a linearly separable data set. Mapping is an efficient way to use a kernel function to
raise the data set's dimensions. Linear, quadratic, RBF, multilayer perceptron, and polynomial
kernels are among the most popular types of kernels. When dealing with linearly separable data
sets, the linear kernel function shines, while the RBF kernel function shines when dealing with non-
linear data sets. When training a SVM, the linear kernel function is faster than the RBF kernel
function. Additionally, overfitting is less common with the linear kernel function than the RBF
kernel function.Regularization parameter C, often called the box constraint, and kernel parameter,
often called the scaling factor, are the two most important parameters for determining the SVM
classifier's performance. Their combined value is called the hyperplane parameter. While training,
SVM constructs a model, creates a map of the decision boundary for each class, and specifies the
hyperplane that divides the classes. One way to improve classification accuracy is to widen the gap
between classes by expanding the hyperplane margin. Additionally, SVMs are capable of doing
non-linear classification with relative ease.

ii.  KNN:

KNN works well with many training instances and is resilient to noisy data. The procedure relies on
knowing the type of distance to utilize and the value of the parameter k, which is the number of
nearest neighbours. Computing the distance of each query instance to all training samples can be a
time-consuming process, and it becomes noticeably slower with an increase in the number of
examples and/or predictors/independent variables. However, constructing a model, adjusting many
parameters, or making more assumptions is unnecessary. Classification, regression, and search
problems can all be tackled with the use of KNN, a simple, versatile, and easily implementable
supervised MLA. Similar items are presumed to be nearby by the algorithm. If this assumption isn't
true, the KNN algorithm won't work.

In situations when quick predictions are required, KNN is not a viable option because to its major
drawback of growing noticeably slower as the amount of data rises. Also, more precise
classification and regression results can be achieved using faster algorithms. Problems whose
solutions rely on recognizing similar items can still be solved with KNN, but only if there are
enough computer resources to quickly process the data for predictions.Run the KNN algorithm
multiple times with different values of K to find the one that works best for the dataset. The goal is
to minimize errors while keeping the algorithm's prediction accuracy when applied to new data. It
all depends on the task at hand, however there are several methods of determining distance. Yet,
many people are already familiar with and comfortable with the straight-line distance, which is also
known as the Euclidean distance.

iii. NN:

A NN classifier is like a parallel computer system made up of a huge number of interconnected,
basic processors. Multilayered feed-forward perceptron’s, which include numerous interconnected
layers of neurons, are a popular kind of neural network. Typically consisting of three or more types
of layers, the multilayered perceptron is able to distinguish nonlinear data. Modern computing still
makes use of many of their concepts, such as the concept of a threshold and the idea that several
simple units can unite to provide greater computational capacity. It was on the assumption that the
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strength between two neurons should be amplified if they were active simultaneously that the first
learning rule on NN was formulated.

iv. RF:

Methods that produce numerous classifiers and then combine their outputs, known as ensemble
learning, have recently attracted a lot of attention. Classification tree boosting and bagging are two
popular methods. Successive trees in boosting assign more weight to points that previous predictor
got wrong. Finally, a prediction is made based on a weighted vote. Bagging is a method where each
tree is built using a bootstrap sample of the data set individually, without relying on preceding trees.
To make a final prediction, all it takes is a simple majority vote. Multiple trees, each of which is
trained using a different kind of randomization, make up an RF classifier. Every tree has its leaf
nodes annotated with posterior distribution estimates over the picture classes. There is a test that
optimally divides the space of data to be classified inside each internal node. To categorize a
picture, we first send it down all of the trees and then combine the distributions of the leaves we
reach. Both the process of picking the node tests and the process of subsampling the training data
can introduce randomness into the training process. This allows for the growth of trees utilizing
diverse subsets of the data.A higher number of predictors requires a larger number of trees for
optimal performance. The optimal method for calculating the required number of trees is to
compare the accuracy of predictions provided by a forest with those of a subset of the forest. It
know there are enough trees when the subgroups perform as well as the complete forest. When
using the RF classifier, bagging becomes even more stochastic. Regression Forests (RFs) alter the
construction of classification or regression trees and use different bootstrap samples of data for each
tree. Although RFs use a subset of predictors that are randomly selected at each node, standard trees
use the best split among all variables to divide each node. Though it may seem paradoxical at first,
this approach outperforms several other classifiers, including NNs, SVMs, and discriminant
analysis, and it also holds up well against overfitting. Furthermore, RF is known for its user-
friendliness due to its two parameters—the number of variables in the random subset at each node
and the number of trees in the forest—and its generally low sensitivity to their values.

IV. RESULTS AND DISCUSSION

Al revolutionary potential in tailoring marketing approaches is the subject of this article. It explores
the theoretical foundations of consumer engagement and how Al might be used to create
personalized marketing experiences. By analysing customer data and past actions, Al can tailor
messaging to each individual, which in turn affects the processing path and increases engagement.
Motivating and engaging people through the use of game mechanics is the focus of this approach.
Through the use of Al, gamified marketing experiences can be customized to suit the interests of
individual consumers, resulting in more engagement through personalized rewards and challenges.
By sifting through mountains of consumer data, algorithms can foretell each person's unique tastes
and habits. Brands may create more meaningful connections with their customers and increase sales
by using Al's analytical skills and learning about the theory behind consumer engagement to create
relevant and targeted marketing campaigns.
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Fig. 1. Accuracy Analysis for Proposed Model and Suggested Model
Figure 1 displays the four models' (SVM, KNN, NN, and RF) accuracy progression over 30 epochs.
While SVM and KNN converge to an accuracy of around 0.9, NN and RF perform marginally
worse but exhibit consistent progress. The training efficiency of each model is shown by the curves.
Performance of the model for classification tasks is highlighted in this analysis.
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Fig.2. Comparison of Training and Validation Accuracy of the Models

The percentages of training and testing accuracy throughout different epochs are shown in Fig 2. A
more robust model learns with each passing epoch, leading to ever-increasing training and testing
accuracies. Less overfitting is shown by the narrowing of the gap between testing and training
accuracy. Both accuracies above 94% at 60 epochs, indicating robust model performance.

http://jier.org 425



Journal of Informatics Education and Research
ISSN: 1526-4726
Vol 5 Issue 1 (2025)

0.7 7 —— Train
— Test
0.6 -
0.5 -
w
(73]
9
0.4
0.3 -
0.2
T T T T T T T
] 10 20 30 40 50 60

Epoch

Fig. 3. Training and Test Loss of the Suggested Models
The loss values for the training and test datasets over 60 epochs are shown in Fig 3. Model
performance and learning are both enhanced by the gradual decline in test and training loss. The
model's continued accuracy in handling unseen data is supported by the drop in validation loss.

F-Score

NN
Fig.4. F1-Score Analysis of the Proposed Models

Figure 4 displays the F-Score performance of four models represented by this radar chart: SVM,
KNN, NN, and RF. Among the methods tested, SVM has the best balance between precision and
recall, as shown by its highest F-Score of 94. KNN is right behind, with lower F-Scores indicating
less than ideal performance from NN and RF. The graphic shows how each model performed in
comparison to the others when it came to categorization exercises.
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Fig.5. Performance Comparison Analysis of SVM Model

Figure 5 shows a bar chart with several classification model performance parameters, such as F1-
Score, Accuracy, True Positive Rate, False Negative Rate, Precision, and Recall. The model

successfully balances recall and precision, as indicated by strong metrics like F1-Score and
Precision.
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The ROC curve, shown in Figure 6, compares the four models' performance by comparing the True

Positive Rate (TPR) against the False Positive Rate (FPR). The models included in the analysis are
NN, SVM, KNN, and RF.
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V. CONCLUSION AND FUTURE DIRECTIONS

Findings from previous research on the vital function of Al in digital marketing are the basis of this
study's literature review. A number of sectors, including advertising, might be radically altered by
the advent of Al. Artificial intelligence has revolutionized online client engagement by allowing
corporations to understand patterns in large amounts of data and make well-informed judgments.
The article covered the ways in which Al is changing digital marketing, namely how it helps
companies optimize their advertising campaigns, provide better consumer experiences, and boost
marketing efficacy generally. There was also coverage of the many applications of Al in digital
marketing, such as recommendation engines for new products, chatbots to assist customers,
predictive analytics to help with targeting and segmentation, and the creation of personalized
content. Integrating Al into digital marketing campaigns has both benefits and risks, as highlighted
by the report.The training process involved an SVM model. The proposed model reaches a
maximum accuracy of 96.32%.
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