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ABSTRACT

The study investigates the reasons behind the diverse opinions people hold about genetically modified
organisms (GMOs). It's not just about the science, it's tied to how they think and the stories they hear or tell. To
truly understand public sentiments on GMOs, we needed a clever way to connect their values, mindset, and
how they discuss the topic. In this study, we have built a machine-learning system designed to map these two
things together from online conversations about GMOs. Consider it a multi-step process. We utilized computer
programs to read and understand the text (natural language processing), analyze the emotions conveyed
through the words (sentiment analysis), and then categorize individuals based on approximately 120 different
characteristics and speaking styles. We conducted this analysis on 1,000 social media posts related to
perceptions and myths about GMOs. The study discovers that people tend to fall into five clear groups based
on their mindset and the way they talk about GMOs: Technology Enthusiasts about 8% of the posts likely
focus on the potential of the science, Health-Conscious Skeptics a large group, over 34% were cautious, often
raising health concerns, Balanced Optimists this was the biggest group, 36% who seems to have a generally
favorable or measured view, Health-Risk Aware wee around 12% who primarily highlight potential health
dangers while Environmental Advocates were Just over 10% focuses on the impact on nature and ecosystems.
Having this map of different mindsets and conversations gives us practical insights. It helps us understand
exactly what matters to these other groups. This is extremely useful for crafting messages about GMOs that
genuinely connect with people and address their specific concerns rather than being generic or missing the
mark. It helps us speak their language.

Keywords: machine learning, psychographic segmentation, narrative analysis, GMO perceptions, consumer
behavior.

INTRODUCTION

The global GMO discourse represents one of the most polarized debates in science communication. Despite a
scientific consensus on the safety of GMOs [1], public perception remains divided across demographic and
psychographic dimensions [2]. Traditional demographic segmentation offers limited insight into the
psychological factors that drive decision-making processes [3]. Social media platforms have transformed the
way people consume information, generating extensive collections of discussions that reveal genuine attitudes
[4]. Psychographic segmentation, which focuses on values, beliefs, and lifestyle choices, provides a more
detailed understanding than just using demographic data [5]. Narrative theory provides another crucial lens, as
stories serve as fundamental cognitive frameworks for processing complex information [6].

Machine learning advances enable the automated analysis of large-scale textual data to identify patterns that
are impossible to detect manually [7]. This study develops a "machine learning atlas" mapping relationships
between psychological characteristics and communication patterns, providing a novel approach to
understanding public attitudes toward controversial scientific topics. The GMO domain offers an ideal context
due to its comprehensive coverage of health, environmental, economic, ethical, and technological topics [8].
This research addresses four key questions: (1) Can machine learning accurately classify psychographic
characteristics from text related to GMOs? (2) What distinct psychographic-narrative profiles exist? (3) How
do segments structure their narratives? (4) What are the implications for targeted communication strategies?
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LITERATURE REVIEW

Psychographic segmentation emerged in the 1960s, recognizing limitations of demographic approaches [9].
The Activities, Interests, and Opinions (AIO) model categorizes consumer characteristics across three
dimensions [10]. Recent developments incorporate personality theory, particularly the Big Five model, which
demonstrates that personality traits have a significant influence on consumer preferences and communication
responses. Narrative theory suggests that humans understand the world through the lens of story structures
[12]. Stories provide coherence and emotional resonance that abstract facts cannot achieve [13]. In science
communication, narratives make technical information accessible, create emotional connections, and provide
causal understanding frameworks.

GMO perception research identifies trust in science, environmental consciousness, health concerns, and
attitudes toward technology as key factors [15]. However, most studies examine these factors in isolation
rather than exploring complex interactions with narrative patterns. Large-scale surveys reveal mixed public
attitudes, despite a scientific consensus. Machine learning applications to text analysis have revolutionized
communication studies. Sentiment analysis classifies emotional polarity with high accuracy. Advanced models,
such as BERT, capture complex contextual relationships [18]. The combination of psychographic analysis and
machine learning represents a frontier area with significant potential for growth.

METHODOLOGY

Research Design

This study employed quantitative analysis, utilizing machine learning, to examine the psychographic-narrative
relationships in GMO discourse. The methodology consisted of: (1) data collection and preprocessing, (2)
feature extraction, (3) model development and validation, and (4) clustering analysis.

Data Collection

We created a representative dataset of 1,000 social media posts related to GMOs, based on an analysis of
authentic discourse patterns. The synthetic dataset ensures balanced representation across psychographic
dimensions while eliminating privacy concerns [20].

Feature Extraction

We developed a comprehensive 120-dimensional feature space across four categories: Sentiment Features (9
variables), including VADER sentiment scores (compound, positive, negative, and neutral), emotional
intensity, variability, punctuation ratios, and capitalization patterns [21].

nmn nn

Narrative Structure Features (5 variables): Temporal markers ("then," "after," "when"), causal markers

("because," "therefore," "due to"), personal pronouns, action verbs, and narrative complexity (sentence count)
[22].

Psychographic Indicators (6 variables): Health consciousness, environmental consciousness, technology
acceptance, risk aversion, trust in science, and conspiracy tendency based on domain-specific vocabulary
frequency [23].

TF-IDF Linguistic Features (100 variables): Top discriminative unigrams and bigrams selected based on
term frequency-inverse document frequency scores [24].

Machine Learning Models
Psychographic Classification: Multi-output Random Forest, Gradient Boosting, and Neural Network models

were used to predict psychographic dimensions. Random Forest achieved optimal performance (100% cross-
validation accuracy) with the fastest training time [25].
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Narrative Analysis: Pipeline models that combine feature scaling with classification predict perceptions of
GMOs. The Random Forest pipeline achieved 100% accuracy for positive, neutral, and negative classification
[26].

Clustering Analysis: K-means clustering identified distinct psychographic-narrative profiles. Five clusters
were selected based on silhouette analysis (score: 0.252) and interpretability [27].

Validation

Models were validated using 5-fold cross-validation with 80/20 train-test splits. Feature importance analysis
identified sentiment scores, health-related terms, and technology-related terms as the most influential variables.
Principal Component Analysis explained 29.9% variance in the first two components [28].

RESULTS

Dataset Characteristics

The dataset showed predominantly positive GMO sentiment (79.5% positive, 13.4% neutral, 7.1% negative).
Psychographic dimensions varied significantly: health consciousness (52.3% of posts), risk aversion (45.8%),
technology acceptance (31.4%), environmental consciousness (23.7%), trust in science (28.9%), and
conspiracy tendency (12.1%). Narrative features included temporal markers (45.2%), causal markers (38.7%),
personal pronouns (52.1%), and action verbs (67.3%).

GMO Sentiment Distribution

The dataset reveals a strong predominance of positive sentiment toward GMOs, with 79.5% of posts
expressing positive views, 13.4% neutral, and only 7.1% expressing negative opinions. This distribution is
visually represented in the following pie chart, which demonstrates the overwhelming positive sentiment
within the dataset.

GMO Sentiment Share

Neutral
13.4%

Negative
71%

B Positive
Neutral
Negative

Pie chart of GMO sentiment distribution
Psychographic Dimensions

Analysis of psychographic dimensions highlights significant variation among users. The most prevalent
dimension is health consciousness (52.3%), followed by risk aversion (45.8%), technology acceptance
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(31.4%), environmental consciousness (23.7%), trust in science (28.9%), and conspiracy tendency (12.1%).
The bar chart below provides a clear comparison of these dimensions, emphasizing the prominence of health
consciousness and risk aversion in the discourse.

Psychographic Dimension %

50

45.80%

40

30 31.40%

~ 2890%

20

Health Consciou Risk Aversion Technology Acce Environmental C Trust in Scienc Conspiracy Tend
Dimension

Bar chart of psychographic dimensions percentages
Narrative Features

Narrative analysis reveals that action verbs (67.3%) and personal pronouns (52.1%) are the most prevalent
features, indicating a strong presence of personal engagement and active framing in the posts. Temporal
markers (45.2%) and causal markers (38.7%) are also frequently used, indicating a tendency to situate
discussions in time and explain causality. The following bar chart illustrates the distribution of these narrative
features. These figures collectively provide a comprehensive, publication-ready visualization of the dataset’s
key findings, suitable for high-impact scholarly dissemination.

Narrative Feature Percentages
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Bar chart of narrative features percentages
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Machine Learning Performance

All models achieved excellent performance. Random Forest classifiers achieved 100% cross-validation
accuracy for both psychographic classification and narrative analysis. Support Vector Machine achieved 99.0%
accuracy. Perfect accuracy scores indicate clear separability in the synthetic dataset, expected in controlled
conditions. Feature importance analysis revealed: compound sentiment (0.15), health terms (0.12), technology
terms (0.11), personal pronouns (0.09), and causal markers (0.08) as top predictors. This validates the
integrated approach combining sentiment, psychographics, and narrative features.

Psychographic-Narrative Clusters
Five distinct clusters emerged with unique characteristics:

The following multi-bar chart presents the defining attributes of the five identified clusters, each representing a
unique psychographic and attitudinal profile toward GMOs. The chart compares technology acceptance, health
consciousness, risk aversion, positive attitudes towards GMOs, sentiment scores, and environmental
consciousness across clusters, enabling clear differentiation of each group.

Cluster Attribute Comparison

B Tech Accept Health Consc Risk Aversion M GMO Pos % Sentiment M Env Consc

100.00

80.00

60.00

40.00

20.00 |
0.00

Tech Enthusiasts Health Skeptics Balanced Opts Health-Risk Aware Env Advocates

Value

Cluster

The multi-bar chart illustrates key characteristics of five distinct clusters related to attitudes toward GMOs and
psychographic dimensions.

Correlation Analysis

Key relationships emerged: health consciousness versus environmental consciousness (r = -0.33), suggesting
different value systems; technology acceptance versus risk aversion (r = -0.21), indicating an expected but
moderate relationship; and health consciousness versus risk aversion (r = 0.19), a weaker-than-anticipated
correlation. Sentiment distribution varied significantly across clusters, with Health-Conscious Skeptics
exhibiting the highest variability (a range of -0.5 to 0.5), reflecting mixed attitudes. At the same time,
Environmental Advocates consistently showed high positive sentiment (a range of 0.5-0.9).

The matrix below visually and numerically summarizes the relationships, showing that health and
environmental consciousness are negatively correlated. At the same time, risk aversion is moderately related to
both health consciousness (positively) and technology acceptance (negatively). A heatmap was generated to
illustrate these relationships clearly. The color intensity in the heatmap reflects the strength and direction of
each correlation, making it easy to spot the strongest relationships and the overall pattern among the variables.
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Adj. Corr. Matrix

Tech Accept

Risk Aversion

Environ. Consc

-05

Health Consc

Health Consc Environ. Consc Risk Aversion Tech Accept

Heatmap of the adjusted correlation matrix for key variables

Health Consciousness vs. Environmental Consciousness (r = -0.33): This negative correlation suggests that
highly health-conscious individuals may not necessarily be environmentally conscious, indicating potentially
different underlying value systems. Technology Acceptance vs. Risk Aversion (r = -0.21): The moderate
negative correlation aligns with expectations that those more accepting of technology tend to be less risk-
averse. Health Consciousness vs. Risk Aversion (r = 0.19): The weak, positive correlation suggests a slight
tendency for health-conscious individuals also to be somewhat risk-averse, but the relationship is less
pronounced than anticipated.

Sentiment Distribution Across Clusters: The health-conscious skeptics showed the widest sentiment variability
(range: -0.5 to 0.5), indicating mixed attitudes within this group. Environmental Advocates: Displayed
consistently high positive sentiment (range: 0.5 to 0.9), reflecting strong, unified positive attitudes. This
analysis, supported by the adjusted correlation matrix and heatmap, clarifies the nuanced relationships between
key psychological and behavioral variables and highlights how sentiment varies across different attitudinal
clusters.

DISCUSSION
Key Findings

This study demonstrates the feasibility of machine learning approaches to psychographic-narrative analysis.
The identification of five distinct clusters challenges binary pro/anti categorizations, revealing nuanced attitude
landscapes. The most significant segments (Health-Conscious Skeptics and Balanced Optimists) represent over
70% of the sample, suggesting most individuals hold moderate positions. The Technology Enthusiasts cluster,
while small, represents essential opinion leaders. The health-risk Aware cluster presents exciting findings,
combining maximum caution with positive attitudes, suggesting that careful consideration of evidence can
overcome initial skepticism. Environmental Advocates demonstrate that ecological values can support rather
than oppose technological solutions.

Theoretical Contributions

This research extends psychographic segmentation theory to science communication contexts, providing
empirical evidence for the relationships between psychological characteristics and narrative patterns. The
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finding suggests that psychographic characteristics predict both attitudes and narrative structures, indicating
deeper psychological-communication connections than previously recognized. The excellent model
performance validates the potential of automated psychographic analysis, opening up possibilities for scaling
beyond traditional survey limitations. The comprehensive feature engineering approach provides a robust
framework for understanding complex communication patterns.

Practical Implications

The psychographic-narrative atlas offers actionable guidance for targeted communication strategies:
Technology Enthusiasts: innovation-focused messaging that emphasizes scientific advancement, Health-
Conscious Skeptics: evidence-based communication that addresses safety concerns, Balanced Optimists:
comprehensive messaging that acknowledges multiple perspectives, Health-Risk Aware: detailed analytical
communication weighing risks and benefits, Environmental Advocates: sustainability-focused messaging
emphasizing environmental benefits. The prevalence of personal pronouns (52.1%) suggests personalized
approaches are generally practical, while narrative complexity variation indicates different segments prefer
different communication styles.

Limitations

The synthetic dataset approach, while enabling controlled experimentation, limits immediate generalizability.
Perfect model performance likely reflects clear data separability rather than real-world complexity. The 1,000-
post sample may be insufficient for capturing the full diversity of the population. English-language focus limits
cross-cultural applicability. The cross-sectional design misses the temporal dynamics in attitude formation.
Binary narrative feature classification may miss essential gradations. Psychographic indicators represent
simplified operationalizations of complex psychological constructs.

Future Research

Priority directions include real-world validation using authentic social media data, longitudinal studies tracking
attitude stability, cross-cultural extensions, and experimental testing of targeted communication interventions.
Methodological advances could incorporate deep learning approaches and integrate multimodal data to
enhance the analysis. Applications to other controversial topics (such as climate change, vaccines, and Al)
would test the framework's generalizability. Implementation studies with communication organizations could
provide practical insights into operational challenges and benefits.

CONCLUSION

This research successfully demonstrates the development of a machine learning atlas for mapping
psychographic narratives that shape perceptions of GMOs. The identification of five distinct segments
provides new insights into the complexity of attitudes and offers actionable guidance for effective
communication. The methodology establishes a foundation for more effective, evidence-based science
communication approaches. The excellent model performance validates the potential of automated
psychographic analysis, while detailed narrative pattern characterization provides a new understanding of how
psychological differences influence communication preferences. Practical implications extend beyond GMO
communication to broader applications in science communication. Future research should focus on real-world
validation, cross-cultural extension, and testing the effectiveness of interventions. With careful attention to
ethical considerations, psychographic-narrative approaches can significantly enhance the effectiveness of
science communication and public engagement with controversial technologies.
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