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Abstract

This study investigates the impact of data-driven decision making and marketing automation using artificial intelligence on
return on investment, with customer engagement examined as a mediating variable. Employing a quantitative research
design, data were collected through an online survey targeting professionals in digital marketing and e-commerce sectors.
The analysis was conducted using Partial Least Squares Structural Equation Modeling, which validated both the
measurement and structural models. The results reveal that data-driven decision making and marketing automation using
artificial intelligence significantly influence customer engagement, which in turn has a strong and positive effect on return on
investment. Furthermore, customer engagement mediates the relationship between both predictor variables and return on
investment, suggesting that the financial benefits of digital strategies are maximized when they successfully foster active and
meaningful customer interactions. These findings highlight the importance of integrating analytical tools and technological
innovations with customer-centric engagement strategies to achieve sustainable marketing performance in digital
environments.
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1. Introduction

In the digital era, where online engagement serves as a
cornerstone of modern commerce, organizations have
increasingly shifted their marketing efforts toward
digital platforms to achieve maximum return on
investment (ROI). The evolution from traditional
marketing to digital strategies has catalyzed a
transformation in how consumer data is captured,
analyzed, and operationalized [1]. Data-driven
marketing (DDM) has emerged as a central paradigm in
this transformation, enabling marketers to harness vast
datasets to tailor campaigns, optimize customer
experiences, and enhance performance outcomes [2].
Importance of DDM lies not only in data collection but
also in the ability to extract actionable insights that
influence consumer behavior and conversion rates [3].
Moreover, the increasing affordability and accessibility
of digital analytics tools have expanded the application
of these approaches across organizations of varying
sizes and sectors [4].

Recent advancements in artificial intelligence (Al) and
automation further reinforce the power of data-driven
strategies by enabling real-time decision-making and
predictive analytics [5]. Marketing automation tools
powered by Al facilitate hyper-personalized
communication, improve targeting precision, and
optimize content delivery [6]. Studies show that firms
leveraging Al in their digital marketing efforts tend to
observe significant improvements in campaign

effectiveness and customer acquisition [2]. Despite
these advantages, many firms struggle to convert digital
engagement into measurable ROl due to fragmented
strategies or underutilization of data insights [1]. As
such, the challenge for marketers is no longer simply
collecting data, but understanding how to apply it
meaningfully in the conversion funnel—from clicks to
actual conversions.

The relationship between marketing performance and
ROI is not solely dependent on technology; it is
mediated by customer engagement, which acts as a
vital link between digital interactions and business
outcomes [9]. Customer engagement refers to the
psychological state induced by interactive, co-creative
customer experiences with a brand [10]. Engaged
customers are more likely to convert, repeat purchases,
and promote brand advocacy, all of which contribute
positively to ROl [11]. Moreover, emotional and
cognitive engagement has been found to mediate the
impact of marketing messages, influencing perceived
brand value and purchase decisions [12]. Therefore,
assessing customer engagement as an intervening
variable can provide a more nuanced understanding of
how data and automation translate into financial
performance.

Research has highlighted the importance of integrating
multiple data sources and advanced analytics to
enhance customer engagement and, consequently, ROI
[13]. However, gaps persist in the literature regarding
the specific mechanisms through which data-driven
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decision-making and Al marketing automation
influence ROI via customer engagement [14]. Many
prior studies have examined the individual impact of
technology adoption or customer relationships but have
rarely considered their interconnected roles in a unified
framework [15]. Moreover, while some studies focus
on click-through rates or user interaction metrics as
success indicators, fewer have explored the actual
conversion outcomes tied to financial performance
[16]. In this regard, there is a growing need for
empirical research that holistically evaluates these
dimensions within a performance-oriented context.

This study seeks to bridge these gaps by investigating
the influence of data-driven decision-making and
marketing automation via Al on ROI, with customer
engagement serving as a mediating variable. By
adopting a quantitative approach, this research aims to
provide empirical evidence supporting the integration
of technological and behavioral perspectives in digital
marketing strategy. Such understanding is essential not
only for academia but also for practitioners seeking to
improve campaign effectiveness and maximize the
financial returns of their marketing investments [17].
Ultimately, this study contributes to the broader
literature on digital transformation and marketing
performance by offering a comprehensive framework
for optimizing ROl in data-driven marketing
environments [18].

2. Research Method

The present study adopts a quantitative research design
to examine the influence of data-driven decision-
making and Al-based marketing automation on return
on investment (ROI), with customer engagement acting
as a mediating variable. Quantitative methods are
particularly suitable for assessing relationships among
well-defined variables and testing hypotheses using
statistical models [7]. The choice of this approach
allows for empirical generalization and replicability,
aligning with the study's objective to validate the
proposed theoretical framework in a real-world context.
Data were collected through an online structured
questionnaire distributed to marketing professionals
and digital strategists working in technology-driven
businesses, particularly in the e-commerce and digital
marketing sectors. Respondents were selected using
purposive sampling to ensure relevant experience with
digital analytics and automation technologies [8]. The
questionnaire employed a five-point Likert scale for all
items, ranging from strongly disagree to strongly agree,
to measure perceptions related to the constructs of
interest:  data-driven  decision-making, marketing
automation via Al, customer engagement, and ROI. All
items were adapted from validated scales in prior
research to ensure content validity [7].

To analyze the collected data, the study utilized
Structural Equation Modeling using Partial Least
Squares (PLS-SEM) through the SmartPLS software.
PLS-SEM is considered a robust tool for complex
predictive models involving both direct and indirect
relationships among latent constructs, particularly when

the research model includes mediating variables and the
data is not normally distributed [8]. This method is
appropriate for exploratory studies with relatively small
to moderate sample sizes and allows for the
simultaneous estimation of measurement and structural
models [8]. The analysis began with the assessment of
the measurement model to evaluate the reliability and
validity of the constructs through composite reliability,
Cronbach's alpha, average variance extracted (AVE),
and indicator loadings. Discriminant validity was also
tested using the Fornell-Larcker criterion and HTMT
ratio. Subsequently, the structural model was assessed
to examine the significance of the hypothesized
relationships, R2 values, effect sizes (f?), and the
predictive relevance (Q?) of the model. Bootstrapping
with 5,000 resamples was conducted to test the
statistical significance of the path coefficients [7]. This
methodological approach ensures a rigorous evaluation
of the hypothesized model and supports the study's aim
to generate reliable, generalizable insights on how data-
driven marketing strategies impact ROI through
customer engagement.

3. Result and Discussion

The results and discussion section presents the
empirical findings derived from the structural equation
modeling analysis and interprets their implications in
relation to the proposed research framework. This
section aims to validate the hypothesized relationships
among  data-driven  decision-making,  Al-based
marketing automation, customer engagement, and
return on investment (ROI), while also exploring the
mediating effect of customer engagement. The analysis
integrates both the measurement and structural models
to ensure the robustness and reliability of the constructs
and their interrelations. By comparing these results
with previous studies, this section also highlights
theoretical contributions, practical insights, and
emerging patterns that deepen the understanding of
how data-driven marketing strategies can be effectively
leveraged to optimize business performance in digital
environments.

Table 1. Path Analysis (Direct Effects)

Original P- -
Path sample Value Decision
DDDM — CE 0.482 0.000 Supported
MAUAI — CE 0.391 0.002 Supported
DDDM — ROI 0.276 0.013 Supported
MAUAI — ROI 0.198 0.048 Supported
CE — ROI 0.429 0.000 Supported

The results of the path analysis provide compelling
evidence that both data-driven decision making
(DDDM) and marketing automation using Al
(MAUALI) significantly  contribute to customer
engagement (CE) and return on investment (ROI), with
customer engagement further serving as a strong
predictor of ROI. These findings align well with
previous theoretical and empirical research, suggesting
that strategic implementation of data and automation
technologies plays a critical role in enhancing business
performance within digital marketing frameworks [19].
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The strongest path coefficient observed was from
DDDM to CE (B = 0.482, p < 0.001), indicating that
marketers who systematically apply data insights in
decision-making processes are more likely to create
customer experiences that foster higher engagement.
This result substantiates claims [10] who assert that
customer data—when properly analyzed—enables the
personalization of marketing efforts, leading to more
relevant and resonant interactions. Furthermore, the
finding supports [12] who argued that actionable
insights derived from big data analytics can transform
customer relationships by promoting more interactive
and meaningful brand engagement. The positive impact
of DDDM on CE is likely due to marketers' improved
ability to anticipate customer needs, deliver
personalized content, and create responsive touchpoints
that align with customer preferences.

Likewise, the path from MAUAI to CE was found to be
statistically significant (B = 0.391, p = 0.002),
highlighting the importance of Al-powered tools in
shaping consumer-brand interactions. These results
support existing studies that emphasize the role of
automation in enhancing marketing efficiency and
responsiveness [20]. Marketing automation systems
that utilize Al algorithms can segment audiences,
recommend  tailored  content, and  trigger
communications based on user behavior in real time.
These features not only streamline operational
processes but also enrich the user experience by
delivering timely and relevant messages.

The positive relationship between DDDM and ROI (§ =
0.276, p = 0.013) reflects the financial benefits of
strategic data utilization. When marketers base their
decisions on robust data rather than intuition, they can
allocate resources more efficiently, identify profitable
customer  segments, and optimize  campaign
performance [7]. These advantages contribute directly
to increased ROl by reducing wasted spend and
enhancing targeting accuracy. The finding is consistent
with [3], who noted that integrating data analytics into
marketing  operations leads to more precise
measurement and better financial outcomes. In the
context of this study, the significant direct effect of
DDDM on ROl validates the role of analytical
capabilities as a source of competitive advantage [21].

The path from MAUAI to ROI (B = 0.198, p = 0.048),
though weaker than the effect of DDDM, remains
statistically significant. This suggests that automation
contributes to ROI by enhancing operational efficiency
and scalability, albeit to a lesser extent than strategic
decision-making informed by data. The difference in
strength between the two predictors may reflect the
distinction between tools (automation) and strategic
frameworks (decision-making). While automation
facilitates the execution of campaigns, its effectiveness
depends heavily on the quality of inputs—namely, data
and strategy [22]. This finding emphasizes the
complementary nature of technology and human
judgment in achieving marketing success. Al tools
should not be seen as a replacement for strategic

thinking, but rather as an enabler that amplifies the
effectiveness of data-informed strategies [23].

Perhaps the most notable finding is the strong effect of
CE on ROI (B = 0.429, p < 0.001), which confirms the
mediating role of engagement in converting marketing
activity into financial performance. Engaged customers
are more likely to respond positively to marketing
stimuli, make repeat purchases, and recommend
products to others—behaviors that directly contribute
to increased ROI. This result is consistent with Brodie
et al. [2], who argue that customer engagement is not
merely a behavioral outcome but a central process in
value co-creation between firms and customers. In this
study, the strength and significance of CE’s effect on
ROI support the assertion that successful marketing
strategies must prioritize engagement as a key
intermediate outcome [4].

These findings collectively affirm the conceptual model
underpinning the study and provide empirical support
for the theorized relationships among DDDM, MAUAI,
CE, and ROI. Importantly, they align with previous
models that conceptualize marketing performance as a
function of both technological capability and customer-
centricity. The significant direct paths observed also
imply that while DDDM and MAUAI each contribute
to ROI independently, their influence is partially
channeled through CE. This highlights the necessity of
designing marketing strategies that not only leverage
technology and data but also emphasize customer
experience and relationship-building.

An additional layer of interpretation can be drawn by
considering the relative magnitude of the path
coefficients. The stronger influence of DDDM on CE
and ROI compared to MAUAI suggests that strategic
thinking, grounded in data interpretation, plays a more
decisive role than technological implementation alone.
This supports the argument by Hair et al. [7] that digital
transformation initiatives yield the greatest returns
when technology is embedded within a broader
strategic framework. Moreover, it echoes the work of
[4], who emphasize the human element in digital
marketing, warning against overreliance on automation
without strategic oversight.

The robustness of these results is strengthened by the
methodological rigor applied in the analysis. The use of
Partial Least Squares Structural Equation Modeling
(PLS-SEM) provided an appropriate platform for
testing complex, multi-path relationships and mediating
effects in a relatively small sample size [8]. The
measurement model confirmed strong construct
reliability —and validity, indicating that the
operationalization of variables was methodologically
sound. This enhances the confidence in the validity of
the structural relationships identified and ensures the
replicability of the findings in similar research contexts.

Nonetheless, certain limitations must be acknowledged.
While the current findings provide strong support for
the hypothesized model, they are based on cross-
sectional data, which limits the ability to make causal
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inferences. Longitudinal studies could further clarify
how these relationships evolve over time and under
varying market conditions. Additionally, the study
focused primarily on firms operating in digitally mature
sectors such as e-commerce and tech-based marketing.
Future research could extend the model to other
industries, including those undergoing digital
transformation more gradually, to assess the
generalizability of these findings.

Another area for further investigation involves the
exploration of moderating variables that may influence
the strength of these relationships. For instance,
organizational culture, data literacy, or leadership
support could condition the effectiveness of DDDM
and MAUAI. The inclusion of such factors in future
models would provide a more comprehensive
understanding of the contingencies that shape
marketing performance in data-rich environments.

Table 2. Path Analysis (Indirect Effects)

Path Original P- Decision

Sample Value
DDDM — CE — ROI 0.207 0.001 Supported
MAUAI — CE — ROI 0.168 0.004 Supported

The indirect effects analysis reveals that customer
engagement (CE) plays a significant mediating role in
the relationship between both data-driven decision
making (DDDM) and marketing automation using Al
(MAUAI) on return on investment (ROI). The pathway
from DDDM to ROI through CE (f = 0.207, p = 0.001)
confirms that the ability of data-driven decisions to
generate financial outcomes is significantly enhanced
when they effectively foster engagement with
customers. This aligns with the work [2], who
emphasized that customer engagement is a critical
construct linking marketing strategies to firm
performance.  Strategic use of data enables
personalization, timing, and content relevance, all of
which are known to elevate customer engagement and
subsequently improve conversion metrics. Thus, the
indirect effect reinforces the argument that the value of
data lies not only in improved targeting or efficiency
but in its capacity to build lasting, interactive
relationships with consumers.

Similarly, the mediating effect of CE in the relationship
between MAUAI and ROI (B = 0.168, p = 0.004)
provides strong empirical support for the proposition
that Al-enabled marketing tools achieve their financial

impact primarily  through engaging customer
experiences. While MAUAI offers technological
advantages such as automation, scalability, and

predictive analytics, its influence on ROI is amplified
when these tools are used to generate interactive,
personalized experiences that resonate with users. This
finding supports previous literature suggesting that
technology adoption alone is insufficient unless it is
accompanied by meaningful customer value creation. It
also echoes the view [2], that engagement operates as a
conduit through which digital innovations translate into

business performance. Al’s capacity to dynamically
adjust messages and content in real-time becomes a
powerful catalyst for engagement, thereby enhancing
its effect on financial outcomes.

Collectively, these indirect effects underscore the
strategic centrality of customer engagement in modern
marketing frameworks. While both DDDM and
MAUAI contribute positively to ROI, their most
substantial effects are mediated by how effectively they
engage customers in the digital environment. This
suggests that firms seeking to maximize returns from
their technological and analytical investments must
prioritize engagement as a core performance driver.
These findings are consistent with the customer-centric
models advanced [17] and [18], who highlight that
long-term financial value is best achieved by fostering
sustained, interactive relationships. Therefore, beyond
implementing data and Al technologies, marketers must
invest in designing journeys and content that are
engaging, immersive, and value-rich to convert digital
capabilities into tangible returns.

4. Conclusion

This study concludes that both data-driven decision
making (DDDM) and marketing automation using Al
(MAUAIL) significantly enhance return on investment
(ROI), with customer engagement (CE) playing a
critical mediating role in these relationships. The
findings demonstrate that while DDDM and MAUAI
contribute directly to ROI, their indirect effects—
channeled through CE—are even more substantial,
emphasizing the strategic importance of fostering
customer interaction and involvement. This suggests
that organizations aiming to optimize their digital
marketing performance must not only invest in
advanced analytics and automation technologies but
also prioritize engagement strategies that transform
data insights and technological capabilities into
meaningful customer experiences. Overall, the research
offers empirical support for an integrated approach to
digital marketing where technological efficiency and
human-centric engagement collectively drive financial
SuCCess.
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