sclE"TIFIc SCIENTIFIC CULTURE, Vol. 12, No. 2.1, (2026), pp. 13838-13848 @

BII lTI'HE Open Access. Online & Prin

www.sci-cult.com

DOI: 10.5281/zenod0.20463574

DECODING DYNAMIC CULTURAL IMPRINTS IN
DIGITAL CONSUMPTION: PARSING HETEROGENEOUS
CONSUMER BEHAVIOR AND ENABLING MARKETING
PRECISION VIA MULTIMODAL FUSION, CLUSTERING,

AND XAI-ENHANCED VISUALIZATION

Zhengqi Sun'*

1Physical Sciences Division, University of Chicago, Chicago, IL 60637, USA, 0009-0004-7935-9944,
zqsunedu@163.com

Received: 04/04/2026 Corresponding Author: Zhengqi Sun
Accepted: 20/05/2026 (zqsunedu@163.com)
ABSTRACT

As digital technology becomes increasingly embedded in daily life, understanding the interplay between culture
and consumer behavior has become an important focus for researchers and practitioners. Against this
backdrop, the present study investigates how consumer actions and marketing strategies adapt in the digital
consumption era by integrating and analyzing multimodal data, including social media text, product images,
and behavioral records. To capture the complexity of such data, established methods in natural language
processing and computer vision are utilized to extract and synthesize relevant features from diverse sources.
Building on these extracted features, clustering and association rule mining are applied to identify common
patterns and to segment consumer groups with greater precision. Furthermore, in order to clarify the role of
culture, hierarchical regression models are employed to assess how cultural variables relate to consumer
responses and marketing outcomes; these analyses are further enhanced by the use of explainable machine
learning techniques, which improve the interpretability of the results. The findings demonstrate that consumers
from different cultural backgrounds exhibit distinct behavioral tendencies and respond to digital marketing
content in varied ways, especially with regard to preferences for visual styles, communication formats, and
product attributes. In light of these results, the study suggests that marketers consider customizing digital
campaigns and content formats to better align with the values and communication preferences of target
cultural segments, as such adaptation is likely to improve consumer engagement and campaign effectiveness
in increasingly diverse digital markets. Finally, the study highlights opportunities for future research to further
leverage multimodal analytics in exploring cultural adaptation across a wider range of consumption contexts.
KEYWORDS: Multimodal Consumer Analytics, Cultural Behavior Segmentation, Explainable Al Marketing,
Cross-Cultural Pattern Mining, Visual Decision Intelligence.
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1. INTRODUCTION

The pervasive integration of digital technology
into daily life has fundamentally transformed
consumer behavior, creating a complex interplay
between cultural influences and digital consumption
patterns.  Digital technology, including its
omnipresent connectedness and its powerful
artificial intelligence, is the most recent long wave of
humanity’s  socioeconomic  evolution[1]. As
individuals increasingly engage with digital
platforms for shopping, social interaction, and
content consumption, their preferences and decision-
making processes are shaped not only by personal
tastes but also by deep-rooted cultural imprints.
Understanding these dynamics is critical for both
academic research and marketing practice, as
cultural factors often dictate how consumers
interpret visual cues, respond to messaging, and
navigate digital touchpoints. Traditional consumer
behavior models, however, frequently overlook the
nuanced ways in which culture manifests in
multimodal digital interactions, necessitating a more
sophisticated analytical approach.

Existing research on digital consumer behavior
has predominantly relied on single-modality data,
such as textual reviews or purchase histories, which
fails to capture the richness of cross-cultural
consumption signals. Digital consumer behavior is a
marketing field that examines consumers' behavior
in online environments on digital platforms [2]. In
recent decades, the Internet, evolving technologies,
and social media have led to the evolution of
consumer behavior[3]. While these methods provide
valuable insights, they often neglect the critical role
of visual and behavioral data in shaping consumer
decisions. Moreover, cultural dimensions in prior
studies are typically oversimplified, relying on broad
categorizations rather than granular, data-driven
segmentation. This limitation hinders the ability to
identify heterogeneous consumer groups with
distinct cultural affinities and behavioral tendencies.
The challenge is further compounded by the lack of
interpretability in many machine learning (ML)
models, making it difficult for marketers to translate
analytical findings into actionable strategies. ML is
widely used in software to enable an improved
experience with the user [4]. Many reasons have been
given to explain  why “explicability,”
“interpretability,” and/or “transparency” are
important desiderata: If we do not know how ML
algorithms work, we cannot be sure that they will not
fail, perhaps catastrophically so, when used in real-
world environments [5]. Addressing these gaps
requires an integrated framework that combines

multimodal data fusion, advanced clustering
techniques, and explainable AI to decode the
intricate relationship between culture and digital
consumption.

This study seeks to bridge these gaps by
developing a comprehensive analytical framework
that leverages multimodal data, including social
media text, product images, and behavioral logs, to
uncover culturally driven consumption patterns. By
employing mnatural language processing and
computer vision techniques, the research extracts
and synthesizes semantic, visual, and sequential
features from diverse data sources. These features are
then analyzed through hybrid clustering methods to
identify culturally distinct consumer segments, while
frequent pattern mining reveals recurring
associations between cultural traits and consumption
behaviors. To enhance interpretability, hierarchical
modeling and explainable Al techniques are applied
to assess how cultural variables influence marketing
outcomes, enabling the generation of transparent,
data-driven insights.

The implications of this research extend beyond
academic contributions, offering practical value for
marketers operating in culturally diverse digital
markets. By identifying key cultural differentiators in
consumer behavior, the study provides a foundation
for tailoring digital campaigns to align with the
values and communication preferences of specific
cultural segments. Furthermore, the integration of
explainable Al and visualization tools ensures that
insights are not only statistically robust but also
accessible to decision-makers. Ultimately, this
research advances the understanding of cultural
dynamics in digital consumption while equipping
practitioners with a scalable methodology for
precision marketing. Future work may explore the
application of this framework across broader
consumption contexts, further refining the
intersection of culture, technology, and consumer
behavior.

2. RELATED WORKS

2.1. Cultural Dimensions in Digital Consumer
Behavior

The application of Hofstede’s cultural dimensions
theory to digital consumption contexts has revealed
critical limitations in static cultural categorization.
Hofstede’s cultural dimensions theory refers to cross-
cultural differences in organizational and national
culture defined as “the collective programming of the
mind that distinguishes the members of one group or
category of people from others” [6]. Hofstede’s
Cultural Dimensions Theory provides a framework
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for understanding how cultural values influence
communication patterns in different societies [7].
While individualism-collectivism and power
distance indices effectively explain offline
purchasing behaviors, their direct translation to
digital platforms often fails to capture dynamic
cultural imprints in multimodal interactions. For

instance, high-context cultures (e.g., East Asian
consumers) exhibit stronger visual symbolism
preferences in product images, whereas low-context
cultures (e.g., Nordic consumers) prioritize textual
specifications. This divergence is quantified in Figure
1, which maps cultural dimensions to digital content
engagement patterns.

Cultural Dimension Impact on Digital Content Engagement
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Figure 1: Cultural Dimension Impact on Digital Content Engagement.

Empirical studies further highlight that cultural
response heterogeneity necessitates granular
segmentation beyond country-level stereotypes.
Table 1 contrasts traditional vs. digital-native

cultural metrics, demonstrating how behavioral logs
(e.g., time-on-content) provide more discriminative
power than survey-based cultural scores.

Table 1: Comparative Analysis of Traditional vs. Digital-Native Cultural Metrics.

Metric Type

Data Source

Measurement Approach

Cultural Dimension
Coverage

Granularity Limitations

Traditional

Survey questionnaires

Likert-scale Hofstede
scores

6 predefined dimensions

Country-level aggregation

Digital-Native

Behavioral logs

Image saliency analysis

Emergent visual
semantics

Individual-level signals

Social media text

NLP sentiment-polarized
terms

Contextual cultural values

Cross-platform variance

Purchase sequences

Markov chain modeling

Decision-making

Temporal dynamics

hierarchies

2.2. Multimodal Data Fusion in Marketing Analytics

The evolution of joint text-image-behavior
analysis has progressed through three distinct
phases, as illustrated in Figure 2. Early approaches
relied on manual feature engineering (2010-2015),
followed by unimodal deep learning (2015-2020), and
currently converge on cross-modal transformer
(CMT) architectures. CMT has a strong robustness
even if the LiDAR is missing [8]. Notably, visual
semantics extraction now achieves 89% accuracy in

identifying culture-specific color palettes (e.g., red
dominance in Chinese festive marketing), while
Natural Language Processing (NLP) models detect
subtle linguistic cues like pronoun usage patterns
that correlate with individualism scores. NLP stands
halfway between computer science computational
linguistics, and it is dedicated to the conversion of
written and spoken natural human languages into
structured mineable data [9]. NLP has recently
gained much attention for representing and
analyzing human language computationally [10].
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Figure 2: Evolution of Multimodal Consumer Analytics (Sankey Diagram).

Consumer profiling techniques have advanced
significantly ~ from  traditional = demographic
clustering to modern hybrid embeddings, with the
most effective approaches validated by e-commerce
case studies combining visual attention heatmaps for
Ul optimization, temporal convolution networks for
journey phase detection, and knowledge graphs that
link cultural symbols to purchase triggers.

2.3. Explainable Al in Cross-Cultural Marketing

Recent breakthroughs in XAI have enabled
decomposition of "black-box" cultural influences
through two primary methodologies: model-
agnostic techniques (e.g, SHAP) for global
interpretability, and surrogate models (e.g., LIME)
for local decision tracing. Explainable artificial
intelligence (XAI) aims to provide a suite of machine
learning techniques that enable human users to
understand, appropriately trust, and produce more
explainable models [11]. One popular algorithm to
provide interpretability is LIME (Local Interpretable
Model-Agnostic Explanation) [12]. The SHapley
Additive exPlanations (SHAP) framework is
considered by many to be a gold standard for local
explanations thanks to its solid theoretical
background and general applicability [13-15]. Figure
3’s flowchart demonstrates how these methods
integrate with cultural analytics, revealing that
power distance scores disproportionately affect

premium product click-through rates in hierarchical
societies. The ethical implementation of these
methods requires explicit alignment with established
compliance frameworks including GDPR for
European data subjects and FERPA for educational
records. Our data governance protocol incorporates
anonymization thresholds and differential privacy
safeguards, though future work should formalize
audit procedures for algorithmic fairness across
cultural subgroups.

Multimodal Input

v

Clustering
Segment 1 ; Segment 2
{ !
SHAP Analysis LIME Analysis

! |

v
Cultural Driver:
Uncertainty Avoidance
(A35% impact)

Local Rule: Gold accents
—+22% conversion

Figure 3: XAI Cultural Interpretation Pipeline
(Flowchart).
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Commercial applications are increasingly
adopting visualization dashboards that integrate
cultural insights with real-time performance metrics,
with leading tools like Tableau's Culture Lens
module utilizing chord diagrams to visualize cross-
cultural content flow, 3D scatter plots to map
cultural-behavioral embeddings, and time-wheel
displays for analyzing seasonal patterns[16-18].

3. METHODOLOGY

The methodology integrates multimodal data
fusion, hybrid clustering, and XAI to decode cultural
imprints in digital consumption behaviors.
Multimodal data fusion is an approach for combining

Social Media Text

BERT Cultural Embedding

ResNet-50 Feature
Extraction

I—

Product Images

}

|

single  modalities to  derive  multimodal
representation [19]. XAl is an established field with a
vibrant community that has developed a variety of
very successful approaches to explain and interpret
predictions of complex machine learning models
such as deep neural networks [20]. Figure 4
illustrates the comprehensive analytical pipeline that
processes textual, visual, and behavioral data
through a cascaded architecture to generate
interpretable marketing insights. This systematic
approach enables the identification of culturally
nuanced consumer segments while maintaining
computational transparency through mathematical
formalism and interactive visualization.

Behavior Logs

LSTM Sequence Encoding

«-—"

Cross-Modal Fusion Layer

l

UMAP Projection

l

Hybrid Clustering

|

FP-Growth Pattern Mining

l

Multilevel Regression

1

SHAP/LIME Interpretation

|

Interactive Dashboard

Figure 4: Multimodal Cultural Analytics Framework.

The multimodal data fusion framework processes
three primary data streams through domain-specific
feature extractors. Social media text undergoes
culture-sensitive embedding transformation using a
modified BERT architecture that amplifies cultural
lexicon through learned attention weights. This
process generates contextual vectors that encapsulate

both semantic meaning and cultural valence:
¢ = Transformer (x,)®A - Diag(w)I(t €V,) (1)

where V, denotes the cultural vocabulary set and

w, represents trainable cultural importance weights.
Product images are processed through a ResNet-50
backbone with culture-specific attention gates that
highlight symbolic visual elements:

v, = AttnPool(ResNet(I),m.) where m, =
o(Wglhsz]) )

Behavioral sequences are encoded using temporal
convolutional networks with multi-head self-
attention to capture long-range dependencies in
consumption pathways:
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h, = TCN(s) - So ftmax(%) 3)

The feature unification layer employs cross-modal
contrastive learning to align the heterogeneous

representations into a shared latent space. Figure 5
demonstrates the effectiveness of this alignment
through t-SNE projection of the unified feature space,
revealing clear cultural clustering patterns.

t-SNE Feature Space Projection

0.208 — P1

Collectivist Cluster FO 250.75—| P2

0802 —| P4

Individualist Cluster

0.85015—+ P&

//(

Uncertainty-Averse —— 0406 —| P8

0.35,0.65—| P9

0.15,0.85—| P3

075025 PS5

0307 —| P7

Figure 5: t-SNE Projection of Unified Cultural Feature Space.

Consumer segmentation adopts a hierarchical
clustering approach that combines density-based
and centroid methods. The primary clustering stage
uses adaptive DBSCAN with culture-aware
neighborhood criteria:

1
Yieg i — ucllz + a - Entropy(C.) 4)

€=
€ Gl

where C, represents the cultural label distribution
within candidate clusters. Subsequent refinement
applies spherical k-means with silhouette-optimized
cluster counts:

b()—a(i

=1 max((t)z(iy(b)(i)) ©)

Association rule mining discovers cross-modal
behavioral patterns through an extended FP-Growth
algorithm that incorporates cultural context as first-

1
k™ = arg max-
g max: %,

class citizens in the itemset lattice:

t(AUBUC)
supp(4 = B|C) = % (6)

The hierarchical impact modeling framework
decomposes cultural effects across three analytical
levels. At the macro level, national cultural scores
interact with marketing response variables:

Yij = Bo + B1Hof stede; + yX;; + €;; (7)

Mesolevel analysis incorporates subcultural
factors through random effects:

Boj = Yoo + Y01Gj + ug; where uy;~N(0,07)
®)

Microlevel individual differences are captured via
gradient boosted decision trees with Shapley value
decomposition:

[SIANT=|S|=1)!

bi = Xsemy i FEu{h-fS1
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While the framework demonstrates robust
performance across validation datasets, we
additionally conducted paired t-tests to formally
assess comparative advantages over baseline models.
The results confirmed that the improvements
achieved by the proposed framework are statistically
significant (p < 0.05), thereby reinforcing the

empirical validity of our claims.

The visual analytics system renders these insights
through three coordinated views, as shown in Figure
6. The cultural atlas provides geospatial clustering,
the dependency graph reveals feature interactions,
and the strategy simulator projects intervention
outcomes.

MARKETING
STRATEGY
targets
CULTURAL ARCHETYPE
string archetype ID
string hofstedeProfile
float[ ] embedding Vector
exhibits
BEHAVIORAL PATTERN
string pattern ID
string modality
float confidence

Figure 6: Visual Analytics System Architecture.

This methodology provides marketers with both
the computational tools to identify cultural
consumption patterns and the interpretability
frameworks to translate these insights into actionable
strategies[21-23]. The tight integration of
mathematical modeling and visual exploration
addresses the dual challenges of analytical rigor and
practical applicability in global digital marketing
contexts[24-25].  Each  component's  outputs
systematically feed subsequent modules, creating a

closed-loop analytics system that bridges cultural
theory and marketing practice.

4. ANALYSIS AND FINDINGS

The analytical results reveal three distinct cultural
archetypes through hybrid clustering analysis. As
presented in Table 2, East Asian high-context clusters
exhibit fundamentally different consumption
patterns compared to Nordic low-context groups
across all modalities. The high-context cohort

SCIENTIFIC CULTURE, Vol. 12, No 2.1, (2026), pp. 13838-13848
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demonstrates 73% higher engagement with implicit
visual symbolism and 2.1 times longer decision
cycles, while low-context consumers show 68%
higher click-through rates on explicit feature

comparisons. These findings validate the hypothesis
that communication style preferences are deeply
embedded in cultural conditioning.

Table 2: Cross-Cultural Consumption Pattern Comparison.

Metric High-context (n=1,842) Low-context (n=1,309) Ratio (HC/LC)
Symbolic Image CTR 34.2% +1.8 19.7% +1.2 1.73
Technical Spec CTR 12.6% 0.9 21.4% 1.5 0.59
Decision Duration 52.3h +6.2 25.1h +3.8 2.08
Social Proof Impact +42% uplift +18% uplift 2.33

Visual

preferences

demonstrate  strong

correlations with Hofstede's cultural dimensions.
Figure 7 illustrates these relationships through a
radial coordinate visualization, where the angular
position represents cultural dimensions and radial
distance indicates effect size. High power distance

cultures (PDI>60) exhibit 3.7 times stronger response
to hierarchical product arrangements, while low PDI
groups show 2.9 times greater conversion rates for
egalitarian layouts. This pattern persists across all
visual design elements, confirming the need for
culture-specific creative development.

Cultural Dimension Impact on Visual Engagement

3.6 4
3.4 -
3.2 4

2.8 -
2.6 4
2.4 4
2.2 1

Engagement Multiplier

1.8
1.6
1.4
1.2 4

Low-context Cultures

High-context Cultures

v
Individualism

Power Distance  Uncertainty Avoidance Long-term Orientation

Figure 7: Cultural Dimension-Visual Preference Relationship Network.

Frequent pattern mining uncovers consistent
multimodal behavioral signatures, with the strongest
association  (lift=4.21)  connecting  collectivist
markers, family-oriented visuals, and extended
decision cycles. Table 3 details the top five culturally
specific patterns, revealing how textual sentiment

mediates  visual-behavioral relationships. The
collectivist pattern CP-01 demonstrates how cultural
values manifest through specific content interactions,
with 79% confidence that family scene exposure
leads to delayed purchasing in high-context groups.

Table 3: Top Culturally Specific Behavioral Patterns.

Pattern ID Cultural Cluster Visual Trigger Behavior Sequence Lift Score
CP-01 Collectivist Multi-generational  |View—Compare—Delay—Buy 4.21
CP-02 Individualist Solo Usage Scene Click—Read—AddCart 3.78
CP-03 High-UNC Certification Badge | RepeatView—FAQ—Purchase 3.55
CP-04 Low-IND Group Discount Share—Consult—Collect 3.42
CP-05 High-MAS Luxury Symbolism Wishlist—Compare—Splurge 3.29

The hierarchical modeling reveals culture's
analytical

cascading influence

acCross

levels.
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while mesolevel religious factors moderate the
individualism-pricing  sensitivity =~ relationship.
Microlevel  decision trees identify optimal
intervention timing, with social proof most effective

at the third touchpoint for collectivists versus first
touchpoint for individualists. These insights are
synthesized in Table 4, which quantifies differential
feature importance across segments.

Table 4: Culturally Variable Feature Importance.

Cultural Dimension Textual SHAP Visual SHAP Critical Threshold
High-context 0.21 +0.04 0.37 £0.05 22 cultural symbols
Low-context 0.43 +0.06 0.22 +0.04 >3 technical comparisons

High-UNC 0.29 +0.05 0.35 +0.06 >] certification seal

An unexplored vulnerability lies in potential
adversarial manipulation of explanation methods;
malicious actors could engineer input perturbations
to distort SHAP/LIME interpretations. Subsequent
research should evaluate robustness against such
attacks through systematic stress-testing of
explanation stability under controlled noise injection
scenarios.

These findings translate into actionable marketing
recommendations. For high power distance markets,
hierarchical displays with authority endorsements
yield 89% predicted uplift. Individualist segments
respond best to feature matrices, achieving 72% lift
when presenting >3 comparative attributes. The
analysis conclusively demonstrates that culturally
calibrated strategies outperform generic approaches
by 2.4-4.3 times across key performance indicators,
validating the multimodal framework's precision in
decoding cultural consumption patterns.

5. CONCLUSION

The study presents significant theoretical
contributions by advancing a novel multimodal
framework for extracting culturally embedded
consumption patterns, integrating textual, visual,
and behavioral data through synergistic analytical
techniques. The methodology establishes a
groundbreaking approach to cultural feature
extraction, where mnatural language processing
amplifies cultural lexicon through attention-
weighted BERT architectures, computer vision
isolates symbolic visual elements via culture-specific
attention gates, and temporal convolutional
networks capture decision-making hierarchies in
behavioral sequences. This tripartite fusion
overcomes the limitations of unimodal analyses
prevalent in prior research, enabling the
identification of nuanced cultural archetypes that
traditional methods fail to discern. Furthermore, the
research makes substantial strides in explainable Al
applications for cross-cultural marketing by
developing a hierarchical interpretation system that
combines model-agnostic techniques with surrogate
modeling, effectively bridging the gap between

black-box predictions and actionable cultural
insights. The theoretical framework demonstrates
how cultural dimensions dynamically manifest
across digital consumption contexts, particularly
through quantified relationships between Hofstede's

indices and multimodal engagement patterns,
thereby enriching the discourse on cultural
imprinting in  digital environments.  The
methodology warrants validation across

heterogeneous institutional settings, particularly
comparing collectivist-oriented Asian universities
with individualist-dominated Western campuses to
assess cultural transferability.

From a practical standpoint, the findings offer
immediately applicable strategies for global
marketers operating in culturally diverse digital
markets. The identification of three distinct cultural
archetypes  high-context, = low-context,  and
uncertainty-avoidant clusters provides empirical
justification for developing dynamic cultural
dashboards that visualize key differentiators in
consumer preferences and decision pathways.
Marketing practitioners can leverage these insights to
implement glocalization strategies that balance
global brand consistency with local cultural
adaptation, particularly in visual content design
where the study reveals dimension-specific response
patterns. For instance, the framework prescribes
hierarchical product arrangements for high power
distance markets and feature matrices for
individualist segments, with predicted performance
uplifts ranging from 72% to 89%. The integrated
visual analytics system, comprising cultural atlas
geospatial clustering, dependency graphs, and
strategy simulators, equips decision-makers with
tools to translate analytical findings into culturally
calibrated campaigns. These applications address the
pressing industry need for scalable solutions that
maintain marketing precision across heterogeneous
cultural contexts while remaining interpretable to
non-technical stakeholders.

Despite these advancements, the study
acknowledges several limitations that warrant
consideration in future research. The current
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framework primarily analyzes structured and semi-
structured digital traces, potentially overlooking
subtle cultural expressions in emerging unstructured
data formats such as augmented reality interactions
or voice commerce dialogues. The temporal
dimension of cultural adaptation presents another
constraint, as the methodology does not fully account
for real-time cultural shifts that may occur during
rapid market disruptions or generational value
changes. The ethical dimensions require expanded
consideration of operationalized fairness
frameworks like AI Now Institute's algorithmic
impact assessments and IEEE's certification
processes. Implementing standardized cultural bias
mitigation checklists during model development
would strengthen responsible deployment across

expand the multimodal scope to incorporate
physiological response data and ambient computing
signals, while addressing the technical challenges of
building adaptive systems that continuously update
cultural models. Additional research avenues
include exploring subcultural microsegments at
greater granularity, validating the framework across
broader consumption contexts beyond the studied
domains, and developing standardized metrics for
assessing cultural calibration effectiveness. The
study ultimately advances both academic
understanding and practical implementation of
culturally intelligent marketing, providing a robust
foundation for future explorations at the intersection
of cultural theory, multimodal analytics, and digital
consumption.

global markets. Subsequent investigations could
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