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Abstract

This study explores the organizational and technological barriers that hinder the effective integration
of Al-driven marketing strategies in the FMCG sector, with a particular focus on social media
campaigns. Drawing on a mixed-methods approach—including 20 expert interviews and a survey of
372 marketing professionals—the research examines how these barriers influence key performance
indicators such as reach and engagement, while accounting for differences in company size. The
findings highlight that Al-driven content personalization significantly enhances marketing
outcomes, yet its effectiveness is constrained by persistent challenges including poor data quality,
lack of algorithmic transparency, bias in audience segmentation, and limited real-time adaptability.
In addition to these technological obstacles, the study identifies organizational-level barriers, such as
insufficient internal capabilities, delayed model updates, and a lack of proactive Al system tuning,
which collectively reduce campaign agility and responsiveness. Key recommendations emphasize
the need for Al-human collaboration, real-time data integration, and explainable Al frameworks to
support trust and performance optimization. The study offers both theoretical contributions and
actionable insights for marketing professionals, emphasizing that successful Al deployment requires
not only advanced tools, but also supportive organizational structures and continuous adaptation.

Keywords: Al-driven strategies; FMCG; marketing strategies; organizational barriers; campaign
efficiency; technological barriers

1. Introduction

Over the past few decades, the rapid pace of digitalization has transformed how companies —
particularly in the Fast-Moving Consumer Goods (FMCG) industry — market their products (Cioppi
et al., 2023). With the boom of social media, brands are actively engaging consumers through digital
platforms, changing their advertising campaign strategies in line with the new digital market. One of
the central components driving this process is marketing powered by artificial intelligence, which
offers advertisers the ability to accurately reach the intended audience, tailor content, and automate
advertising campaign management (Haleem et al., 2022).

Social media marketing (SMM), enabled by artificial intelligence (Al), facilitates the harvesting
and analysis of large volumes of data, user behavior targeting, dynamic content generation, and
advertisement automation (Saheb et al., 2024). The machine learning algorithms embedded in social
media platforms allow brands to identify their potential audience, analyze their needs, and provide
them with suitable advertising instantaneously (Taherdoost, 2023). These capabilities are especially
important for fast-moving consumer goods (FMCG) companies that have used general advertising
for a long time and are striving for greater marketing efficiency in the highly competitive market.
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Consequently, Al-controlled marketing becomes more than just a short-term trend, but rather an
strategic necessity for FMCG companies.

The scope of Al in automation and personalization surpasses all expectations. De Bruyn et al.
(2020) argue that these marketing techniques facilitate the prediction of industry trends and
consumer analysis. For instance, algorithms are able to analyze trending discussion subjects,
recommend the most effective content formats, and monitor shifts in users’ attention. Indeed, these
capabilities are especially important for the Fast-Moving Consumer Goods (FMCG) companies
operating under conditions of short product life cycles and volatile consumer preferences (Vieceli &
Shaw, 2010). With the help of Al-based marketing technologies, brands can more readily adapt to
shifts in audience behavior, significantly improving the effectiveness of advertising campaigns.

Although there are many advantages, Al implementation in FMCG marketing remains
understudied. A number of companies struggle with the integration of Al into their business
processes, lack the required skills, and find it challenging to evaluate the results (Volkmar et al., 2022).
Thus, further research is needed on the role that Al plays in social media marketing, which includes
a holistic assessment and analysis of available models for its use.

This research analyzes the growing gap concerning the use of Al in marketing within the FMCG
sector. There is an existing body of research on the role of Al in digital marketing, but research on its
impact on commercial advertising in fast-moving consumer goods is limited. The present study seeks
to address this by assessing the role of Al in automating the processes of reach and engagement as
well as the primary difficulties encountered by marketers when utilizing Al This raises the question:
What are the key technological and organizational challenges in implementing Al-driven social
media marketing strategies for FMCG brands, and how do these challenges affect marketing
performance indicators such as engagement, reach, and conversion?

2. Literature Review

2.1. The Strategic Role of Al in FMCG Marketing

The integration of Al into social media marketing has significantly transformed the FMCG
sector. It enables extensive data processing, real-time adjustments to campaigns, and improved
engagement through personalized content. Al is at the heart of FMCG marketing, thanks to its
predictive analytics, decision-making capabilities, and content automation, making it a vital asset for
businesses aiming to maintain a competitive edge (Khamoushi, 2024; Patil et al., 2024; Kopalle et al.,
2021). With consumer preferences constantly shifting, utilizing Al is essential for ensuring that
marketing strategies stay relevant and responsive to changing market conditions (Huang & Rust,
2021; Davenport et al., 2019).

Understanding consumer behavior in the FMCG sector is greatly enhanced by Al-powered data
analytics, which helps optimize marketing strategies. Al tools such as Google Analytics, Sprinklr, and
IBM Watson leverage machine learning algorithms to analyze past data and predict campaign
performance, consumer behavior, and optimal content distribution (Chintalapati & Pandey, 2021;
Hermann & Puntoni, 2024). These predictive capabilities are aligned with consumer behavior
theories, illustrating how historical purchasing patterns and interactions can guide future marketing
decisions (Wang, 2024; Kim et al., 2023). By systematically processing extensive datasets, Al enables
companies such as Unilever and PepsiCo to allocate marketing budgets more efficiently, ensuring
that resources are directed toward the most pertinent audiences at optimal times (Adams, 2025;
PepsiCo, n.d.).

However, while predictive analytics supports strategic marketing allocations, it also presents a
critical limitation—its responsiveness to real-time market changes (Jamarani et al., 2024; Adesina et
al., 2024). Research indicates that AI models must perpetually update their learning parameters to
maintain relevance in an environment where consumer preferences are shaped by sociocultural
trends, economic fluctuations, and emerging technologies (Yohe, 2023; Tao et al., 2024). The
challenge, therefore, goes beyond merely examining past behaviors and involves leveraging Al-
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driven dynamic modeling to predict and adapt to unexpected changes in consumer sentiment. This
requires a continuous feedback loop where Al systems improve their forecasts based on new
consumer interactions, thereby increasing the flexibility of marketing campaigns (Van Chau & He,
2024; Feng & Chen, 2022).

2.2. Emotional and Behavioral Drivers: Al’s Influence on Consumer Engagement

Building on this adaptability, Al-powered sentiment analysis tools have become indispensable
in the FMCG industry, offering real-time insights into consumer perceptions. By employing
advanced natural language processing (NLP) techniques, these tools systematically examine social
media conversations, customer reviews, and engagement metrics to assess brand sentiment and
detect emerging trends (Xu et al., 2022; Rodriguez-Ibanez et al., 2023). This enables brands to pinpoint
both positive feedback and potential risks.

Research indicates that brands employing Al for sentiment analysis can proactively adjust their
marketing strategies, ensuring their messaging resonates with the current emotions and attitudes of
consumers (Alantari et al., 2021). This approach aligns with emotional marketing theories, which
highlight how crucial emotional connections are between consumers and brands for fostering long-
term loyalty and engagement. The theories in question — such as the Affect Infusion Model (Forgas,
1995) and Emotional Branding Theory (Gobé, 2001) — suggest that our purchasing choices are often
influenced by more than just rational thought (Pluta-Olearnik & Szulga, 2022). They emphasize that
emotional responses — and how well we resonate with a brand’s identity and messaging — can
significantly impact our decisions. This alignment is explained by the fact that emotional marketing
theories view emotions as a key trigger of consumer behavior, and the use of Al to analyze and adapt
to the emotional context of the audience enables brands to operate within these theoretical principles
most effectively. By using Al for sentiment monitoring, brands can not only react to what consumers
are saying but also anticipate changes, enabling proactive marketing strategies (Liu-Thompkins et
al.,, 2022). Incorporating Al into sentiment monitoring allows brands to detect even the slightest
changes in consumer emotions, preferences, and expectations — often before these feelings are clearly
articulated (Thiab et al., 2023; Mao et al., 2024; Giannakis et al., 2020).

2.3. Personalization at Scale: Al Tools and Theoretical Foundations

In parallel, Al significantly enhances personalization in FMCG marketing, particularly through
content automation (Verma et al., 2021). Al-powered platforms like DALL-E and Canva Al enable
the production of customized visual content that appeals to specific market segments. These
innovations are consistent with digital personalization theories, which highlight how targeted
content can boost consumer engagement by catering to individual preferences and behaviors.
According to these theories, a personalized approach is believed to enhance perceived relevance of
messages and strengthen the feeling of individual attention from the brand. For instance, the
Perceived Relevance Model (Tam & Ho, 2005) suggests that consumers find personalized content to
be the most useful and meaningful. Similarly, the Customer-Brand Relationship Quality Theory (Smit
et al.,, 2007) argues that personalization plays a key role in developing a stronger emotional bond
between the brand and the consumer. Our research highlights the value of dynamic personalization,
which utilizes real-time data to enable deeper interactions.

2.4. FMCG-Specific Challenges in Al Adoption

Artificial intelligence (Al) is being used in a variety of industries, but its role in marketing fast-
moving consumer goods (FMCG) involves several unique hurdles. Rapid product life cycles, intense
competition, and large advertising budgets create a challenging environment. In contrast to the
business-to-business (B2B), automotive, and luxury sectors - where the purchasing process is slower
and allows for long-term brand development - FMCG marketing requires a more immediate and
ongoing strategy to keep consumers interested and drive sales. The significance of Al-driven
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marketing in this domain is underscored by the need for rapid adjustments to advertising strategies
and highly dynamic consumer engagement (Alipour et al., 2024).

This need for a quick response becomes especially relevant given the short product life cycle in
the FMCG sector. A major aspect of FMCG marketing is the short lifespan of its products, which
necessitates Al solutions that are both nimble and quick to react to shifts in consumer demand
(Tarallo et al., 2019). Unlike industries, such as technology and luxury goods, which rely on long-
term forecasts based on historical data, FMCG thrives in a highly volatile environment (Huang et al.,
2008; Muth et al., 2024; Abolghasemi et al., 2020). Consumer preferences can be influenced by
seasonal changes, viral trends, and social media, making it essential to respond swiftly and accurately
(Dinh & Lee, 2024). In response, Al analytics tools detect changes in consumer purchasing behavior
within hours, allowing marketers to adjust their strategies in real time (Kumar et al., 2024). For
instance, social media monitoring tools use Al to spot emerging viral trends and modify advertising
campaigns, even during their execution (Saheb et al., 2024).

Following the need for rapid adaptation, Al is also transforming the approach to resource
management in FMCG marketing by optimizing budget allocation and increasing investment
efficiency (Luzon et al., 2021). Unlike the B2B and pharmaceutical sectors, where Al is mainly used
to build long-term client relationships, FMCG advertising is more transactional and demands
immediate results. Al-powered automated programmatic advertising keeps campaigns running
around the clock, adjusting in real time based on engagement and sales data (Haglund & Bjorklund,
2024; Haleem et al.,, 2022). Additionally, Al-driven A/B testing allows brands to identify the most
effective ads, dynamically reallocating budgets to maximize ROI (Gao et al., 2023). Furthermore, Al-
enabled dynamic pricing adjusts promotions and discounts in real time, responding to changes in
customer demand and competitor actions (Yang et al., 2020). These real-time pricing strategies have
been proven to significantly boost consumer engagement and increase the likelihood of purchases
(Yang et al., 2020; Haleem et al., 2022; Gao et al., 2023).

2.5. Real-Time Adaptability and Performance Optimization

Moreover, impulse purchases play a significant role in FMCG, requiring Al systems to consider
not only rational but also emotional factors in consumer behavior (Rodrigues et al., 2021; Lopes et al.,
2024). Al-driven recommendation systems go beyond traditional data analysis by focusing on
emotional triggers that prompt immediate purchases (Y. Gao & Liang, 2025). Through the application
of artificial intelligence in neuromarketing, brands are able to evaluate consumer emotions and
subconscious responses, providing deeper insights into the determinants of purchasing behavior
(Yadav, 2024; Phutela et al., 2022). Insights from neuromarketing and the exploration of emotional
triggers provide a solid foundation for developing tools that effectively engage consumers. Al-
enhanced interactive content—such as gamification elements, AR filters, and virtual influencers—
along with contextual targeting, boosts audience interaction and engagement (Beyari et al., 2024;
Anupama & Rosita, 2024).

2.6. Emotional Triggers and Omnichannel Experience

The effectiveness of Al is evident not only in the digital space but also in offline communication
through omnichannel marketing strategies. Retail convergence and omnichannel marketing are
essential strategies that help FMCG brands stand out from digital-first industries, such as SaaS and
fintech (Razak, 2023; F. S. Rodrigues & Coelho, 2021). Therefore, Al plays a crucial role in bridging
digital marketing efforts and in-store experiences, making the customer journey more efficient. With
the help of Al-driven geo-targeting and beacon technology, personalized in-store promotions can be
created, ensuring that products are available in retail locations just as customers see the ads (Gao &
Liu, 2022; Durdevi¢ et al., 2022). Moreover, Al-enabled chatbots and voice commerce platforms
further enhance cross-platform interactions, providing a smooth and engaging customer experience
across various touchpoints (Sidlauskiene et al., 2023; Huseynov, 2023).
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Thus, the application of Al in various aspects of FMCG marketing— ranging from dynamic
pricing and programmatic advertising to sentiment analysis and omnichannel personalization—
illustrates the crucial role of artificial intelligence in managing the complexities of this fast-moving
industry (Kasaraneni, 2022; Huang & Rust, 2021; Singh et al., 2023). As Al continues to advance,
companies must find a balance between automation and human-focused marketing, ensuring that
technological progress enhances rather than replaces consumer-brand relationships (Petrescu &
Krishen, 2023).

3. Research Methodologies

3.1. Research Design

This study employs a mixed methods approach, combining qualitative research consisting of
interviews and quantitative research with surveys to validate key findings from qualitative research
on a larger sample. This method ensures that both industry knowledge and data - based analysis are
utilized.

3.2. Sampling and Data Collection

To obtain adequate perspectives from the industry, 20 semi-structured interviews were
conducted across three stakeholder groups. At this point, the study reached data saturation, where
the last few interviews did not significantly shift participant responses, and answer repetition became
quite common. Furthermore, according to methodological theory (for instance, Guest et al. 2006), a
sample of 12-20 interviews is acceptable for analysis when answers begin to be redundant. The focus
was on professionals with a more holistic view of Al strategies:

e  Mid-senior marketing professionals (N=10) — experts with more than five years of experience
who build digital marketing strategies and supervise the spending and results of digital
marketing and other activities.

e  Senior marketing executives (N=5) — managers who are responsible for business strategy and
the application of Al in the company’s marketing and long-term digital strategy within the
FMCG sector.

e Al and digital marketing consultants (N=5) — consultants in specialized marketing and Al

firms that provide insights into how Al is used and best practices from other sectors.

The interviews were focused on Al adoption challenges, benefits of adoption, and integration
plans. Open coding was performed with themes that were observable, such as challenges in Al
implementation, expected advantages, and different methods of integration. Laying these themes
then condensed the more detailed ones into larger sets that pertained to strategic decision - making
and the less practical ones to these themes, such as hindrances to actual implementation and the
impact of the adoption of Al The application of the coding process provided a logical analysis of
qualitative information within the set parameters of the research questions of the study.

In addition to the qualitative interviews, a questionnaire was administered to 372 social media
marketers in the FMCG sector. The sample included marketers from FMCG companies located in
both developed and emerging markets. In particular, participants came from Western Europe
(Germany, France, UK, Netherlands), North America (USA, Canada), Asia (China, Japan, South
Korea), and Latin America (Brazil, Mexico). This approach enables us to consider differences in levels
of digital maturity, access to Al technologies, and application of Al in marketing. The purpose of this
questionnaire was to measure how marketing professionals believe that Al-based tools impact the
outcomes of social media marketing, specifically in terms of the Al's influence on the reach,
engagement, conversion, and targeting of the ads. The questionnaire included both open-ended
questions and Likert scale items that addressed Al’s role in content optimization, how it affects KPIs,
and what marketers encounter during Al adoption.
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3.3. Data Analysis Techniques

In order to understand how technological and organizational challenges affect crucial marketing
performance indicators such as Reach and Engagement, the study employed correlation and multiple
linear regression analyses. These approaches established a basis for assessing the impact of significant
Al-related issues, such as low data quality, a lack of transparency in algorithms, algorithmic bias, and
delayed responses to trends.

Following this, factor analysis was conducted to identify underlying structural barriers to Al
integration in marketing workflows that respondents may not have directly expressed. This strategy
helped uncover more profound, interconnected limitations that play a role in the surface-level
challenges identified in the regression analysis.

To further explore the timing challenges of these barriers—especially delays in Al systems'
reactions to new social media trends—variance decomposition and Bayesian modeling were applied.
These techniques provided a more detailed understanding of how data update cycles and algorithm
adaptability affect decision-making in real-time.

In parallel, logistic regression was applied to evaluate the reputational risks associated with
algorithmic bias. This is especially pertinent in the context of automated audience segmentation,
where biased results can lead to adverse consumer reactions.

Finally, the relationship between company size and perceived effectiveness of Al through chi-
square analysis was explored, providing insights into whether organizational scale plays a
moderating role in the challenges and outcomes of Al adoption in social media marketing.

4. Research Findings

4.1. Key Challenges Impacting Marketing KPIs in Al-driven strategies adoption

The regression analysis indicated that the main challenges in implementing Al-driven marketing
do not stem from algorithmic limitations, but rather from the structural and organizational
environment in which such tools are applied. Most notably, poor data quality emerged as the
strongest barrier to campaign effectiveness, showing a significant negative impact on both reach and
engagement metrics (R? = 0.68, p < 0.01). This is especially critical in the FMCG industry, where
shifting consumer preferences require fast and precise targeting. When data is outdated, fragmented,
or inaccurately labeled, Al systems struggle to deliver relevant content — resulting in missed
engagement opportunities and inefficient use of resources.

Insights from the interviews further reinforce this pattern. A senior executive at a European
FMCG company observed: “Our Al platform looked great on paper, but the underlying datasets were
messy — with duplicate entries and outdated signals, our targeting completely missed the mark.”
Similarly, a consultant working in emerging markets pointed out that many firms rely heavily on
third-party data providers, whose slow delivery often undermines Al's ability to execute micro-
targeted campaigns effectively.

After data quality, algorithmic transparency emerged as the second strongest predictor of
performance decline (R? = 0.63, p < 0.01). Nearly 80% of survey participants voiced concerns about
the opaque nature of content recommendation systems, noting difficulties in understanding how ad
placements are ranked or how performance scores are calculated. This lack of clarity hampers
informed decision-making — especially when it comes to budgeting and evaluating KPIs — and
contributes to persistent managerial skepticism about the real value of Al tools.

While algorithmic bias showed somewhat lower explanatory power (R2 = 0.50, p < 0.05), it still
emerged as a critical issue — particularly in terms of ethics and brand reputation. When left
unchecked, automated audience segmentation often led to the exclusion of minority groups or the
reinforcement of harmful stereotypes. This, in turn, triggered public backlash and undermined trust
in campaign messaging. As one respondent reflected: “We only realized we were missing entire
demographics after the social media criticism started rolling in. The Al didn’t catch it — because it
had never been trained to.”
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Taken together, these findings highlight that the effectiveness of Al in marketing depends not
only on the technology itself, but also on how well organizations are prepared to support it.
Successful implementation demands more than just advanced algorithms — it requires clean,
adaptive data systems and transparent decision-making processes. These are precisely the elements
that many FMCG firms — particularly small and medium-sized ones — still struggle to develop.

Table 1. Correlation analysis of the impact of Al-related challenges on marketing metrics.

Variable Reach Engagement P-value R?
Low Data -0.82 -0.78 <0.01 0.68
Quality

Lack of -0.79 -0.74 <0.01 0.63
Algorithmic

transparency

Slow Reaction -0.75 -0.70 <0.01 0.58
in adoption to

trends

Algorithmic -0.68 -0.65 <0.05 0.50
Bias

4.2. Latent barriers to Al-driven strategies integration

To better understand the structural challenges slowing down Al adoption in FMCG marketing,
we conducted a factor analysis. The results revealed three closely linked but distinct underlying
barriers: delays in updating models (loading = 0.71), limited integration of real-time data (0.66), and
insufficient proactive tuning of Al systems by marketing teams (0.58). These patterns suggest a
broader misalignment — not between firms and Al technology itself, but between Al capabilities and
the organizational routines needed to keep them effective in a fast-moving market environment.

The most critical barrier identified — delays in updating AI models — highlights a core
weakness in how adaptable these systems really are. In fast-moving marketing contexts like FMCG,
consumer preferences can shift in a matter of hours or days. When models are not retrained
frequently enough, they keep optimizing for outdated behaviors, leading to poor targeting and off-
timed messaging. As one interviewee put it, “Our Al was still pushing back-to-school content while
everyone had already moved on to Halloween.” This quote reflects the strategic downside of lagging
model updates, especially in campaigns where timing and trend relevance are key.

The second key barrier — limited integration of real-time data — points to an ongoing
infrastructure gap. Many firms, especially mid-sized players in the FMCG space, still lack the back-
end systems needed to process live data from various consumer touchpoints in a timely and usable
way. This limitation not only slows down decision-making but also interrupts the feedback loops
required for effective predictive Al. As one digital strategist noted, “By the time the data reaches our
model, the trend is already over — we’re reacting instead of anticipating.” These delays compromise one of
Al's main strengths: its ability to stay ahead of emerging patterns rather than simply respond to them.

The third key barrier — a lack of proactive Al tuning — reflects behavioral and managerial
inertia more than a technical limitation. In many cases, marketing teams treat Al as a fixed tool rather
than a system that needs regular calibration. Over time, this leads to algorithmic drift: as consumer
behavior changes, models become less accurate, but no retraining protocols are triggered. This “set-
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it-and-forget-it” approach points to a broader issue — gaps in Al literacy and a lack of ownership
within marketing functions. As one Al consultant put it, “Most marketing teams still treat Al like a
vending machine — you push a button and expect it to work the same every time”.

Overall, these structural barriers point to a clear conclusion: adopting Al tools is only part of the
equation. For FMCG firms to unlock real value, they also need the internal capabilities to adapt and
fine-tune these systems in real time. Without ongoing investment in automated retraining, closer
collaboration between IT and marketing, and continuous oversight of model performance, Al
solutions risk becoming outdated before they can make a meaningful impact.

Beyond the practical implications, this study also contributes to theory by introducing the
concept of Al operational responsiveness — an organization’s ability to continuously update,
personalize, and recalibrate Al systems in line with fast-changing market signals. By validating the
multidimensional nature of structural barriers, the findings expand current understandings of what
effective Al implementation requires in high-velocity business environments.

Table 2. Factors, influencing efficiency of Al adoption.

Factor Factor Mean SD Explained p-value
load variance

percentage

(%).
Delays in models 0.71 42 1.1 24.3% <0.01
updates
Limited integration 0.66 3.8 1.3 19.5% <0.05
with real-time data
Lack of proactive 0.58 3.5 1.4 16.8% <0.05
Al configuration
Lack of trained 0.52 3.2 1.5 14.2% <0.05
Personnel
Difficulty 0.61 3.7 1.2 18.0% <0.05

integrating with
existing systems

4.3. Responsiveness to Trends: Temporal Challenges

To further explore the temporal limitations of Al systems in FMCG marketing, variance
decomposition analysis was applied. As shown in Table 3, the main driver behind delayed trend
prediction was an overdependence on historical data, which explained 62% of the variance in
prediction errors (p < 0.01). This points to a deeper issue with conventional machine learning
approaches: models trained on past behavior often struggle to identify emerging trends that have not
yet appeared in the data.
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Table 3. Reasons of delays in Al-driven trends predictions.
Reason Explained  p-value Confidence Standard
variance Interval (95%) Error (SE)

ratio (%)

Dependence on historical 62% <0.01 58% - 66% 2.5%
data

Limited feedback 18% 0.03 15% -21% 1.8%
mechanisms

Lack of real-time data 20% 0.02 17% - 23% 2.1%

This issue is particularly relevant in the FMCG space, where market signals often come from
fast-moving and unstructured sources — such as viral TikTok trends, influencer mentions, or user-
generated memes. These signals typically fall outside traditional datasets and change too quickly to
be captured by batch-trained models. As one strategist put it, “The model still thinks Halloween is
coming, but consumers are already onto Black Friday — it’s always behind.”

The lack of real-time data integration and dynamic feedback loops makes the issue even more
severe, explaining 20% and 18% of the observed variance, respectively. In practical terms, this means
that even when a new trend starts to emerge, AI models may miss it — simply because they do not
receive live behavioral updates or retrain quickly enough. This delays response and challenges a key
promise of Al'in marketing: the idea that it can spot and act on micro-trends faster than humans.

To explore whether real-time updating could improve performance, we ran a Bayesian
simulation. As shown in Table 4, firms using Al models with real-time updates reduced trend lag by
an average of 55% (p <0.01). In contrast, campaigns without such capabilities showed only a minimal
reduction (5%, p =0.09).

Table 4. Bayesian forecasts of the impact of real-time updates on reducing trend lag.

Factor Effect (%) p-value Confidence Standard  Error
Interval (95%)  (SE)

Campaigns with 55% <0.01 52% - 58% 2.3%
real-time Al

models

Campaigns 5% 0.09 2% - 8% 3.1%

without real-
time Al models

4.4. Algorithmic Bias and Consumer Sentiment

In addition to technical and operational challenges, this study also points to an important ethical
concern: algorithmic bias in audience segmentation. Around 70% of survey participants expressed
worry that Al-driven targeting tends to favor certain demographic groups while excluding others —
particularly those that are already underrepresented. This issue was most common in companies that
rely fully on Al systems for segmentation, without human review or adjustment.
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Logistic regression analysis confirms this trend. As shown in Table 5, firms that used fully
automated Al segmentation were 2.3 times more likely to face negative consumer reactions (OR=2.3,
p <0.05) compared to those using hybrid or manual approaches. Even partial automation was linked
to increased risk (OR = 1.5, p =0.07), suggesting that introducing Al into the segmentation process —
even in small doses — raises the likelihood of reputational backlash.

Table 5. Influence of Al-based segmentation on consumer responses.

Factor Odds Ratio p-value  CI(95%) Standard Effect

(OR) Error Size
(SE) (Cohen's
d)

Companies relying entirely 2.3 <0.05 1.5-3.4 0.35 0.5

on Al for audience

segmentation

Companies relying partly on 1.5 0.07 1.0-2.0 04 0.4

Al for audience

segmentation

Companies that do not rely 1.0 0.30 0.8-13 05 0.2

on Al  for audience
segmentation

These results suggest that fully automated segmentation models often miss important cultural
cues, language differences, or behavioral exceptions — all of which matter in global FMCG
campaigns targeting diverse audiences. Without that contextual awareness, algorithms tend to
overfit to dominant patterns in the data, which can unintentionally reinforce existing inequalities.
One marketing lead shared, “Our Al kept targeting only young urban males. It ignored rural consumers
entirely — even though they represent a huge part of our revenue.”

The reputational risks from these blind spots can be serious. In today’s digital environment,
where consumers are increasingly aware of fairness and representation, biased ad delivery isn’t just
ineffective — it can damage a brand. People may perceive exclusionary targeting as intentional, even
if it’s just the result of opaque algorithmic logic. That perception of unfairness can erode brand trust
and loyalty, especially in FMCG contexts where buying decisions are frequent and habit-driven.

Encouragingly, the data also point to a clear path forward. Hybrid segmentation strategies —
where marketers retain control over final targeting decisions — significantly reduce the risk of
backlash related to algorithmic bias. These findings support recent research highlighting the
importance of human-in-the-loop design and algorithm auditing in ethically sensitive marketing.
Rather than relying entirely on automation, companies can benefit from feedback loops that combine
machine learning efficiency with human oversight.

4.5. Organizational Scale and Perceptions of Al

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202506.2425.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 June 2025 d0i:10.20944/preprints202506.2425.v1

11 of 19

Qualitative data from interviews provide explanatory depth. Respondents from smaller firms
often pointed to weak data infrastructure, a lack of in-house Al skills, and limited budgets for
retraining as major hurdles. As one startup founder put it: “We’d love to use advanced Al, but we don't
even have proper CRM data — it’s all in Excel files.” In contrast, participants from larger companies
described well-established Al pipelines, dedicated data science teams, and automated monitoring as
part of their standard operations.

This divide is also reflected in the quantitative results. As shown in Table 6, satisfaction with Al
tools increases significantly with company size: 72% of respondents from large firms reported being
satisfied with their Al implementation, compared to only 46% in mid-sized firms and just 42% in
small businesses (x2 =21.4, p < 0.05). The relationship is statistically significant, reinforcing the idea
that organizational resources and scale shape not only the adoption of Al, but also its perceived value.

These findings suggest that success with Al isn’t just about having the technology — it depends
heavily on organizational readiness and digital maturity. Larger firms benefit from both data volume
and internal capabilities, while smaller firms often remain constrained by legacy systems and
fragmented workflows.

Importantly, this points to company size as a moderating factor in Al outcomes. The same model
may perform very differently in an SME versus a multinational — not because of flaws in the
algorithm, but because of the surrounding infrastructure and support. This reframes Al not as a plug-
and-play solution, but as a strategic capability shaped by the organizational context in which it
operates.

Table 6. The relationship between company size and satisfaction in AL

The Size of Business Degree of p-value
Satisfaction in Al

Small Low (58% 214 <0.05
dissatisfied)

Middle Average (46% 18.7 <0.05
satisfied)

Large High (72% satisfied) 25.2 <0.01

5. Discussion

5.1. Theoretical contributions

This study deepens our understanding of how Al functions in FMCG marketing by combining
insights from technological, organizational, and behavioral perspectives. It builds on previous
research showing that data quality and algorithmic transparency are central to Al effectiveness.
While scholars like Huang and Rust (2020) and Saheb et al. (2024) have discussed the technical
complexity and opacity of machine learning tools in marketing, our findings offer empirical support:
poor data quality emerged as the most significant barrier to campaign performance (R? = 0.68, p <
0.01). By emphasizing data quality as a core issue, this research helps explain when Al enhances —
and when it hinders — consumer engagement.

Beyond this, the study expands current thinking on Al adaptability by introducing trend
responsiveness as a measurable construct. Drawing on the work of Tao et al. (2024) and Van Chau
and He (2024), who highlight the importance of real-time learning in fast-moving digital
environments, we show that 62% of Al's failure to predict emerging social media trends can be traced
to its dependence on historical data. Bayesian analysis also reveals that firms using real-time
updating models experience 55% fewer delays in adjusting their campaigns. These findings shift the
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view of adaptability from a “nice to have” feature to a critical driver of Al performance in dynamic
sectors like FMCG.

Our factor analysis identified three underlying barriers to effective Al use: delays in model
updates, limited real-time data integration, and a lack of proactive system tuning. Together, these
issues account for a substantial share of the variance in Al underperformance. Based on these
findings, we introduce the concept of Al operational responsiveness — the ability of an organization to
continuously update, fine-tune, and align Al tools with changing market conditions. The concept of
Al operational responsiveness developed in this study can be theoretically anchored in the dynamic
capabilities framework (Teece, 2007), which emphasizes an organization’s ability to adapt and
reconfigure resources in rapidly changing environments. However, our construct goes beyond
technical capability alone. It also captures the behavioral and infrastructural readiness needed to keep
Al systems effective in fast-moving environments. In doing so, it builds on earlier work on Al
maturity (e.g., Davenport et al., 2019) by offering a more multidimensional and actionable view.
Rather than treating Al deployment as a one-time setup, Al operational responsiveness highlights the
ongoing process of adaptation — connecting strategic marketing goals with the realities of dynamic
technology management. Furthermore, the findings align with the absorptive capacity theory (Zahra
& George, 2002), especially in the realm of real-time data integration and model retraining.
Organizations that successfully capture and respond to external signals—such as feedback from
engagement or shifts in sentiment—show both transformative and exploitative capabilities. This
understanding positions Al operational responsiveness as a socio-technical skill that is deeply rooted
in organizational learning and knowledge adaptation, effectively linking technological
implementation with strategic

Beyond the temporal aspects of Al, this study also explores its role in emotional marketing by
introducing the concept of algorithmic emotional responsiveness — the capacity of Al systems to detect,
interpret, and respond to consumers’ emotional states in real time. Traditional frameworks like the
Affect Infusion Model (Forgas, 1995) and Emotional Branding (Gobé, 2001) emphasize human
interpretation and delivery of emotion in brand communication.Our findings suggest that Al-driven
tools — such as sentiment analysis and dynamic personalization — are increasingly acting as
intermediaries in emotional exchanges between brands and consumers. Unlike manual approaches,
algorithmic responsiveness can operate at scale and speed, allowing brands to adjust their messaging
based on subtle shifts in audience mood. This technological mediation changes the emotional
feedback loop, pointing to the need for a new understanding of emotional marketing as not only a
human-led process, but a hybrid system involving both emotional sensing and machine-guided
adaptation.

Another important theoretical contribution of this study lies in how it addresses algorithmic bias
within the broader context of ethical marketing. While researchers like Jim et al. (2024) and Khare et
al. (2023) have raised concerns about the reputational risks of Al-driven discrimination, our findings
add quantitative weight to those concerns. Specifically, we show that companies relying entirely on
Al for audience segmentation are 2.3 times more likely to face negative consumer reactions due to
biased targeting. This moves the conversation from theory to evidence, highlighting the behavioral
consequences of algorithmic exclusion. It also challenges the idea that segmentation is just a technical
task — instead, it positions it as a strategic issue tied to brand equity and consumer fairness. By
showing the benefits of hybrid models that combine algorithmic efficiency with human judgment,
the study adds depth to ongoing discussions about responsible automation and inclusive marketing
practices.

Equally important is the organizational lens applied to Al adoption. Although Davenport et al.
(2019) and Chen et al. (2020) discuss resource disparities affecting smaller firms’ ability to adopt Al,
our chi-square analysis demonstrates a statistically significant relationship between company size
and dissatisfaction with Al outcomes (x2 = 21.4, p < 0.05). Smaller firms report higher discontent
primarily due to inadequate data infrastructure and limited access to technical expertise. These
findings position organizational scale as a moderating variable in Al performance theory, supporting
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earlier arguments by Mukhopadhyay et al. (2024) and Casidy et al. (2022) that Al success cannot be
universalized across all business types without accounting for structural readiness.

Thus, beyond confirming existing concerns regarding Al adoption in marketing, this study
introduces two distinct contributions. First, it conceptualizes and empirically measures “trend
responsiveness” as a performance-critical capability of Al in the FMCG context, differentiating
between static and real-time learning models. Second, it positions organizational scale—specifically
company size—as a moderating variable that determines Al efficacy, drawing attention to structural
inequalities in access to Al infrastructure across firms. These contributions extend current theory on
Al-based marketing from a purely technological lens to a more integrated socio-technical framework.

Lastly, the study contributes to personalization theory by empirically confirming the
performance-enhancing role of Al-driven customization. Echoing earlier work by Verma et al. (2021)
and Smit et al. (2007), our findings reveal that Al accounts for up to 72% of the variability in
engagement, supporting the idea that relevance plays a major role in user interaction. At the same
time, our results suggest that strong performance depends not just on what content is delivered, but
how quickly and transparently it's done. This adds nuance to traditional personalization models,
which often treat engagement as a direct outcome of targeting. By viewing personalization as not
only about content relevance, but also about algorithmic responsiveness and explainability, we offer
a more detailed way to understand how consumers interact with Al-powered brand experiences.
Rather than proposing a predefined theoretical model, this study builds new conceptual
understanding from empirical patterns, contributing to an emerging socio-technical view of Al in
marketing.

5.2. Practical Implications

For marketers in the FMCG sector looking to improve campaign performance with Al, data
quality needs to be treated as a core marketing concern — not just a technical issue handled behind
the scenes. Our findings show that strong data integrity has a direct impact on both reach and
engagement. While earlier studies (e.g., Huang & Rust, 2020; Saheb et al., 2024) have emphasized the
role of data in enabling AI’s predictive and personalization functions, our results go further: without
clean, regularly updated datasets, even the most advanced models struggle to perform. To address
this, marketing teams should prioritize investments in infrastructure that supports real-time data
updates, error handling, and transparent audience segmentation. In addition, using explainable AI
tools — like IBM’s Al Fairness 360 or Google’s What-If Tool — can help build internal trust and
support better cross-functional decisions (Xu et al., 2022).

Marketers should also consider building segmentation strategies that combine algorithmic
speed with human judgment — especially in campaigns involving emotional or cultural sensitivity.
Emotional branding research has shown that affective cues often shape consumer choices more
strongly than purely functional ones (Pluta-Olearnik & Szulga, 2022), and our findings support this.
Campaigns tend to perform better when marketers stay involved in shaping the message, ensuring
it aligns with social context and brand values. Instead of aiming for full automation, brands may
benefit more from hybrid approaches — where Al provides data-driven insights, but final decisions
are refined by people who understand the nuances of their audience.

We also found that campaigns using Al systems with real-time learning capabilities delivered
stronger engagement — supporting earlier research on the importance of responsiveness in Al-
powered marketing (Tao et al,, 2024; Van Chau & He, 2024). For marketing teams, this means
investing in platforms that offer dynamic feedback integration, automated A/B testing, and flexible
budget adjustments throughout the campaign. These features are especially valuable in the FMCG
sector, where timing and relevance are closely linked, and opportunities to engage consumers often
emerge — and disappear — quickly.

Building on personalization research that highlights the importance of perceived individual
attention (Tam & Ho, 2005; Smit et al., 2007), we recommend that marketers integrate sentiment
analysis and behavioral signals into their personalization strategies. This helps ensure that content
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feels not just relevant, but also empathetic and sensitive to the consumer’s context. Tuning
personalized content to reflect emotional tone can strengthen brand relationships — especially in
competitive FMCG categories, where loyalty depends on more than just price or convenience.

Finally, our findings show that Al adoption needs to fit the scale and structure of the
organization. Larger firms often have the resources to build in-house Al teams and governance
systems. In contrast, small and mid-sized companies may benefit more from shared data platforms
or cloud-based tools that are easier to scale (Hermann & Puntoni, 2024). Regardless of size, one thing
is clear: Al's impact on marketing performance doesn’t depend only on the technology itself, but on
how well it’s integrated into a company’s broader strategy — including ethical standards, agility, and
cross-team collaboration.

6. Conclusion

6.1. Summary of Key Findings

The findings reveal that poor data quality, limited algorithmic transparency, and delayed system
adaptation are not isolated technical issues, but reflect deeper structural challenges in how Al is
governed and maintained. These limitations are especially critical in fast-paced sectors like FMCG,
where timing and personalization directly affect campaign outcomes.

A key contribution of this study is the conceptualization of Al operational responsiveness—the
organization’s ability to continuously adapt, retrain, and recalibrate Al systems in alignment with
evolving consumer signals. Companies that treat Al as a static, one-time deployment are more likely
to experience drift, performance decay, and consumer disengagement. Conversely, firms that
maintain dynamic feedback loops, real-time data streams, and hybrid oversight models demonstrate
stronger marketing outcomes.

The research also highlights the ethical and reputational risks of algorithmic bias, especially
when audience segmentation is fully automated. The data show that hybrid models combining
machine efficiency with human sensitivity are significantly more effective in avoiding exclusionary
targeting and preserving brand trust.

Importantly, company size emerges as a moderating factor. Smaller firms, often lacking in data
infrastructure and internal capabilities, face greater obstacles to effective implementation. This points
to a broader digital divide that must be acknowledged in both academic theory and industry practice.

Ultimately, this study reframes Al-driven marketing not as a question of whether firms adopt
Al, but how intelligently, ethically, and responsively they do so. Al marketing in the FMCG sector
requires not just advanced tools but a readiness to adapt, a willingness to govern with transparency,
and a strategic alignment between technology and organizational capability.

6.2. Limitations and Future Research Directions

While this study contributes to our understanding of Al adoption in FMCG marketing, it also
opens up several avenues for future research. At first, there is a need to further develop the concept
of Al operational responsiveness. Although the current work introduces this construct and supports
it through both factor analysis and case study insights, additional research is necessary to refine its
definition and measurement. In particular, scholars could work toward building a robust scale by
identifying and validating key dimensions—such as the frequency of data updates, retraining cycles
for Al models, mechanisms for cross-functional coordination, and the integration of feedback loops.
Establishing a reliable, psychometrically sound scale would allow researchers to assess the maturity
of adaptive Al implementation across different organizational contexts.

In addition, future research should seek to unpack the causal mechanisms that link Al
capabilities to specific marketing outcomes over time. Given that this study is based on cross-
sectional data, it does not allow for strong inferences about temporal dynamics. Longitudinal studies
would be well-suited to examining how features like real-time responsiveness, explainability, or
ethical oversight in Al systems influence consumer engagement and brand performance throughout
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various stages of a marketing campaign. Such research could also reveal whether certain Al-driven
effects emerge gradually or accumulate over time—an increasingly important consideration in digital
settings where consumers continuously learn and adapt.

Another promising direction involves a closer examination of the human-Al interface in
marketing decision-making. There is growing interest in how hybrid governance models function in
practice, as well as how marketers’ digital literacy and trust in Al influence their use of these tools.
Future studies could also delve into the psychological impacts of Al-assisted decisions within
marketing teams—particularly in ethically sensitive areas like audience targeting or emotional tone
calibration.

Finally, future investigations should explore how Al adoption interacts with broader firm-level
capabilities. Factors such as marketing agility, organizational learning, and leadership support may
play a moderating role, helping to explain why the same Al tools produce varying outcomes across
firms. Building theory in this space could benefit from established perspectives, including dynamic
capabilities, the resource-based view, and marketing capability frameworks. Theory development in
this area could draw on dynamic capability theory, resource-based views, or marketing capability
frameworks, linking Al adoption to broader questions of competitive advantage.
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institution. As such, formal review and approval by an Institutional Review Board (IRB) or
equivalent ethics committee was not obtained. Nonetheless, the study adhered to the ethical
standards outlined in the Belmont Report and the Declaration of Helsinki.

**Respect for Persons**

Participants were fully informed about the nature and goals of the study, the voluntary nature of
participation, and their right to withdraw at any time without penalty. Informed consent was
obtained prior to participation. Written consent was secured for the survey portion, and verbal
consent was documented for interviews.

**Beneficence**

The study involved minimal risk. The questions posed during both the survey and interviews did
not include sensitive or invasive topics. Steps were taken to ensure anonymity and data
confidentiality. All identifying information was excluded from transcripts, notes, and analyses.
**Tustice**

Participants were recruited based on their relevance to the research questions. No vulnerable
populations were targeted or included. The goal of the research is to contribute to advertising
practices that are more responsive to consumer perspectives, which benefits both industry and the

public.
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