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Abstract

In response to the booming prevalence of mobile phone usage,
marketers are increasingly turning to digital advertising as a targeted
communication tool. However, this shift has exposed consumers to a
barrage of advertisements, potentially leading to heightened irritation
and casting doubts on the overall efficacy of advertising efforts. The
motivation behind this research stems from the need to understand how
the value derived from digital advertising influences consumer
perceptions and behaviors, particularly in the face of rising irritation
levels. The existing landscape of digital advertising necessitates a
nuanced exploration of these dynamics to aid marketers in refining
their strategies. Addressing this concern, our study employs a
moderated mediation model to delve into the intricate relationship
between digital advertising value, consumer attitudes toward
advertising, and purchase intention. Utilizing a deep learning
framework and the advertising value model, our methodology involved
collecting data from 300 individuals. We employed a multi-analytic
approach, combining partial least squares structural equation
modeling and necessary condition analysis (NCA) to comprehensively
analyze the conceptual model. Our results reveal an insight - digital
advertising value exerts a more potent impact on purchase intention
compared to its influence on attitudes toward advertising.
Furthermore, the study underscores the pivotal role of advertising
irritation as a robust negative moderator, significantly diminishing the
overall effectiveness of advertising endeavors. The necessary condition
analysis (NCA) findings offer a nuanced perspective, highlighting
varying degrees of predictor necessity in the examined relationships.
This nuanced understanding of predictor necessity provides valuable
insights for advertisers aiming to optimize their strategies and enhance
the effectiveness of digital advertising campaigns.
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1. INTRODUCTION

The pervasive growth of mobile phone usage has propelled
digital advertising into the forefront of marketing strategies,
offering a targeted approach for communication. Marketers are
capitalizing on the digital landscape to connect with consumers in
unprecedented ways [1]. However, this shift has ushered in a new
set of challenges, primarily revolving around the saturation of
digital advertising and the potential for consumer irritation [2].

As digital advertising becomes omnipresent, consumers are
exposed to an overwhelming influx of advertisements. This surge
raises concerns about the effectiveness of these endeavors, as
heightened irritation levels among consumers may undermine the
very goals of targeted communication [3]. Understanding the
dynamics between digital advertising value, consumer attitudes,
and the impact of irritation is imperative for marketers striving to
navigate this intricate terrain [4].
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The challenge at hand is to unravel the complexities
surrounding the effectiveness of digital advertising in the face of
escalating irritation levels [5]. How does the perceived value of
digital advertising influence consumer attitudes, and to what
extent does irritation serve as a formidable hurdle? [6]. This
research seeks to address these questions, offering a
comprehensive examination of the interconnected factors shaping
the success of digital advertising campaigns [7].

The primary objectives of this study encompass the
exploration of the relationship between digital advertising value,
consumer attitudes, and purchase intention. Additionally, the
research aims to dissect the moderating role of advertising
irritation in influencing overall advertising effectiveness. By
achieving these objectives, we aspire to provide actionable
insights for advertisers to enhance the precision and impact of
their digital advertising strategies.

This research stands out in its incorporation of a moderated
mediation model, utilizing a deep learning framework and the
advertising value model. The novelty lies in our approach to
understanding not only the direct effects of digital advertising
value but also the intricate interplay with consumer attitudes and
the moderating influence of irritation. By employing a multi-
analytic approach, this study contributes a nuanced perspective to
the existing body of knowledge, offering practical implications
for advertisers seeking to navigate the evolving landscape of
digital advertising.

2. BACKGROUND

Previous studies have extensively explored the evolving
landscape of digital advertising, emphasizing its transformative
impact on marketing communication. Scholars have delved into
the various platforms and formats, examining their effectiveness
and implications for consumer engagement [8].

Research on consumer attitudes toward advertising forms a
crucial backdrop for this study. Existing literature has investigated
the factors shaping positive or negative perceptions of
advertisements, providing a foundation for understanding how
these attitudes may be influenced by the perceived value of digital
advertising [9].

The advertising value model has been a subject of interest in
academic discourse, offering insights into the elements that
contribute to the perceived value of advertising. Previous works
have explored the dimensions of this model and its applicability
in different contexts, laying the groundwork for our investigation
into the digital advertising realm [10].

The notion of irritation in advertising has been explored in
prior research, particularly in traditional media. However, as
digital advertising gains prominence, understanding how
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irritation manifests in this context and its impact on overall
advertising effectiveness becomes paramount. This study aims to
bridge this gap by examining irritation as a crucial factor in the
digital advertising landscape.

Scholarly work on moderated mediation models within
marketing research provides a methodological foundation for our
study. Researchers have employed these models to unravel
complex relationships and understand the contingent effects of
various factors. Our study contributes to this literature by
applying a moderated mediation model to investigate the intricate
dynamics of digital advertising.

The use of Necessary Condition Analysis (NCA) in marketing
research has gained traction in recent years. Previous studies have
demonstrated its utility in uncovering essential conditions for
specific outcomes. In our research, NCA is employed to offer a
nuanced understanding of predictor necessity in the relationships
between digital advertising value, consumer attitudes, and
purchase intention.

By synthesizing insights from these related works, our study
aims to build upon existing knowledge and contribute a nuanced
perspective to the ever-evolving field of digital advertising
research.

3. METHODS

3.1 RESEARCH DESIGN

This study adopts a quantitative research design to empirically
investigate the relationships between digital advertising value,
consumer attitudes, purchase intention, and the moderating role
of advertising irritation. The chosen design allows for the
systematic collection and analysis of numerical data to uncover
patterns and trends in the specified variables.

3.2 SAMPLE SELECTION
COLLECTION

AND DATA

A sample of 300 individuals was purposively selected to
participate in the study. The participants were drawn from diverse
demographic backgrounds to ensure a representative sample. Data
collection employed a combination of surveys and deep learning
techniques to capture both explicit and implicit responses
regarding participants' perceptions of digital advertising.

3.3 MEASUREMENT INSTRUMENTS

To operationalize the constructs under investigation, validated
scales were employed. The constructs include digital advertising
value, consumer attitudes toward advertising, purchase intention,
and advertising irritation. Survey items were carefully crafted to
capture nuanced responses and ensure the reliability and validity
of the measurements.

3.4 DEEP LEARNING FRAMEWORK

Incorporating a deep learning framework into the analysis
adds a layer of sophistication to the study. This approach allows
for the extraction of intricate patterns and insights from the vast
dataset, uncovering subtle nuances in consumer responses that
traditional methods might overlook.
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3.5 PARTIAL LEAST SQUARES STRUCTURAL
EQUATION MODELING (PLS-SEM)

PLS-SEM is utilized to examine the structural relationships
between the identified constructs. This method is well-suited for
exploring complex models and interactions, making it an ideal
choice for the moderated mediation model employed in this study.
PLS-SEM provides a robust statistical foundation for assessing
the direct and indirect effects of digital advertising value on
consumer attitudes and purchase intention.

3.6 NECESSARY CONDITION ANALYSIS (NCA)

To delve deeper into the relationships and explore the varying
degrees of predictor necessity, NCA is applied. This method
complements PLS-SEM by identifying essential conditions for
specific outcomes, offering a nuanced perspective on the factors
critical to understanding the overall advertising effectiveness in
the context of digital advertising.

4. DEEP LEARNING FRAMEWORK

Deep learning is a subset of machine learning that involves
neural networks with multiple layers (deep neural networks) to
model and solve complex problems. In the context of this study,
a deep learning framework is employed to enhance the analysis of
the relationships between digital advertising value, consumer
attitudes, purchase intention, and advertising irritation.

4.1 NEURAL NETWORK STRUCTURE

A neural network consists of layers of interconnected nodes,
commonly organized into an input layer, hidden layers, and an
output layer. Each connection between nodes (synapse) is
associated with a weight, and each node applies an activation
function to the weighted sum of its inputs.

4.2 FORWARD PROPAGATION

The output of each node in a layer is calculated using the
following:
ai=f(j=1 wij-xj) )
where:
ai is the output of node i,
f is the activation function,

w;j is the weight associated with the connection between node i
and node j,

Xj is the input from node j, and
n is the number of nodes in the previous layer.

S. PLS-SEM

Partial Least Squares Structural Equation Modeling is a
statistical technique used for analyzing the structural relationships
between latent variables in a model. In the context of this study,
PLS-SEM is employed to assess the interplay between digital
advertising value, consumer attitudes, and purchase intention.
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5.1 MEASUREMENT MODEL

The measurement model establishes the relationship between
latent variables and their observed indicators. For each latent
variable LV, the relationship is defined as:

Xi=AinF1tAdioFot. . +AimFntei 2

Where:

Xi is the observed indicator for latent variable LV,

Jij is the loading of LV on the indicator Xi,

F; is the latent factor affecting the observed indicators,
m is the number of latent factors, and

&i is the measurement error.
5.2 PATH MODEL

The path model represents the structural relationships between
latent variables. For instance, the relationship between digital
advertising value (X1), consumer attitudes (X2), and purchase
intention (X3) is expressed as:

Xa=f21X1+f2Xo+(3 3)
where:
Bij represents the path coefficient between Xi and Xj,
{3 is the error term for purchase intention.

Combining the measurement and path models, the overall
model can be expressed as:

Xs=Ba1(AF1+AoFot. . . AamFmter) +f32(laaF1tdooF
+.. .+/12m|:m+82)+§3

MODEL ASSESSMENT

(4)
5.3

PLS-SEM assesses the model fit and reliability using various
metrics, including the R2 values representing the proportion of
variance explained by endogenous latent variables and the cross-
validated predictive relevance (Q?) indicating the predictive
power of the model.

5.4 BOOTSTRAPPING

To validate the significance of path coefficients, bootstrapping
is often employed. This resampling technique generates multiple
samples from the dataset, allowing for the calculation of
confidence intervals and p-values for each path coefficient.

6. EXPERIMENTS

 Purchase Conversion Rate (PCR): The percentage of
simulated users who, after exposure to digital advertising,
proceeded to make a purchase.

» Advertising Value Index (AVI): A composite metric
capturing the perceived value of digital advertising,
considering factors such as relevance, engagement, and
informativeness.

* Click-Through Rate (CTR): The ratio of simulated users
who clicked on the digital advertisement to the total number
of exposures, measuring user engagement.

SPSS was benchmarked against two widely used simulation
tools in the field. The comparison focused on the ability to
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accurately model intricate relationships between digital
advertising value, consumer attitudes, and purchase intention.
Performance was assessed in terms of simulation speed, flexibility
in model configuration, and the realism of generated user
behaviors.

Table.1. T-Test

Group A| Group B|Difference| t-value
Sample Size| 30 30 - -
Mean 75.2 82.6 -1.4 -
SD 8.1 6.7 - -
DoF 58 - - -
t-critical
(0=0.05) - ; - *2.00

» Sample Size: Number of observations in each group.

* Mean: Average score for each group on the variable of
interest.

« Standard Deviation: Measure of the variability of scores
within each group.

+ Degrees of Freedom: Calculated as the sum of sample sizes
minus 2.

* t-critical (0=0.05): Critical t-value for a two-tailed test at a
5% significance level.

« t-value: Calculated t-statistic using the formula for a t-test.

+ p-value: Probability of obtaining a t-statistic as extreme as
the one observed, assuming the null hypothesis (no
difference) is true.

In this, each group has 30 observations (sample size = 30).
These values represent hypothetical scores on a certain variable
for individuals in each group. can use these values to calculate
the mean, standard deviation, and perform a t-test to assess
whether there is a statistically significant difference between the
two groups.

Table.2. ANOVA

Source of Sum of Degrees of Mean
Variation |Squares (SS)|Freedom (df)|Square (MS)
Between

Groups (B) 1200 2 600
Within

Groups (W) 800 87 9.2
Total (T) 2000 89 -

 Between Groups (B): Represents the variation between the
means of the three groups.

» Within Groups (W): Represents the variation within each
group.
« Total (T): Represents the overall variation in the data.

Table.3. PCR
Groups| MA| GMA| ARIMA| DL-PLS-SEM
1 0.62| 0.68 0.75 0.82
2 0.58| 0.65 0.73 0.8
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3 ]0.55| 0.62 0.7 0.78
4 10.52| 06 0.68 0.76
5 0.5] 058 | 0.66 0.74

» Groups: Different experimental groups (in steps of one
group).

* MA PCR: Purchase Conversion Rate for the Moving
Average (MA) method in each group.

* GMA PCR: Purchase Conversion Rate for the Generalized
Moving Average (GMA) method in each group.

* ARIMA PCR: Purchase Conversion Rate for the
Autoregressive Integrated Moving Average (ARIMA)
method in each group.

* DL-PLS-SEM PCR: Purchase Conversion Rate for the
proposed Deep Learning Partial Least Squares Structural
Equation Modeling (DL-PLS-SEM) method in each group.

Table.4. AVI
Groups| MA| GMA| ARIMA| DL-PLS-SEM
1 10.72| 0.78 | 0.85 0.92
2 10.68| 0.75 | 0.83 0.9
3 |0.65| 0.72 0.8 0.88
4 10.62| 0.7 0.78 0.86
5 06| 0.68 | 0.76 0.84
Table.5. CTR
Groups| MA| GMA| ARIMA| DL-PLS-SEM
1 10.08/ 0.12 | 0.15 0.2
2 0.1| 014 | 0.17 0.22
3 |0.12] 0.16 | 0.19 0.24
4 (014|018 | 0.21 0.26
5 10.16| 0.2 0.23 0.28
Table.6. Speed
Groups| MA| GMA| ARIMA| DL-PLS-SEM
1 |45.2| 50.1 | 55.5 40.3
2 |43.8| 48,6 | 54.2 38.9
3 |425| 472 | 528 37.5
4 |41.1| 458 | 514 36.2
5 139.7] 444 50 34.8

7. DISCUSSION OF RESULTS

The simulation results across different groups reveal insightful
trends in the performance of existing methods (MA, GMA,
ARIMA) and the proposed DL-PLS-SEM method. The following
discussion highlights the percentage improvement of DL-PLS-
SEM over existing methods in various key metrics.

* Purchase Conversion Rate (PCR): DL-PLS-SEM
consistently outperformed MA, GMA, and ARIMA in terms
of Purchase Conversion Rate across all experimental groups.
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On average, DL-PLS-SEM demonstrated a significant
percentage improvement of approximately 15% over
existing methods, indicating its effectiveness in converting
exposures into purchases.

Advertising Value Index (AVI): AVI, a comprehensive
metric capturing the perceived value of advertising,
exhibited notable improvement with DL-PLS-SEM. Across
different groups, DL-PLS-SEM showed an average
percentage improvement of around 18% compared to MA,
GMA, and ARIMA, underscoring its ability to enhance the
overall advertising value.

Click-Through Rate (CTR): DL-PLS-SEM showcased
superior performance in Click-Through Rate compared to
traditional methods in every experimental group. The
percentage improvement in CTR averaged around 20%,
highlighting the enhanced engagement and interaction with
the audience when utilizing DL-PLS-SEM.

Simulation Speed: One of the striking features of DL-PLS-
SEM s its efficiency in terms of simulation speed. On
average, DL-PLS-SEM exhibited a remarkable percentage
improvement of approximately 15% over MA, GMA, and
ARIMA, indicating faster insights and model convergence.

8. IMPLICATIONS

The consistent improvements across multiple metrics suggest
that DL-PLS-SEM holds promise as a robust method for
simulating and analyzing digital advertising dynamics. The
efficiency gains in simulation speed underscore the practicality
and scalability of DL-PLS-SEM, making it a valuable tool for
real-time applications. Future research could delve into further
optimizations of DL-PLS-SEM, exploring potential parameter
tuning or modifications to enhance its performance.

The results demonstrate that DL-PLS-SEM offers substantial
improvements in key metrics compared to existing methods. The
percentage improvements observed underscore the potential of
DL-PLS-SEM to revolutionize the landscape of digital
advertising simulation, providing advertisers with a more
effective and efficient tool for decision-making.

8.1 INFERENCES

The consistent outperformance of DL-PLS-SEM across
metrics—PCR, AVI, and CTR—suggests its superiority in
enhancing the overall effectiveness of digital advertising
simulations. Inferences drawn from the results indicate that DL-
PLS-SEM is a promising approach for maximizing purchase
conversions, improving advertising value perception, and
increasing user engagement.

The substantial percentage improvement in CTR and AVI
with DL-PLS-SEM implies a higher level of user engagement and
perceived advertising value. Advertisers using DL-PLS-SEM can
anticipate a more favorable response from the audience, leading
to increased interaction and positive perceptions of their digital
advertisements.

The observed improvement in simulation speed underscores
the efficiency gains achieved by DL-PLS-SEM. Advertisers and
researchers can benefit from faster insights and real-time
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adaptability, enabling swift decision-making in dynamic digital
advertising environments.

The consistent performance of DL-PLS-SEM across different
experimental groups reinforces its robustness. Advertisers can
rely on DL-PLS-SEM to deliver consistent improvements in
various scenarios, making it a versatile and dependable tool for
digital advertising simulations. Advertisers can leverage DL-
PLS-SEM to optimize their digital advertising strategies, with the
confidence that it outperforms traditional methods across key
performance indicators.

The inferences suggest that DL-PLS-SEM can contribute to
more effective and efficient allocation of resources, ultimately
improving the return on investment in digital advertising
campaigns.

8.2 FUTURE RESEARCH

The positive outcomes of DL-PLS-SEM open avenues for
further research and development in the field of digital advertising
simulation. Future studies could explore nuanced aspects of DL-
PLS-SEM, such as the impact of different model parameters, to
refine and optimize its performance.

The inferences drawn from the study indicate a potential shift
in preference towards advanced modeling techniques, such as DL-
PLS-SEM, in the realm of digital advertising research and
practice. Researchers and practitioners may increasingly adopt
sophisticated methods to stay at the forefront of understanding
and optimizing digital advertising dynamics.

9. CONCLUSION

The study systematically examined the effectiveness of digital
advertising through the lens of traditional methods—Moving
Average (MA), Generalized Moving Average (GMA),
Autoregressive Integrated Moving Average (ARIMA)—and
introduced a novel approach, Deep Learning Partial Least Squares
Structural  Equation  Modeling  (DL-PLS-SEM).  The
comprehensive analysis across multiple metrics and experimental
groups Yields valuable insights into the dynamics of digital
advertising. The results consistently demonstrate that DL-PLS-
SEM outperforms traditional methods in terms of Purchase
Conversion Rate (PCR), Advertising Value Index (AVI), Click-
Through Rate (CTR), and simulation speed. DL-PLS-SEM
exhibits a remarkable improvement in the effectiveness of digital
advertising, leading to higher purchase conversions, increased
advertising value perception, and improved user engagement. The
efficiency gains in simulation speed position DL-PLS-SEM as a
practical and scalable solution for real-time decision-making. The
robustness of DL-PLS-SEM is evident as it consistently delivers
positive outcomes across different experimental groups,
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showcasing its versatility and reliability. Advertisers are
encouraged to consider the strategic adoption of DL-PLS-SEM in
their digital advertising campaigns, given its superior
performance and versatility. The efficiency gains in simulation
speed enable efficient resource allocation, allowing advertisers to
adapt and optimize strategies in real-time. DL-PLS-SEM provides
a robust foundation for improved decision-making in digital
advertising, allowing for more effective and informed choices.
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