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Change In this digital cumulus, consumer behavior has undergone radical transformations, and

understanding these changes is essential for any company that wants to remain
competitive. Mobile marketing, in particular, has become an indispensable communication
channel capable of reaching consumers in various, personalized and direct ways. Therefore,
the study of the impact of these strategies on consumer behavior is not only relevant, but
also necessary to successfully delve into the different situations and factors of the
contemporary market. This research aims to develop and contribute to existing insights in
the field by applying advanced analytical methods, such as SEM-PLS, to model and
understand the complex relationships between mobile marketing and consumer behavior.
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1. Introduction

Mobile marketing has become an essential component in modern marketing strategies, having a
significant impact on consumer behavior. Mobile marketing allows brands to interact directly with consumers
through their personal devices. Mobile marketing campaigns such as push notifications, SMS messages and
social media campaigns can generate a high level of engagement due to accessibility and customization (Xie W.,
2024).

Mobile devices offer excellent opportunities for personalizing marketing messages. Demographic data,
purchase history and browsing behavior allow the creation of highly relevant messages for consumers, which
increases the likelihood that they will respond positively to marketing campaigns.

Mobile marketing directly influences consumer buying behavior. Quick access to product information,
special offers and reviews contribute to more informed and faster purchase decisions (Kumar S., 2024). Also,
promotions and discounts sent through mobile apps can encourage impulse purchases.

An essential aspect of mobile marketing is the user experience. Mobile apps and mobile-optimized websites
offer a simplified and intuitive browsing experience. A positive experience can improve consumers' perception
of the brand and lead to increased loyalty (Tong S. et al., 2020).

Mobile marketing gives consumers access to information and offers anywhere, anytime, thereby
increasing accessibility and convenience. This contributes to overall consumer satisfaction and can positively
influence the purchase decision. Another major advantage of mobile marketing is the ability to monitor and
measure the effectiveness of campaigns in real time. This allows marketers to quickly adjust strategies and
optimize campaigns to achieve better results. Despite the mentioned advantages, there are also concerns about
data privacy and security. Consumers are increasingly aware of how their data is collected and used, and
improper data management can lead to loss of trust and negative reactions from consumers (Kurtz OT et al.,
2021).
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Mobile marketing campaigns have a profound impact on consumers by increasing engagement,
personalization, influencing purchasing behavior and improving user experience. However, the success of
these campaigns depends on how brands manage data privacy and security, as well as their ability to deliver
real value to consumers.

2. Literature review

The advent of the Internet and communication technologies (ICT) has transformed direct marketing
into what is known today as online marketing, which uses the Internet to communicate with potential
customers (Hair, JF et al, 2017). Using the Internet as a marketing channel connects potential customers with
sellers electronically. Direct marketing could be defined as any activity that creates and exploits a direct
relationship between sellers and buyers on an individual level. To be successful in direct marketing you need
to know how to direct the target audience to the proposed activity, although this can also be a weakness (Aaker
DA, Moorman C., 2017). The ability of direct marketers to find the right audience for their product at the right
time is crucial to business success (Cristache, N. et al, 2022). Direct marketing uses various types of channels
to reach target customers. Some of these channels include direct selling, direct mail, telemarketing, telemedia,
TV marketing, email marketing, social media marketing, and mobile marketing (Tiago MTPMB, Verissimo JMC,
2014).

Mobile marketing emerged in the late 1990s with the sending of simple messages via Short Message
Service (SMS). Strategies changed after the introduction of better technologies and the proliferation of
smartphones, tablets and PCs where many other new mobile communication tools emerged (Chaffey, D. et al,
2016). Using various mobile operating systems such as Apple i0S, Google Android and others, many mobile
network operators now offer a wide range of mobile applications and transaction/payment services in addition
to information and entertainment services to their subscribers. Therefore, mobile marketing serves through
phones as a useful technology in everyday life that can be used by both marketers and consumers (Xie W., et al,
2024).

Mobile marketing is defined as a set of practices that enable organizations to communicate and engage
with their target audience in an interactive and engaging manner through any mobile device or network (Ryan
D., Jones C., 2016). Mobile marketing connects businesses and each of their customers via mobile devices at the
right time and place with the right message and requires the customer's explicit permission and/or active
interaction. In addition, the emergence of mobile devices as a promotion channel has allowed marketers to
improve the level of permission-based marketing (Strauss J., Frost R., 2016). The mobile channel is the best
medium for permission-based marketing because it allows businesses to deal with each target customer as an
individual. As a result, the concept of "value exchange" becomes the focal point of effective and successful
permission-based mobile marketing, as consumers exchange their consent and sometimes personal
demographic information and preferences in advance for a product, service or offer that they value. interest,
relevant or valuable to them (Wang CL, 2023) (Gabor, M. R et al, 2020).

The popularity of mobile marketing has grown steadily in recent years among both businesses and
consumers (Solomon, Michael R, 2019). The more consumers use smartphones and tablets to search for and
purchase goods and services online, the more likely business owners are to find their niche, so they must
constantly adapt and satisfy this increasing need for convenience for consumers (Hollensen S., 2020).

Mobile marketing allows relevant information to be delivered personalized and interactively to online
customers (Alhidayatullah A., 2024). Mobile devices such as smartphones and tablets are widely used for web
browsing, social networking, photo/video sharing, and online shopping, and in mobile marketing for making
phone calls or sending text messages (Roy SK, 2023). Impact of SMS advertising on purchase intention for
young consumers (Pricopoaia, O. et al, 2024). International Journal of Financial, Accounting, and Management,
4 (4), 427-447.. Nowadays, mobile marketing relies most, for the delivery of promotional information, on the
phone messaging channel, on phone calls but also on the messaging of different social media channels such as
WhatsApp, Viber, Signal or Telegram (Tarnanidis T., 2024).

3. Analysis and impact of mobile marketing components on consumers using SEM-PLS structural
equation modeling

In the ever-expanding digital age, mobile marketing campaigns have become a fundamental element
of organizations' strategies to reach and engage their target audiences. However, with such a dynamic and ever-
changing environment, properly assessing the impact of these campaigns becomes critical to their
effectiveness. In this context, the use of structural equations with the method of partial least squares (SEM-
PLS) is used as a broad and flexible analytical tool, providing a comprehensive approach to modeling outcomes
(Ringle, CM et al, 2015).

This research examines how SEM-PLS can be applied to analyze and evaluate the impact of mobile
marketing campaigns. SEM-PLS is a structural modeling technique, it allows to analyze the complex
relationships between the variables involved in the model and to estimate the direct and indirect effects, thus
providing a comprehensive perspective on the interactions within the mobile marketing campaigns. We used
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this method because for each previously mentioned variable, with the role of predictor of the influence on the
reputation of the brand, we identified specific indicators that form, respectively reflect, it.

Variables such as brand awareness and preferences, conversion and purchase rates, segmentation and
variability in responses, brand retention and loyalty, impact on sales, interaction and engagement will be
analyzed, with special attention given to the central core - influence on brand reputation.

Through this approach, we aim to highlight the significant benefits of SEM-PLS in unraveling the
complexity of the impact of mobile marketing campaigns, thereby providing marketers with an analytical
framework for understanding and improving their strategies.

The elaborated structural model is highlighted in figure no.1, highlighting the relationships between variables
by means of six hypotheses.
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Figure 1. Conceptual model of research based on structural equation modeling
Source: processing authors
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Figure 2. Conceptual research model and hypotheses
Source: processing authors

Hypothesis 1: Increased brand awareness and preference (CPB) is positively associated with higher
conversion and acquisition rate (RCA), highlighting the direct influence of awareness on business performance.
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Hypothesis 2: Effective segmentation and increased response variability (SVR) significantly contribute
to increased brand awareness and preference (CPB), underscoring the importance of a diverse and segmented
approach in marketing strategies.

Hypothesis 3: Greater interaction and engagement (IA) with mobile campaigns is associated with
greater retention and brand loyalty (RLB), showing that ongoing engagement contributes to long-term loyalty.

Hypothesis 4: Increased engagement (IA) leads to increased brand awareness and preference (CPB),
highlighting the crucial role of constant interaction in building the consumer's relationship with the brand.

Hypothesis 5: Greater brand awareness and preference (CPB) leads to increased sales impact (IV) with
higher conversion and acquisition rate (RCA), underscoring the direct link between brand appeal and business
performance.

Hypothesis 6: All variables - CPB, RCA, SVR, RLB, IA, IV - contribute positively to building and
maintaining solid brand reputation (IRB), highlighting the complexity of interactions between different aspects
of a mobile marketing campaign.

3.1 Analysis of research results based on structural equation modeling

Table no. 1 reflects the distribution of the indicators reflected by the items included in the
questionnaire. The item with the highest mean is SVR3 (4,350) and the item with the lowest mean is 1A2
(3,797). The standard deviations do not reveal very large differences between the indicators. The skewness
index assesses the extent to which the distribution of a variable is symmetric. If the distribution of responses
for a variable extends to the right or left extremes of the distribution, then the distribution is said to be skewed.
The flattening index or the curvature coefficient (Kurtosis) is part of the indices for assessing the shape of a
distribution. A high flattening index shows a distribution with the distribution of variables far from the mean.
A general guideline for Skewness is that if the number is greater than +1 or less than -1, this is an indication of
a substantially skewed distribution. For Kurtosis, the general indication is that if the value is greater than +1,
the distribution is too skewed. Also, Kurtosis value less than -1 indicates too flat a distribution. In the case of
the data collected in this research, we note normal data distributions on all the indicators associated with the
latent variables in the conceptual model.

Table 1. Descriptive statistical indicators associated with the conceptual model

28 Indicators with 123 cases and 0 missing values Zoom (82%) O Copy to Excel
Missings Scale min Scale max Observed min Observed max Standard deviation Excess kurtosis

CPB1 1 MET 2 4203 4.000 1.000 5.000 1000 5.000 | 0828 1.588 -1.222
CPB2 2 METV o 4.008 4000 1.000 5.000 1.000 5.000 GQQZV 0112 0828
CPB2 3 MET [ 2 4073 ‘ 4.000 I 1.000 I 5.000 I 1000 I 5.000 0887 [ 0.285 I -0.845
CPB4 4 . MET [ 0. 2011 4.000 [ 1.000 . 5.000 . 1.000 [ 5.000 1.110 [ -0.409" 0.703 .
RCA1 5 . MET [ 0. 3.087 ‘ 4.000 . 1.000 . 5.000 . 1000 . 5.000 1051 [ 0328 . 0813 .
RCA2 8 [ MET [ 0‘ [ 3.878 i 4.000 [ 1.000. [ 5.000_ 1 .000.“ 5000 1123 | -0.069" -0.837 [
RCA3 T MET [ o 4114 4000 1.000 5.000 1.000 5.000| 0981 | 0841 -1.088 |
RCA4 B MET [ 2 3.884 ‘ 4.000 1.000 5.000 I 1000 5.000 1044 [ 0.557 I -1.010 I
SVR1 o . MET [ 0. 4.211 4.000 . 1.000 . 5.000- 1.000 . 5.000.; 0887 [ 1.488 . -1.108 .
SVR2 10 . MET [ 0. 4.041 4.000 . 1.000 . 5.000 . 1000 . 5.000 1023 [ 0583 . -1.050 .
SVR2 1" MET". 2 4.350 i 4.000 3.000 [ 5.000 [ 3000 [ 5.000“: 0710 [ 08 12" -0.827 .
SVR4 12 MET [ o 3.804 4000 1.000 5.000 1.000 5.000 1153 | 0178 -0.9490
RLB1 13 I MET [ 2 3.854 ‘ 4.000 I 1.000 I 5.000 I 1000 I 5.000 1208 [ -0.081 I -0.820
RLE2 14 . MET [ 0. 3084 4.000 [ 1.000 . 5.000 . 1.000 [ 5.000 1061 [ 0.218“ 0.044 .
RLB2 15 . MET [ 0. 3.851 ‘ 4.000 . 1.000 . 5.000 . 1000 . 5.000 1182 [ -0.002 . -0.882 .
RLB4 18 [ MET [ 0‘ [ 4.000 i 4.000 [ 1.000. [ 5.000_ 1.000.“ 5000 1044 | 0.62“ -1.042 [
w1 17 MET [ o 4179 4000 1.000 5.000 1.000 5.000| 0948 | 1538 -1.242 |
w2 18 I MET [ 2 4.288 ‘ 4.000 I 1.000 I 5.000 I 1000 I 5.000 0807 [ 1778 I -1.187 I
Wz 12 . MET [ 0. 4.187 4.000 . 1.000 . 5.000- 1.000 . 5.000.; 0023 [ 1.134 . -1.138 .
4 20 . MET [ 0. 4.252 4.000 . 1.000 . 5.000 . 1000 . 5.000 0588 [ 1783 . -1.284 .
1A1 21 MET". 0" 4.154 i 4.000 1.000 [ 5.000- 1000 [ 5.000“: 0883 [ 0.91-‘3“ -1.148 .
1A2 2 MET [ o 3TT 4000 1.000 5.000 1.000 5.000 1275 | -0.485 0828
1AZ 23 MET [ 2 4.041 ‘ 4.000 1.000 5.000 I 1000 5.000 0858 [ 0.510 I -0.828
1A4 24 . MET [ 0. 3.035 4.000 [ 1.000 . 5.000 . 1.000 [ 5.000 1.117 [ 0.316“ -0.080 .
IRB1 25 . MET [ 0. 4.057 ‘ 4.000 . 1.000 . 5.000 . 1000 . 5.000 0882 [ 0401 . -0.850 .
IRB2 28 MET [ 0‘ [ 4.238 i 4.000 [ 1.000. [ 5.000_ 1 .000.“ 5000 0807 | 18 14" -1.118 [
IRB3 7 METV o 4033 4000 1.000 5.000 1.000 5.000| GQ?’IV 0151 -GTEE.
IRB4 28 MET [ 2 4.179 ‘ 4.000 I 1.000 I 5.000 I 1000 I 5.000 0883 [ 1.748 I -1.383 I

Source: report generated by Smart PLS 3 software
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Table 2. Correlations between variables

Carrelations Zoom @75%) —O Copy to Excel
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Source: report generated by Smart PLS 3 software

The Structural Equation Modeling partial least squares (SEM-PLS) correlation table provides a visual
representation of the degree of association between the variables included in the model. This analysis allows
observing the direction and intensity of relationships between key variables, providing insights into the
complexity of the model's structure.
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Figure 3. Determination of the effect coefficients, the contributions of the indicators to the reflective

latent variables and the weights of the indicators to the formative latent variables
Source: Smart PLS 3 software processing

Figure no. 3 highlights the relationships between the latent variables included in the research model,
indicated by arrows pointing from the exogenous latent variable considered a predictor to the dependent
(endogenous) latent variable. Also, the diagram illustrates the variables that can be measured through a
formative approach (IA - Interaction and Engagement, CPB - Brand Awareness and Preferences, RLB - Brand
Retention and Loyalty and IRB - Influence on Brand Reputation, RCA - Conversion Rates and Purchases), where
the arrows point from indicators to variables), respectively the variables that can be measured through a
reflective approach (IV - Impact on Sales, SVR - Segmentation and Variability in Responses).

Cronbach Alpha is a measure of the internal consistency or reliability of a variable's measurement,
reflecting how correlated the variables within the structural model are. The minimum accepted threshold for
this indicator is 0.7. The values for Cronbach Alpha are assigned in Table no. 3 only to the reflective variables
(IV and SRV), both exceeding the threshold of 0.7.
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Table 3. Evaluation of internal consistency and convergent validity in the case of the reflective
measurement model

Construct reliability and validity - Overview

Copy to Excel Copyto R

Cronbach's alpha Composite reliability (rho_a) Composite reliability (rho_c) Average variance extracted (AVE)

CcPB 0.544 0.845 0.596 | 0.682

1A D..B?‘l [ 0.876 [ 0.911 [ 0.720 I
IRB 0.856 [ 0860 [ 0.903 0.699 I
v 0.305- 0.815- 0.571 [ D.BZQI
RCA 0.562 0.564 [ 0.906:’. 0.707 I
RLB 0.589 [ 0.591 [ 0.923 [ 0.749 I
SVR U.?&QI D.?QQI [1.865! 0.518:

Source: Smart PLS 3 software processing

The composite confidence level (CR) is obtained by combining all the variances and covariances of the
true score from the composite of the indicators within the latent variables and dividing their sum by the total
variance in the composite. Like Cronbach Alpha, CR is a reliability indicator; if Cronbach Alpha assumes that
the factor loadings are the same for all indicators, CR considers the variable loadings of the indicators.
Acceptable CR values are generally considered above the threshold of 0.7 and in the case of this research we
note that this indicator exceeds the minimum recommended threshold for the two reflective variables (IV and
SRV).

Spearman's rank correlation coefficient (Rho) is a non-parametric test used to measure the strength
of association between two variables, where the value r = 1 means a perfect positive correlation and the value
r = -1 means a perfect negative correlation. We note in the case of the four reflective variables (IV and SRV) a
positive correlation.

Table 4. Evaluation of the statistical collinearity test

S llE i R = SR The variance inflation factor (VIF) is a measure of
viF multicollinearity between a set of variables in a multiple

2204 ] regression. Values greater than 5 indicate high
1.820
1578 multicollinearity.
2509 | Multicollinearity occurs when a group of independent
;zzf variables are highly correlated with each other.
2,435 The variance inflation factor (VIF) appears in the
e definition of the variance of the estimated coefficients and
2249 measures how many times the variance of the coefficients
23| is overestimated due to multicollinearity compared to the
f:; situation when there would be no collinearity within the
1741 structural model.
| We note that Smart PLS 3 software generates variance
2200 inflation factor (VIF) values for both formative and
28 reflective variables. The RLB4 reflective indicator has the
e highest level of variance inflation, while the SVR3
2302 reflective indicator has the lowest level of variance
—a inflation. All VIF values are below the threshold of 5.00
2524 (Table 3.6) and we can conclude that collinearity does not
s reach critical levels for any of the formative or reflective
S| variables and implicitly does not create problems in the
2.178] estimation of the analyzed structural model.

Source: Smart PLS 3 software processing

The convergent validity of the model is assessed by the average variance extracted (AVE), which
measures the variance that is captured by a variable relative to the variance due to measurement error. In
general, an AVE value of at least 0.5 or higher is expected, otherwise the error variance is greater than the
explained variance. We note that the two variables (IV and SRV) have AVE above the recommended threshold.

In the case of discriminant validity, the Fornell-Larcker criterion compares the square root of the
average variance extracted (AVE) with the correlation of the latent variables. A latent variable should better
explain the variance of its own indicators than the variance of other latent variables.

Method SEM-PLS does not take into account that the data are normally distributed, which implies that
significance tests cannot be applied to test whether coefficients such as weights, outlier loadings, and
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relationship coefficients are significant. In contrast, SEM-PLS relies on a nonparametric bootstrap procedure
to test the significance of the relationship coefficients estimated in SEM-PLS. In the bootstrapping procedure,
subsamples are created with observations drawn randomly from the original data set (by replacement). The
subsample is then used to estimate the structural model. This process is repeated until a large number of
random data samples, approximately 5,000, have been created. Parameter estimates (weights, outlier loadings,
and relationship coefficients estimated from subsamples) are used to obtain standard errors for the estimates.
With this information, T-test values and asymptotic significances (p-values) are calculated to assess the
significance of each estimate and validate or reject the research hypotheses.
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Roap  <0-0007
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Figure 4. Determination of p-values associated with the relationships between the variables of the
model, after applying the bootstrap procedure

Source: Smart PLS 3 software processing

Figure no. 4 reflects the structural model generated after applying the bootstrap procedure, in which
the asymptotic significance values (p-value) are highlighted on the connection relations between the latent
variables. The data reflected in Table no. 5 are useful for validating/rejecting the hypotheses from the analyzed
structural model.

Table 5. The values of the asymptotic significance p and the T test for the 6 hypotheses in the
structural model

Total effects - Mean, STDEV, T values, p values Copy to Excel Copyto R

Original sample (O) Sample mean (M) Standard deviation (STDEV) T statistics (|[O/STDEV])

CPB -> IRB 0.192 | 0.182 0.121 1.593 011

IA > IRB 0.239. 0.234. 0.149. 1.944. D.DBEI
IV = IRB 0.287 . 0.273 . 0.110 . 2.439 . 0.015 I
IV = SVR 0.552 - 0.552 - 0.059 - 9.3M . 0.000 |
RCA = IRB 0.251 - 0.247 - 0.122 - 2.065 . 0.039 I
RCA = SVR 0.419- 0.420- 0.060- 6.935. D.DOOI
RLB -= IRB 0.082 - 0.105 - 0.131 - 0.703 . 0.482 I
RLB = IV 0.604 - 0.612 - 0.061 - 9.859. 0.000 I
RLB = SVR 0.333 - 0.333 - 0.047 - 7.132 . 0.000 I
SVR = IRB 0.037 - 0.035 - 0.125 - 0.295 . 0.768 I

Source: Smart PLS 3 software processing

Not all hypotheses are validated, as the p-values exceed the maximum allowed significance level of
0.05 in some cases. The T-test shows us the magnitude of the correlation between the latent variables in this
structural model. Thus, brand retention and loyalty (RLB) has the strongest effect in terms of impact on
sales (T-test = 9.859, p-value tends to zero), while segmentation and variability in responses (SVR) has the
lower impact on segmentation and response variability (SVR) (T-test = 0.295, p-value = 0.768).
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In the research, 123 valid responses were collected through a questionnaire distributed online. The
questionnaire was completed by respondents with various demographic characteristics, their distribution
being presented in Table 3.1 and illustrated in Figures 3.3, 3.4 and 3.5. The majority of respondents come from
the urban environment (77.2%), and in terms of occupation, most are employees (39.8%) or students (33.3%).

Starting with the descriptive analysis, table no. 5 presents the descriptive statistical indicators for the
latent variables in the conceptual model. Indicators are measured by items rated on a Likert scale from 1 to 5,
where 1 means "Strongly Disagree" and 5 means "Strongly Agree". Average values and standard deviations do
not show significant differences between the indicators. For example, item SVR3 has the highest mean (4.350),
while IA2 has the lowest mean (3.797). Skewness and Kurtosis indices indicate that the distributions of the
variables are normal, without substantial distortions.

The correlations between the variables are analyzed and presented in table 3.3, providing a visual
representation of the degree of association between them. Figure no. 4 highlights the relationships between
the latent variables, indicating the formative variables (IA, CPB, RLB, IRB, RCA) and the reflective variables (IV,
SVR). Predictive relationships between variables are represented by one-way arrows, demonstrating the
complexity of interactions.

The internal consistency and convergent validity of the reflective variables (IV and SRV) are assessed
by Cronbach Alpha and the composite confidence level (CR). The Cronbach Alpha and CR values for the
reflective variables are above the threshold of 0.7, which indicates a good reliability of the measurements.
Convergent validity is assessed by the average variance extracted (AVE), which has values above the threshold
of 0.5 for the reflective variables, thus confirming the validity of the model.

1) The Collinearity Test and the Bootstrap Procedure

To assess the significance of the relationship coefficients, the bootstrap procedure was applied. In this
procedure, subsamples of observations drawn randomly from the original data set are used to estimate the
structural model. The obtained parameter estimates and standard errors are used to calculate T-test values
and asymptotic significances (p-values). Figure no. 5 shows the structural model generated after applying the
bootstrap procedure, highlighting the p-values for the relationships between the latent variables.

Validation of Hypotheses

Table no. 5 shows the T-test values and p-values for the six hypotheses formulated in the structural
model. Not all hypotheses are validated, as p-values exceed the maximum accepted significance level of 0.05 in
some cases. For example, the hypothesis that effective segmentation and increased response variability (SVR)
significantly contribute to increased brand awareness and preferences (CPB) is not validated (T-test = 0.295,
p-value = 0.768). In contrast, retention and brand loyalty (RLB) have the strongest effect on sales impact (T-
test = 9.859, p-value tends to zero).

4. Conclusions

The research looked at variables such as brand awareness and preference (CPB), conversion and
acquisition rates (RCA), segmentation and response variability (SVR), brand retention and loyalty (RLB), sales
impact (IV), and interaction and engagement (IA). Each of these variables was measured by specific indicators,
reflecting various aspects of mobile marketing campaigns. The developed structural model allowed the
verification of the hypotheses regarding the mutual influences between these variables.

Research findings have shown that interaction and engagement (Al) play a critical role in building brand
awareness and brand preference (CPB). This relationship underscores the importance of active consumer
engagement in mobile marketing campaigns. Constant engagement with mobile campaigns not only boosts
brand awareness, but also influences consumer preferences, thereby increasing the chances of conversions and
purchases. Therefore, marketers need to focus on creating interactive and engaging campaigns to maximize
the impact on CPB.

Segmentation and Response Variability (SVR) have been found to be another significant factor contributing
to increased brand awareness and preference. A segmented and personalized approach to mobile marketing
campaigns allows for effective targeting of different demographic and psychographic groups, leading to greater
campaign relevance and effectiveness. This aspect is very important for marketers, as a well-targeted strategy
can maximize the impact of marketing messages and generate a higher response rate.

On the other hand, retention and brand loyalty (RLB) were positively associated with interaction and
engagement (IA). Long-term loyalty is cultivated through ongoing engagement and strong consumer
relationships. Mobile marketing campaigns that succeed in maintaining a high level of engagement can reduce
churn and encourage repeat purchases, thereby building brand loyalty.

Sales impact (IV) is influenced by brand awareness and preference (CPB), as well as conversion and
acquisition rates (RCA). This relationship highlights the direct link between brand appeal and recognition and
business performance. Mobile marketing campaigns that increase CPB have a positive effect on IV, proving that
an effective marketing strategy not only increases brand visibility, but also drives sales.

By applying SEM-PLS, this research was able to demonstrate the complexity of the interactions between
the variables involved in mobile marketing campaigns. The elaborated structural model showed that all
variables - CPB, RCA, SVR, RLB, IA, 1V - contribute positively to building and maintaining solid brand reputation
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(IRB). This highlights the fact that the success of a mobile marketing campaign depends on multiple
interconnected aspects that must be managed simultaneously.

For marketers, these results provide vital insights into optimizing mobile marketing strategies. Continuous
consumer engagement and effective segmentation are critical factors that must be integrated into campaign
planning. The structural model developed and validated through SEM-PLS provides a robust analytical
framework that can be used to continuously evaluate and improve mobile marketing strategies. In this way,
organizations can ensure the long-term success of their campaigns, maximizing the impact on brand
awareness, consumer loyalty and business performance.
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