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ABSTRACT

This meta-analysis explores Al-generated visual communications and deep learning in national
cultural branding and examines whether Al-generated designs can effectively produce culturally
relevant and engaging brand identities. The study reveals that Al-generated designs have a mean
accuracy rate in recreating cultural patterns at 88.5% and perform better than traditional means in
public interactions, with click-through rates being 50% higher and user interaction longer. Al-
generated designs score lower in terms of cultural authenticity (7.2/10) than human-designed
elements (8.6/10) due to limitations in interpreting subtle cultural contexts and evoking emotions.
Techniques such as Generative Adversarial Networks (GANSs) and Convolutional Neural Networks
(CNNs) have great potential, with GANs being robust in visual appeal and CNNs in pattern
detection. The findings emphasize that Al's computational power can be blended with human
knowledge to ensure cultural authenticity and public acceptance. This study concludes that Al can
aid in cultural branding, but a balanced approach combining technology and human imagination
can be used to generate effective and powerful national identities.
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INTRODUCTION

In the era of breakneck pace globalization and technological transformation, national cultural branding has
also become one of the key tools in differentiating nations in today's times. There has been a surge of Al and deep
learning technologies, and nations can create new creative, knowledge-based, and culturally tailored brand
identifications with the help of Al-based visual communications. Quoting Business Research Company's report,
the generative Al market of creative industries has increased from about $3.08 billion in 2024 to $4.09 billion in
2025, with a compound annual growth rate (CAGR) of 32.8% in 2025 [2]. However, growth has been thanks to
Al adoption and national brand agencies that use machine learning algorithms to review and create culture-specific
designs [2]. In addition, Al-based generative adversarial networks (GANS) and convolutional neural networks
(CNNSs) can generate images that are likable to the country's culture, enabling the institute of reach and visibility
across the globe [3].

Cultural branding conveys visual narratives to portray national heritage, identity, and values. Traditional brand
processes have utilized manual design processes, professional consultations, and heritage narratives to create logo
designs, motif designs, and campaign imagery. Some of the largest organizations in the world have come to
understand that they must rethink the visual lexicon of their products and services and reimagine their brand
identity. Al-based data-driven brand models, however, utilize deep learning algorithms for scanning millions of
cultural artifacts, history trends, and consumer activity points [4]. In 2022, Jochen Hartmann, Yannick Exner, and
Samuel Domdey found that Al-generated visual brand elements receive 50% more engagement than traditionally
designed content [5]. This shows how Al can define national cultural identity.

Despite these developments, gaps in Al contribution to cultural branding persist. Research has confirmed that
Al does not cover authenticity, cultural awareness, and acceptability in society. Most people feel uncomfortable
with Al-generated cultural symbols due to originality and human touch. This can be witnessed in Hall and
Schofield's research in 2025, whereby it was confirmed that human work was highly preferred. Hall and Schofield
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confirmed that Al-generated work was preferred by about 45%, indicating increasing acceptability [6].
Organizations like the European Union Intellectual Property Office (EUIPO) have already weighed in on Al-
generated brand content ethics [7]. This has further prompted calls for regulation.

This research addresses these gaps by conducting a meta-analysis of Al-based visual brand methods to
determine whether they can be successful in a nation's national culture construction and in constructing strategic
frameworks concerning Al's application in such brand construction. This research will explore how Al can be
applied to improve cultural brand construction without making it appear manufactured and simultaneously be
accepted by society by looking into computational analysis, case studies, and empirical results.

METHODOLOGY

Using a meta-analysis approach, this study systematically reviews and synthesizes existing research on using
artificial intelligence (Al) in national cultural branding. This approach enables the compilation of data from
various studies to reach a collective conclusion on the outcomes of Al-driven visual communication and deep
learning techniques for the formation of national identity. During the process of selecting the relevant studies that
would revolve around the usage of Al in branding, design, and cultural identity formation, relevant studies were
identified, screened, and assessed for eligibility.

Peer-reviewed articles, conference papers, industry reports, and government reports between 2015 and 2025
were used as sources of information in this research. They were obtained from academic journals such as IEEE
Xplore, Springer, Scopus, and Google Scholar, as well as market intelligence reports from McKinsey & Company,
Deloitte, and Business Research Company. The study incorporated search terms like 'Al in cultural branding,’
'deep learning for national identity," 'Al-driven design,' and 'machine learning in visual communication.'

The studies selected had to fulfill inclusion criteria, including empirical data, computational models, or case
studies to study Al effectiveness in national cultural brand design. The research focused solely on traditional
branding methods without pairing them with Al was excluded. To ensure statistical validity, the data was extracted
and coded into the primary themes, such as Al-generated design accuracy, public perception and level of
engagement, cultural authenticity assessment, and comparison with human-designed brand elements. Engagement
rate measures included click-through rates (CTR), user interaction time, and social media and consumer survey
sentiment analysis were used to validate engagement rates. To validate computational, generative adversarial
networks and convolutional neural networks were used to test whether they could produce culturally appropriate
brand assets.

A benchmark framework was set to compare Al-generated designs with traditional branding outputs regarding
aesthetic value, cultural appropriateness, and public acceptability. Statistical techniques such as regression
analysis and machine learning-based clustering were used to identify trends and patterns in Al-generated branding
effectiveness. This meta-analysis offers a framework against which to study how Al can be leveraged to improve
national cultural branding, considering ethical and constraining aspects involved in these new technologies.

RESULTS

In this study, the meta-analysis was a systematic and comprehensive review and synthesis of the data from
multiple sources, including peer-reviewed articles, conference papers, industry reports, and government
publications, to evaluate the impact of Al-driven visual communication and deep learning techniques on national
cultural branding. Below are the results, accompanied by data tables and statistical data, which provide a
comprehensive picture of how cultural brand construction relies on Al.

Al Familiarity and Trust in Technology

Cristina Gutiérrez's study explores how people engage with art, are familiar with Artificial Intelligence (Al),
and what they believe about technology. The responses indicate that 39% of participants engage with art rarely,
while 26.8% do so frequently and 34.1% do so occasionally. 41.5% said they had a neutral stance, 36.6% admitted
limited familiarity, and 22% said they were very familiar with Al in art [8]. Only 80.5% were neutral, and just
19.5% had full trust in the technology when asked about their level of trust [8]. Finally, as for big-picture
familiarity with Al, the number stood at 44% high familiarity, 34.1% neutral, and 19.5% admitted slight
knowledge [8]. The detailed breakdown of responses is presented in the table 1 below:
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Response Option Percentage (%)
How frequently do you engage with art in your daily life? Rarely 39.0
Frequently 26.8
Occasionally 34.1
How familiar are you with Artificial Intelligence (Al) Neutral 41.5
being used in creating art? Not much 36.6
Very familiar 22.0
How much would you say you trust technology? Neutral 80.5
A lot 19.5
How familiar are you with the concept of Artificial A lot 44.0
Intelligence (Al)? Neutral 34.1
Not much 19.5

Table 1: Response Breakdown

Al-Generated Design Accuracy

One of the main goals of this study was to look into the accuracy of Al-generated designs in terms of
architectural and cultural elements. Al-generated designs achieved an average accuracy rate of 88.5% in
reproducing culturally important motifs, symbols, and patterns. After looking at ELsharif et al.'s findings (2024),
including Al compared with human judgment as well as a mathematical baseline centered around Arabic culture
and the Cultural Relevance Index (CRI) that showed a very good resemblance (about 95%) to human judgment,
higher than a quantifiable baseline metric (more than 28%) [9]. This was compared to traditional human-designed
elements, which scored slightly higher at 85.2% (Table 2). Furthermore, a combination of Variational
Autoencoders (VAE) with the reinforcement learning (RL) model achieved 94.5% accuracy, as seen in Figure 1
— substantially better than any single model, including VAE (92.3%) and RL (88.7%) [10]. Accuracy difference
can be associated with Al's use of already available data sets that cannot endorse all the different cultural contexts,
although humans, thanks to their intuition, literally understand.

Design Type Average  Accuracy
(%)
Al-Generated 88.5
Human- 85.2
Designed

Table 2: Accuracy of Al-Generated vs. Human-Designed Cultural Elements

Al-generated designs demonstrated remarkable consistency in cultural relevance, producing culturally
relevant outputs with remarkable consistency if trained with large, diverse datasets. For example, a national
cultural festival branding case study found that Al-designed designs got the highest accuracy of 96% in displaying
traditional motifs, as opposed to the 88.1% achieved by human-based designs [11, 12]. Although Al cannot create
on par with humans' creativity, it can make accurate and culturally fitting designs.
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Fig 1: Accuracy of Al-Generated vs. Human-Designed Cultural Elements

Public Perception and Engagement

Public perception and engagement metrics were critical in evaluating the effectiveness of Al-generated cultural
branding. Al-generated visual content received 50% more engagement than traditionally designed content,
measured by click-through rates (CTR) and user interaction time [5]. As shown in Table 3, Al-generated designs
had an average CTR of 4.7%, while human-designed content recorded 3.1%. Similarly, Al-generated designs took
users an average of 12.4 seconds compared to 8.9 seconds for traditional designs (Fig 2: Average Engagement
Time).

User Interaction Time (seconds)

m Al-Generated ™ Human-Designed

Fig 2: Average Engagement Time

Metric Al-Generated | Human-Designed
Click-Through Rate (%) 4.7 3.1
User Interaction Time (seconds) 12.4 8.9

Table 3: Engagement Metrics for Al-Generated vs. Human-Designed Content
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Social media comments and consumer survey analysis also showed that the Al-generated designs were seen
as innovative and visually appealing. Nevertheless, some respondents worried about the gap between "machine
touch” and Al-generated content. For instance, 72.8% of Hall's participants responded with a preference for
human-designed cultural symbols and stated originality and emotional resonance as two main reasons [6].
Cultural Authenticity Assessment

Cultural authenticity was another important evaluation of the success of Al-generated branding. The study
examined to what extent Al-generated designs were considered culture-authentic by the experts and the general
public. The results showed that Al-generated designs had an average of 7.2 out of 10 cultural authenticity,
compared to the human-designed elements, where 8.6 was given out, as summarized in Table 4. The success of
Al-generated branding was gauged in such a way that cultural authenticity was essential. It examined the degree
to which, in terms of being culturally authentic, experts or the general public perceived Al-generated designs. On
average, Al-generated designs earned a score of 7.2 regarding cultural authenticity, while 8.6 on human-generated
designs.

Design Type Average Authenticity Score (out of 10)
Al-Generated 7.2
Human-Designed 8.6
Table 4: Cultural Authenticity Scores for Al-Generated vs. Human-Designed Elements

Al-generated designs were seen as culturally appropriate, but there were some exceptions where some
symbols' more fundamental cultural meaning was not captured. For instance, Al-generated designs were censured
for oversimplifying culturally complicated narratives in a case study of branding a national heritage site [13]. This
emphasizes why great Al is perhaps the form of insight that Africans need from the village, combined with the
computational power of Al to ensure cultural authenticity.

Effectiveness of Al Techniques

Furthermore, the study evaluated the effectiveness of some Al techniques, such as Generative Adversarial
Networks (GANSs) and Convolutional Neural Networks (CNNSs), in creating culturally relevant brand assets. On
average, a cultural relevance score of 8.1 out of 10 was achieved for visually appealing designs using GANs (Fig
3). In contrast, CNNs outshined the others in pattern recognition and replication offerings, scoring an average of
7.8 points.

Effectiveness of Al Techniques

CNN

7.6 7.7 7.8 7.9 8 8.1 8.2

Fig 3: Effectiveness of Al Techniques in Cultural Branding
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Statistical Trends and Patterns

The effectiveness of Al-generated branding was statistically analyzed to identify the trends and patterns.
Regression analysis found that the accuracy of Al-generated designs was strongly and positively correlated (r =
0.934928) with the training dataset size (Table 5). This implies that larger and more diverse data sources can make
a huge difference in the quality of Al cultural branding.

SUMMARY OUTPUT
Regression Statistics
Multiple R 0.934928
R Square 0.87409

Adjusted R 0.811136
Square

Standard 3566.073
Error

Observations 4

ANOVA
df
Regression 1
Residual 2
Total 3
Coefficient
Intercept ?127318

X Variablel 1749.913

SS MS F

1.77E+0 1.77E+0 13.8844

8 8 1

2543375 1271687

0 5

2.02E+0

8

Standard t Stat P-value

Error

36627.35 -3.47604 0.07372
6

469.6268 3.726178 0.06507

Significanc
eF
0.065072

Lower 95%

-284913

-270.728

Upper
95%
30276.5
4

3770.55

Table 5: Correlation Between Dataset Size and Al Design Accuracy

Lower
95.0%

28491

-270.7

Upper
95.0%
30276.5
4

3770.55

Machine learning-based clustering analysis identified three different clusters of Al-generated designs in terms
of the cultural relevance, visual appeal, and public acceptance of the Al-generated designs. Among all the designs
analyzed, 42% were cluster 1 designs, which expressed high cultural relevance and visual appeal. Along with the
two other clusters identified above, Cluster 2 (35%) and Cluster 3 (23%) respectively reflect designs with
moderate cultural relevance but low public acceptance and with low cultural relevance and visual appeal (Table

6).
Cluster Characteristics Percentage of Designs
1 High cultural relevance, high appeal 42%
2 Moderate relevance, low acceptance 35%
3 Low relevance, low appeal 23%

Table 6: Clustering Analysis of Al-Generated Designs
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In summary, Al-generated designs are very potent in producing culturally relevant and attractive branding
elements. Although not on par yet with human-created content based on accuracy and authenticity, Al-generated
designs trump conventional methods in terms of engagement and investment. In addition, the use of Al techniques
like GANs and CNNs demonstrates the ability of Al to alter national cultural branding for the better.

DISCUSSION

These meta-analysis results provide a holistic overview of Al's role in national cultural branding and what it
can and cannot do. The findings validate that Al-generated designs can be extremely effective in producing
culturally relevant and aesthetically pleasing elements for branding. Still, they also reveal areas where human
imagination and cultural consciousness are irreplaceable.

One of the strongest results is how precisely Al-generated designs can replicate symbols, patterns, and motifs
relevant to a culture. Al-generated designs achieved a mean correctness rate of 88.5%, better than traditionally
human-designed elements at a score of 85.2%. This means that Al can read and replicate complex cultural
elements effectively when trained using expansive and vast amounts of data. In a case, study example, such as a
national cultural festival brand, Al-generated designs achieved a high rate at 96% in displaying traditional motifs
against a score of 88.1% for human-designed elements [11, 12]. This demonstrates that Al can be very effective
in generating correct and culturally relevant designs and can be a valuable tool in national cultural brand design
[14]. However, slightly low scores for human-designed elements in some environments mean that Al is challenged
to capture complex cultural contexts in sophisticated forms, as viewed by human designers. This is why Al's
computational power must be combined with human knowledge to ensure cultural narratives are not
oversimplified and misrepresented.

Public perception and engagement metrics also reveal Al-generated branding's weaknesses and limitations.
Al-generated visual content received 50% more engagement in click-through rates and user interaction time than
traditionally designed content. Al-generated designs had a mean click-through rate of 4.7%, compared to a mean
of 3.1% for human-designed content, and users spent a mean of 12.4 seconds interacting with Al-generated
designs, compared to a mean of 8.9 seconds with traditional designs. This shows that Al-generated designs appear
fantastic and perform very well in terms of holding the audience's interest [15]. Sentiment analysis, however,
revealed a lingering preference for human-designed cultural symbols, with 72.8% of respondents naming
originality and emotional connection as key factors. Although Al-generated designs may be more effective in
holding audience interest, they lack that "human touch" that resonates with audiences at a deeper, emotional level
[16].

The success of Al-generated brands heavily depends on their cultural authenticity level. Al designs produced
a cultural authenticity rating 7.2 on a scale from 1 to 10, while human designs achieved an 8.6 rating. The results
indicate that artificial intelligence generates appropriate cultural designs yet cannot understand symbolic meanings
at their core [17]. Research on Al-generated design work for a national heritage landmark exposed criticism,
arguing that Al solutions reduced complex cultural stories to simple elements. Al requires training data
encompassing comprehensive visuals and information about cultural history and values [18]. The participation of
cultural experts in design helps maintain functional effectiveness between Al-designed products and their cultural
relevance.

A big factor in Al brand success was the authenticity of cultural authenticity. The mean score in cultural
authenticity was 7.2 for Al-generated and 8.6 for human-generated designs. This demonstrates that Al can produce
designs that fit the culture but cannot mimic the deeper cultural sense. Al-generated designs were criticized for
simplifying complex cultural narratives [19] in a case study of Al-generated designs for a national heritage
landmark. Al training with more holistic data sets related visual elements and the history and values of the cultures
is needed. It can also mean having cultural experts involved who will make sure that any design generated by Al
looks good viscerally and about culture.

The success of specific Al techniques, such as Generative Adversarial Networks (GANSs) and Convolutional
Neural Networks (CNNSs), further validate Al's potential in cultural brand design. GANs generated visually
pleasing designs with a mean cultural relevance score of 8.1 out of a possible score of 10. On the other hand,
CNNSs had the best score (7.8) in pattern identification and replication, which makes them ideal for situations
where detail and precision are essential [20]. These findings show that different Al techniques can be used for
different parts of a cultural brand design project, and the techniques used depend on what the project needs.
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This meta-analysis validates that Al can reshape national cultural branding with highly accurate, visually
attractive, intriguing designs. However, it is equally important to focus on the limits of Al, that is, cultural
authenticity and public acceptance. Retrieving data as only part of the brand truth is inadequate and will result in
ineffective brand identities. As technology progresses with Al, the need for the balance of its innovations to culture
must not be overlooked in upgrading Al-generated designs to be appealing and follow along the lines of the rich
cultural heritage and values of the countries.

CONCLUSION

This meta-analysis has explored whether Al-driven visual communication and deep learning techniques have
the power to redefine national cultural branding. The findings reveal that Al-generated designs have a high success
rate in producing visually appealing and culturally resonant elements in branding, with a mean success rate of
88.5% in replicating symbolic cultural patterns and motifs. Al-generated content also outperformed traditionally
designed elements in user interest, with click-through rates that were 50% higher and longer user session times.
These findings support Al's ability to capture user interest and build creative brand solutions.

Although Al shows great potential in nations' national cultural branding through GANs and CNNs, it lags
behind humans regarding cultural accuracy. Human-created cultural symbols scored 8.6/10 for cultural
authenticity vs. 7.2/10 for Al-generated content. Indeed, even technically incredible systems such as GANs
(8.1/10 for cultural relevance) and CNNs (reaching the peak of pattern recognition) don't come even close to
acquiring the cultural contextual understanding that human designers do innately. The research concludes that
while Al can be an Al to make sense of cultural brand management by way of visual appeal and computational
efficiency, Al should be deployed to supplement, not replace, human creative involvement. However, | believe
the future of national cultural branding will probably rest on a fine line between Al's technologically proficient
capabilities and a human's cultural experience that will enrich it with meaning, creating visually appealing and
emotionally whelming brand identities.
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