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Abstract 
This thesis investigates consumer perceptions of food quality, safety, and brand 
communication as reflected on social media platforms, focusing specifically on Instagram and 
TikTok posts concerning snack products from major multinational food companies. The study 
aims to offer a comprehensive, data-driven analysis of how users on these platforms discuss, 
interpret, and respond to various food-related risks, including chemical, microbiological, and 
physical hazards, as well as broader concerns about product quality, recall events, and brand 
accountability. 

To achieve this, a robust dataset was compiled comprising 3,407 Instagram posts and 5,832 
TikTok posts collected over a decade (2012–2025). Each post was evaluated through a 
structured, 17-question framework using a locally deployed large language model (LLM), 
yielding multidimensional qualitative annotations across variables such as risk type, 
sentiment, engagement, product and company details, and user characteristics. Statistical 
methods, including two-proportion z-tests and chi-square tests, were applied to assess the 
significance of observed differences between the two platforms. 

Results reveal statistically significant differences between Instagram and TikTok across most 
variables, particularly in the prevalence of posts related to food recall, food safety, and 
microbiological risks. TikTok posts were generally more likely to contain specific geographic 
or origin information, likely due to the platform’s structured tagging and caption conventions. 
On the other hand, Instagram content more frequently contained brand identifiers, sentiment-
rich commentary, and engagement with best-before dates or physical product details. 
Sentiment analysis also confirmed distinct platform patterns, with TikTok skewing more 
positively and Instagram presenting a higher proportion of neutral or information-focused 
discourse. 

This study contributes to existing knowledge by integrating advanced computational methods 
with thematic content analysis, offering a novel empirical lens on how consumer concerns are 
expressed, amplified, or mitigated through visual-digital narratives. The research highlights 
the potential of social media as a surveillance mechanism for early risk detection, consumer 
trend monitoring, and crisis communication evaluation. The findings have implications not only 
for food companies seeking to manage brand reputation in real time but also for regulators 
and public health institutions aiming to align safety messaging with evolving digital discourse. 
The thesis concludes by suggesting areas for methodological refinement, cross-cultural 
expansion, and more integrative models linking sentiment dynamics with real-world risk 
responses. 

 
  



Abstract in Greek 
Η παρούσα μεταπτυχιακή διατριβή εξετάζει τις αντιλήψεις των καταναλωτών αναφορικά με 
την ποιότητα και ασφάλεια των τροφίμων, καθώς και την επικοινωνία των εμπορικών 
σημάτων, όπως αυτές αποτυπώνονται σε περιεχόμενο που διακινείται στις πλατφόρμες 
κοινωνικής δικτύωσης Instagram και TikTok. Η ανάλυση επικεντρώνεται σε αναρτήσεις που 
σχετίζονται με προϊόντα σνακ μεγάλων πολυεθνικών εταιρειών τροφίμων, με σκοπό την 
εμπεριστατωμένη και εμπειρικά τεκμηριωμένη διερεύνηση του τρόπου με τον οποίο οι χρήστες 
σχολιάζουν, ερμηνεύουν και ανταποκρίνονται σε κινδύνους που σχετίζονται με τα τρόφιμα — 
όπως χημικοί, μικροβιολογικοί και φυσικοί κίνδυνοι — καθώς και σε ζητήματα ποιότητας, 
ανακλήσεων προϊόντων και εταιρικής υπευθυνότητας. 

Για την επίτευξη του ερευνητικού σκοπού, συγκροτήθηκε ένα εκτενές και χρονικά εκτεταμένο 
σύνολο δεδομένων, το οποίο περιλαμβάνει 3.407 αναρτήσεις από το Instagram και 5.832 από 
το TikTok, καλύπτοντας την περίοδο 2012–2025. Κάθε ανάρτηση αξιολογήθηκε μέσω 
δομημένου πλαισίου 17 ερωτήσεων, με χρήση τοπικά αναπτυγμένου μεγάλου γλωσσικού 
μοντέλου (LLM), προσφέροντας πολυδιάστατες ποιοτικές σημειώσεις ως προς μεταβλητές 
όπως το είδος του κινδύνου, ο συναισθηματικός τόνος, η αλληλεπίδραση, τα χαρακτηριστικά 
προϊόντων και εταιρειών, καθώς και τα δημογραφικά γνωρίσματα των χρηστών. Για τη 
στατιστική διερεύνηση των διαφορών μεταξύ των δύο πλατφορμών εφαρμόστηκαν έλεγχοι 
διαφορών αναλογιών (z-test) και έλεγχοι χ² (chi-square). 

Τα ευρήματα ανέδειξαν στατιστικώς σημαντικές διαφοροποιήσεις μεταξύ των δύο 
πλατφορμών, κυρίως ως προς τη συχνότητα αναρτήσεων σχετικών με ανακλήσεις τροφίμων, 
ζητήματα ασφάλειας και μικροβιολογικούς κινδύνους. Οι αναρτήσεις στο TikTok παρουσίαζαν 
υψηλότερη συχνότητα αναφορών σε πληροφορίες γεωγραφικής προέλευσης, γεγονός που 
αποδίδεται στις συμβάσεις δομημένης σήμανσης και λεζάντας της πλατφόρμας. Αντιθέτως, το 
περιεχόμενο στο Instagram παρουσίαζε εντονότερη χρήση εμπορικών σημάτων, 
συναισθηματικά φορτισμένα σχόλια και εστίαση σε ημερομηνίες λήξης και φυσικά 
χαρακτηριστικά των προϊόντων. Η ανάλυση του συναισθηματικού τόνου επιβεβαίωσε την 
ύπαρξη διαφοροποιημένων προτύπων, με το TikTok να εμφανίζει θετικότερη διάθεση και το 
Instagram να επικεντρώνεται περισσότερο σε ουδέτερη ή πληροφοριακή ρητορική. 

Η διατριβή συνεισφέρει σημαντικά στην υφιστάμενη βιβλιογραφία μέσω της ενσωμάτωσης 
προηγμένων υπολογιστικών εργαλείων με θεματική ανάλυση περιεχομένου, προσφέροντας 
ένα καινοτόμο εμπειρικό πλαίσιο για την κατανόηση του τρόπου με τον οποίο οι ανησυχίες 
των καταναλωτών αποτυπώνονται, ενισχύονται ή αμβλύνονται μέσω ψηφιακών αφηγήσεων. 
Τονίζεται ο ρόλος των κοινωνικών μέσων ως δυναμικών μηχανισμών επιτήρησης για την 
έγκαιρη ανίχνευση κινδύνων, την παρακολούθηση καταναλωτικών τάσεων και την αξιολόγηση 
της επικοινωνίας σε περιόδους κρίσης. Τα συμπεράσματα της μελέτης έχουν εφαρμοσμένη 
αξία τόσο για τις επιχειρήσεις τροφίμων, οι οποίες επιδιώκουν την αποτελεσματική διαχείριση 
της φήμης τους σε πραγματικό χρόνο, όσο και για τις αρμόδιες ρυθμιστικές αρχές και τους 
δημόσιους οργανισμούς υγείας, οι οποίοι καλούνται να ευθυγραμμίσουν την επικοινωνιακή 
στρατηγική τους με την εξελισσόμενη ψηφιακή δημόσια σφαίρα. Η διατριβή καταλήγει με 
προτάσεις για περαιτέρω μεθοδολογική βελτιστοποίηση, διαπολιτισμική επέκταση και 
ανάπτυξη ενοποιημένων μοντέλων που συνδέουν τις συναισθηματικές δυναμικές με τις 
πραγματικές αντιδράσεις σε ζητήματα διατροφικής ασφάλειας. 
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1.Introduction 
Global snack food companies have grown exponentially, given the continuously changing 
consumer lifestyles and habits, along with the changing demand for more convenient food 
options. This has stimulated further attention from consumers to the quality and food safety 
parameters of such products and as consumers become more and more health-conscious, 
their perceptions are directly connected to their purchasing behaviors. Social media and web 
platforms provide consumers with a big advantage of expressing their opinions and sharing 
their experiences with a wide audience. 

Consumer perceptions of food quality and safety are multifaceted, encompassing attributes 
such as the organoleptic characteristics, ingredient transparency, and the overall safety of their 
food. Furthermore, those perceptions are significantly influenced by various factors, including 
personal experiences, cultural backgrounds, and marketing strategies employed by food 
companies. Social media platforms and review websites have become critical spaces for 
consumers’ voices open expression. Negative experiences, safety concerns and reactions on 
companies’ public recall announcements can quickly go viral, greatly impacting a company’s 
reputation and market share. On the other hand, positive reviews and endorsements can 
enhance consumer trust and loyalty. This study seeks to gain a comprehensive understanding 
of the prevailing consumer attitudes towards snack products from major multinational food 
companies, identifying key trends and parameters that influence public perception. 

In conclusion, this study will investigate and analyze consumer feedback, through data mining 
and sentiment analysis techniques. Consequently, as a further subsidiary aim of this study, 
recurring patterns in consumer discussions will be highlighted to obtain valuable insights that 
food companies could use to improve their products and marketing strategies. Moreover, this 
data could contribute and stimulate broader discussions on public health and safety from 
companies’ side but also inform regulatory bodies and policymakers in crafting guidelines that 
align with consumer expectations and enhance food safety standards. 

 

1.1 Social Media 
 
Social media encompasses a range of internet-based platforms that allow users to generate, 
share, and exchange content and ideas within virtual communities and networks. These 
platforms are founded on Web 2.0 technologies, which highlight user-generated content and 
interactive engagement (Kaplan & Haenlein, 2010). Examples of social media include social 
networking sites like Facebook and LinkedIn, microblogging services such as Twitter, and 
photo and video sharing platforms like Instagram and YouTube (Kietzmann et al., 2011). 

The main goal of social media is to enable communication and interaction among users, 
allowing them to share content, connect with others, and form communities. These platforms 
serve multiple purposes, including social interaction, entertainment, information sharing, and 
professional networking (Ellison et al., 2007). Social media also offers a venue for personal 
expression and the exchange of ideas, contributing to the creation of a globally interconnected 
society (Boyd & Ellison, 2007). 



The origins of social media can be traced back to the early platforms of the 1990s. One notable 
example is Geocities, which was launched in 1994 and allowed users to create personal web 
pages, providing a space for self-expression and sharing content. Another significant platform 
was Six Degrees, introduced in 1997, which enabled users to create profiles and list friends, 
thereby introducing the concept of online social networks. These early platforms laid the 
groundwork for the development of more sophisticated social networking sites (Boyd & Ellison, 
2007). 

The early 2000s saw the emergence of advanced social networking sites that revolutionized 
online interaction and content sharing. Friendster, launched in 2002, was one of the first to 
gain widespread popularity, followed by LinkedIn in 2003, which catered to professional 
networking. MySpace, also launched in 2003, quickly became a hub for music and social 
interaction. However, the most significant development was the launch of Facebook in 2004, 
which provided enhanced features for user interaction and content sharing, leading to its 
dominance in the social media landscape. These platforms facilitated a new era of online social 
interaction and significantly increased the adoption and popularity of social networking (Ellison 
et al., 2007). 

The 2010s marked a period of significant diversification and expansion in the social media 
domain. Platforms targeting different types of content and audiences emerged, each bringing 
unique functionalities. Twitter, launched in 2006, popularized microblogging with its short-form 
content. Instagram, which appeared in 2010, focused on photo sharing and quickly gained a 
massive user base. Snapchat, introduced in 2011, brought the concept of ephemeral 
messaging, where content disappears after a short period. TikTok, launched in 2016, 
emphasized short-form video content and became immensely popular, especially among 
younger audiences. This decade saw a substantial increase in the variety and functionality of 
social media platforms, catering to diverse user preferences and needs (Kietzmann et al., 
2011). 

In the current era, social media is characterized by the integration of advanced technologies 
such as artificial intelligence, augmented reality, and sophisticated data analytics. These 
technologies enhance user experience by providing personalized content and improved 
interactive features. Platforms are also placing greater emphasis on privacy, giving users more 
control over their data and interactions. Additionally, combating misinformation has become a 
critical focus, with platforms implementing measures to verify information and reduce the 
spread of false content. The rise of influencers and the monetization of content are also 
defining features of this period, as social media continues to evolve and adapt to changing 
user behaviors and technological advancements (Van Dijck, 2013). 

Social media has become a vital tool for information dissemination, providing users with real-
time updates and access to a diverse array of news sources. Platforms such as Twitter and 
Facebook are widely used for breaking news, enabling journalists and ordinary users to share 
information rapidly and widely (Hermida, 2010). Moreover, social media allows the spread of 
user-generated content, offering alternative perspectives and grassroots reporting that might 
not be covered by traditional media (Hermida, 2012). However, the swift spread of information 
on social media also brings challenges, such as the proliferation of misinformation and the 
necessity for critical evaluation of sources (Vosoughi et al., 2018). 



1.2 TikTok 

TikTok is a globally influential social media platform owned by the Chinese technology 
company ByteDance. Initially released as Douyin in China in September 2016, the 
international version of the app—TikTok—was launched in September 2017 (Kaye, Chen, & 
Zeng, 2021). In November 2017, ByteDance acquired Musical.ly, a Shanghai-based lip-sync 
video app with a large U.S. user base. The two platforms were merged in August 2018, using 
the well-known logo (Figure 1), consolidating their functionalities under the TikTok brand and 
accelerating its global growth (Iqbal, 2023). ByteDance, founded in 2012 by Zhang Yiming, 
utilized its core expertise in artificial intelligence to develop a content recommendation 
algorithm that underpins TikTok’s signature “For You” feed. This algorithm dynamically curates 
videos based on user interaction patterns, including watch time, likes, and shares (Montag, 
2021). 

 

 

Figure 1. Evolution of the TikTok logo from its inception as A.me 
 in 2016 to its current design. Source: 1000 Logos (2025). 

 

Currently, TikTok has surpassed 1.9 billion monthly active users globally, as depicted in Figure 
2. The app has been downloaded more than 3.5 billion times since its launch, making it one 
of the most installed applications worldwide (Sensor Tower, 2022). In the United States alone, 
TikTok had over 150 million monthly active users by 2023 (Reuters, 2023). The platform’s user 
base is predominantly youthful. Globally, individuals aged 18–24 constitute the largest age 
cohort, representing approximately 38% of all users. In the United States, 63% of teenagers 
report using TikTok, underscoring its central role in adolescent digital culture (Auxier & 
Anderson, 2021). Gender distribution is relatively balanced worldwide, with a slight male 
majority (Bhandari & Bimo, 2022). 

 



 

 
Figure 2. Monthly active users (MAUs) across major social media platforms as of 2025. Data 

compiled from multiple sources including Tekrevol (2025), HubSpot Blog (2025), Wikipedia (2025), 
Business Insider (2025), and DemandSage (2025). 

 

1.2.1 Features and Algorithmic Innovation 
TikTok allows users to create short-form videos ranging from 15 seconds to 10 minutes, often 
incorporating music, visual effects, and interactive elements. Unlike earlier platforms, TikTok’s 
content delivery system is not primarily based on a user’s social graph but rather on behavioral 
indicators. Its algorithm learns from user interactions to display highly personalized content 
(Figure 3) on the “For You” page (Kaye et al., 2021). This design fosters exceptionally high 
engagement. As of late 2022, TikTok users spent an average of 95 minutes per day on the 
platform, which is among the highest across all social media platforms (Sensor Tower, 2022). 
In response to TikTok’s success, other platforms—such as Instagram (Reels) and YouTube 
(Shorts)—have introduced competing features. 
 

 1.2.2 Cultural and Societal Impact 

TikTok has become central to the formation and dissemination of global digital culture. The 
platform has catalyzed the success of musical artists, revitalized decades-old songs, and 
popularized dance challenges. Additionally, it serves as a venue for activism and political 
discourse. For example, TikTok was instrumental in organizing during the Black Lives Matter 
protests and in disseminating content during civil resistance movements in Iran (Smith, 2022). 
Despite its cultural prominence, TikTok has faced criticism concerning data privacy, 
misinformation, and content moderation. Western governments, particularly the United States 
and the European Union, have launched investigations and proposed restrictions in response 
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to concerns over the platform’s Chinese ownership and opaque data governance practices 
(Montag, 2021). 

 

 
Figure 3. TikTok’s “For You” Page Interface Displaying Personalized Content. 

 

1.3 Instagram 
 
1.3.1 Origins and Development 

Instagram was launched on October 6, 2010, by Kevin Systrom and Mike Krieger. Originally 
conceived as “Burbn,” a location-based check-in application inspired by Systrom’s interest in 
whiskey, the app evolved to focus on photo-sharing due to the popularity of its photo features 
among users (Britannica, 2025), along with it also its logo as shown in Figure 4. The first 
Instagram post, a photo of South Beach Harbor, was uploaded by Krieger on July 16, 2010. 
In April 2012, Facebook acquired Instagram for approximately $1 billion in cash and stock, 
marking a significant milestone in social media consolidation (Wikipedia, 2025). 



 

 
Figure 4. Evolution of the Instagram Logo. 

 
1.3.2 User Growth and Global Reach 

Instagram experienced rapid user growth following its launch. The platform reached one 
million users by December 2010, 10 million by September 2011, and 100 million by February 
2013 (Wikipedia, 2025). As of January 2025, Instagram boasts over 2 billion monthly active 
users, positioning it as one of the most widely used social media platforms globally (Backlinko, 
2025). 

Instagram’s user base is diverse, with a nearly even gender split globally: 47.3% female and 
52.7% male (Backlinko, 2025). In the United States, 55.4% of users aged 18 and older are 
female (Backlinko, 2025). The platform is particularly popular among younger demographics; 
over 60% of users (Figure 5) are aged between 18 and 34 (Sprout Social, 2025). Educational 
attainment among U.S. adult users is notable: 57% have a college degree or higher, 51% have 
some college education, and 41% have a high school diploma or less (Hootsuite, 2025). 
 

 

Figure 5. Global Instagram User Age Distribution (2023). 



 

1.3.3 Features and Functionalities 
 

Instagram has continuously evolved since its inception, incorporating a range of features 
aimed at increasing user engagement and content diversity. One of the platform’s most 
transformative additions was the introduction of “Stories” in 2016. This feature allows users to 
share images and short videos that disappear after twenty-four hours, encouraging 
spontaneous and ephemeral content sharing. The design of Stories was influenced by 
Snapchat’s format but was rapidly adopted and became a central component of user 
interaction on Instagram (Wikipedia, 2025). 

In August 2020, Instagram launched “Reels,” a functionality enabling users to create and 
explore short, dynamic videos often synchronized with audio tracks. This feature was seen as 
a direct response to the growing popularity of TikTok and has become instrumental in shaping 
Instagram’s identity as a space for viral, trend-driven content (Wikipedia, 2025). In addition to 
Reels, Instagram introduced “IGTV” in June 2018 to support longer-form video content. 
Although initially launched as a standalone app, IGTV was later integrated into the main 
Instagram platform, aligning longer videos with the app’s broader visual strategy (Wikipedia, 
2025). To facilitate private communication, Instagram developed a “Direct Messaging” system, 
allowing users to exchange text messages, images, and videos privately. This feature has 
evolved to support group conversations, ephemeral content, and multimedia attachments, 
enhancing interpersonal interaction within the platform (Wikipedia, 2025). 

Instagram has also positioned itself as a commercial hub through “Instagram Shopping.” This 
feature permits businesses and influencers to tag products in their posts and Stories, enabling 
users to directly access product information and complete purchases without leaving the app. 
This integration of commerce has redefined how users interact with brands, making Instagram 
a central venue for social commerce (Wikipedia, 2025). 

Moreover, Instagram includes interactive tools within its Stories feature, such as polls, quizzes, 
and countdowns, which not only increase user engagement but also offer creators insights 
into audience preferences and behavior. These interactive components have become 
standard in digital marketing strategies and user engagement campaigns, reflecting the 
platform’s adaptability to user and market needs (IJFMR, 2023). 

 

 

1.4 Food Quality: Definition & Importance 

Food quality refers to the attributes and characteristics of food that are acceptable to 
consumers. These attributes include intrinsic factors like nutritional value, taste, appearance, 
texture, and safety, as well as extrinsic factors such as labeling, packaging, and origin (Grunert, 
2005). The concept of food quality encompasses both subjective and objective measures, 
where subjective quality relates to consumer preferences and perceptions, while objective 



quality involves quantifiable standards like chemical composition and microbial content (Van 
Trijp & Steenkamp, 2005). Regulatory agencies and food industry stakeholders play crucial 
roles in defining and ensuring food quality through established standards and guidelines 
(Garcia et al., 2013). 

Historically, food quality assessment has evolved from simple sensory evaluation to a 
multidimensional construct influenced by scientific, technological, regulatory, and sociocultural 
developments. In early agricultural societies, food quality was primarily judged by freshness 
and edibility, whereas contemporary assessments involve advanced analytical techniques and 
consumer psychology (Meiselman, 2000). 

The importance of food quality is multifaceted, impacting consumer health, satisfaction, and 
market dynamics. High food quality ensures that consumers receive essential nutrients 
necessary for health and well-being, thus preventing malnutrition and related diseases (World 
Health Organization, 2006). Furthermore, quality assurance in food products reduces the risk 
of foodborne illnesses by adhering to safety standards and protocols, which is critical in 
maintaining public health (Motarjemi & Lelieveld, 2014). Consumers’ perceptions of food 
quality also influence their purchasing decisions and brand loyalty, making it a critical factor for 
the competitiveness of food producers and retailers (Sloan, 2004). Therefore, food quality 
directly affects the economic viability of the food industry by shaping consumer behavior and 
preferences. Moreover, studies suggest that improved food quality can reduce long-term 
healthcare costs by mitigating diet-related chronic conditions such as obesity, diabetes, and 
cardiovascular diseases (Monteiro et al., 2019; Mozaffarian et al., 2018). 

The study of food quality intersects various disciplines, including food science, nutrition, 
consumer behavior, public health, agricultural economics, and environmental science. This 
interdisciplinary nature reflects the complexity of defining and enhancing food quality in an era 
marked by ecological constraints, demographic transitions, and shifting consumption patterns 
(Kearney, 2010). 

In the context of global food systems, the maintenance of food quality is increasingly important 
due to the complexities introduced by international trade and supply chains. The globalization 
of food markets demands stringent quality control measures to ensure that food products meet 
the diverse regulatory standards and consumer expectations across different regions (Henson 
& Reardon, 2005). Advances in food technology, such as improved preservation techniques 
and enhanced processing methods, contribute to maintaining and improving food quality 
(Sperber & Stier, 2009). Additionally, sustainability practices in food production, including 
organic farming and reduced use of synthetic additives, are becoming significant factors in 
perceived food quality, reflecting growing consumer awareness and demand for healthier and 
environmentally friendly food options (Oughton & Ritson, 2007). This evolution also 
underscores the role of ethical and environmental considerations—such as animal welfare, 
carbon footprints, and fair trade practices—as emerging dimensions of food quality evaluation 
(Aschemann-Witzel et al., 2021; Verain et al., 2015). 

 

 



1.5 Food Safety: Definition & Importance 
 
The term “food safety” refers to all the procedures and requirements that must be followed in 
order to guarantee that food is both safe to eat and free of harmful substances. It involves a 
variety of procedures, including handling, preparing, and storing food in a way that minimizes 
the risk of foodborne infections. According to the World Health Organization (WHO), food 
safety implies that food will not cause harm to the consumer when it is prepared and/or eaten 
according to its intended use (WHO, 2020). Key components of food safety include hygiene 
and sanitation, appropriate cooking and storage, and safe food handling practices. Additionally, 
regulatory frameworks and standards, such as the Hazard Analysis and Critical Control Points 
(HACCP) system, play a vital role in identifying and managing potential food safety hazards 
(Codex Alimentarius, 2003; FDA, 2017). 
 
Food safety systems are multifactorial and require coordination across all stages of the food 
supply chain, from primary production to consumption. This encompasses good agricultural 
practices (GAP), good manufacturing practices (GMP), and traceability systems that allow for 
rapid response during contamination outbreaks (Wallace & Williams, 2015). Advances in 
microbial risk assessment, food surveillance technologies, and digital monitoring have 
significantly improved the capacity to detect, respond to, and prevent food safety breaches 
(Bouwknegt et al., 2013). 
 
The importance of food safety cannot be overstated, as it is essential for protecting public 
health and maintaining consumer confidence in the food supply. Unsafe food poses significant 
global health threats, leading to approximately 600 million cases of foodborne illnesses and 
420,000 deaths annually (WHO, 2015). Vulnerable populations, including infants, young 
children, the elderly, and the immunocompromised, are particularly at risk. Effective food safety 
practices help prevent foodborne diseases, reduce healthcare costs, and enhance food 
security by ensuring that food supplies are safe and reliable. 
 
Beyond health implications, food safety is critical for economic stability and international trade. 
Foodborne outbreaks can lead to trade embargoes, product recalls, and loss of market access, 
causing economic losses in both developed and developing countries (Unnevehr & Ronchi, 
2014). Moreover, as consumer awareness increases, transparent food safety practices have 
become integral to brand reputation and market competitiveness (Yeung & Morris, 2001). 
 
As food systems become increasingly global and complex, maintaining stringent food safety 
measures is crucial for safeguarding public health and ensuring the sustainability of food 
resources (Motarjemi & Käferstein, 1999; Ehiri & Morris, 1996). Climate change and 
antimicrobial resistance present emerging challenges to food safety, necessitating adaptive 
regulatory mechanisms and cross-sector collaboration through a One Health approach, which 
integrates human, animal, and environmental health perspectives (Grace, 2015; FAO, 2019). 
 

1.6 The progression of consumer behavior analysis 

Historically, the main tools to study and understand consumer behaviors and preferences were 
traditional questionnaires and focus groups with specific topics as focal points. However, those 
methods often faced limitations in scope, reach, and real-time applicability (Macnamara, 2005; 



Bryman, 2016). The rise of social media platforms and the vast amount of data they generate 
have provided researchers with unprecedented opportunities to understand consumer 
sentiments on a much larger and more dynamic scale (Tuten & Solomon, 2017). These digital 
platforms allow researchers to observe unsolicited, naturalistic consumer expressions, 
mitigating the response biases typically associated with structured surveys (Alaimo & Kalliny, 
2022). 

Recent studies have increasingly utilized social media data to analyze consumer perceptions 
of food products. For instance, researchers have used sensory analysis techniques to assess 
how consumers feel about specific products based on their social media posts (Hutchings et 
al., 2023). One significant area of focus has been the impact of food safety incidents on 
consumer trust and perception. Research indicates that negative news, such as product recalls 
or health scares, can drastically alter public perception and consumer behavior (Cui et al., 
2019). Social media amplifies these effects by rapidly spreading information and opinions, 
often leading to widespread public discourse (Kuttschreuter et al., 2014). Studies have shown 
that consumer reactions on social media can provide early indicators of public concern and 
potential shifts in purchasing behavior (Overbey et al., 2017). This function is increasingly 
relevant in the context of risk communication, where the speed and sentiment of online 
reactions can challenge institutional crisis management strategies (Wang & Zhuang, 2018). 

In addition to sensory analysis, researchers are employing machine learning algorithms to 
identify trends and predict consumer behavior based on web data. These advanced analytical 
tools can process vast amounts of unstructured data from social media, offering deeper 
insights into consumer preferences and emerging trends (Jin et al., 2020). Natural language 
processing (NLP), sentiment analysis, and topic modeling are now commonly used to detect 
patterns, sentiments, and shifts in consumer discourse, providing both granular and 
longitudinal understandings of behavior (Cambria et al., 2020). These AI-powered tools are 
increasingly used in public health surveillance, particularly for real-time monitoring of food 
safety issues and consumer concern patterns (Giansanti et al., 2022). 

Despite the above innovative methods and approaches, several gaps remain in the current 
literature. Many studies have focused on specific geographies and products, with less attention 
given to consumer perceptions in diverse cultural contexts and to products consumed in 
several countries (Shawky et al., 2019). Additionally, there is a need for more universal studies 
on products originating from major food companies and understanding the correlation with 
consumer perceptions (Chung et al., 2019). Furthermore, ethical considerations regarding 
privacy, data consent, and algorithmic transparency are becoming increasingly important as 
digital surveillance methods are integrated into consumer research (Crawford & Paglen, 2021). 
As the field progresses, a more reflexive, interdisciplinary, and ethically grounded approach 
will be essential for leveraging digital consumer insights responsibly. 

 

 

 



1.7 Food Quality and Safety as depicted in web data 
 
The advent of digital platforms has revolutionized the methods employed to understand 
consumer perceptions of food quality and safety. Social media, e-commerce platforms, and 
online forums have become rich sources of consumer-generated data, offering insights into 
public sentiment, concerns, and behaviors related to food products. Researchers have 
increasingly turned to these data sources to monitor trends, detect potential food safety issues, 
and understand cross-cultural differences in food perception. 
 

1.7.1 Social Media and E-Commerce Data 
 
Social media platforms such as Twitter, Facebook, and Instagram serve as real-time 
barometers of consumer opinion. Kaur et al. (2021) emphasized the utility of these platforms 
in capturing candid consumer feedback, which often reveals emerging trends and potential 
food safety concerns ahead of traditional reporting mechanisms. Similarly, e-commerce 
platforms host a plethora of consumer reviews that discuss both sensory attributes and safety 
aspects of food products. Li et al. (2022) utilized natural language processing techniques to 
analyze such reviews, effectively categorizing mentions related to taste, texture, packaging 
integrity, and expiration dates. 
 
In the context of Greek cheeses, Panagiotou et al. (2024) conducted a comprehensive study 
combining sensory analysis, focus groups, and social media data to understand consumer 
perceptions of local versus imported cheeses. Their findings highlighted the importance of 
origin and familiarity in shaping consumer preferences, with local cheeses often associated 
with higher quality and safety standards. 
 

1.7.2 Sentiment Analysis and the Challenge of Misinformation 

Sentiment analysis, also known as opinion mining, is a subfield of natural language processing 
(NLP) that focuses on identifying, extracting, and classifying subjective information from 
textual data. It typically involves the computational detection of emotions, attitudes, and 
opinions expressed in user-generated content, such as social media posts, online reviews, 
and forum discussions (Cambria et al., 2020). Sentiment analysis algorithms may operate on 
different levels of granularity—ranging from document-level to aspect-level—and can 
distinguish between positive, negative, neutral, or even more nuanced emotional states like 
fear, anger, or trust (Liu, 2012). 

 

In the context of food quality and safety, sentiment analysis has emerged as a powerful tool 
to monitor public perception and detect early signals of consumer concern. For example, Chen 
et al. (2020) applied sentiment analysis techniques to a large dataset of food-related tweets, 
revealing a significant correlation between negative sentiment spikes and real-world food 
safety events. Their findings underscore the potential of these methods to function as early 



warning systems, enabling food companies and regulatory agencies to respond swiftly to 
emerging crises and mitigate reputational and public health risks. 

Beyond real-time surveillance, sentiment analysis can uncover long-term consumer trends, 
map brand sentiment trajectories, and identify factors contributing to consumer trust or 
dissatisfaction. Kaloudis et al. (2020), for instance, demonstrated how the integration of 
sentiment data with predictive models could enhance the accuracy of food recall forecasting, 
reinforcing the analytical value of emotion-driven consumer feedback. 

However, the utility of sentiment analysis is tempered by challenges inherent to digital 
communication. One critical concern is the proliferation of misinformation. Vosoughi et al. 
(2021) established that false or misleading information—particularly regarding food safety—
can spread more quickly and broadly than factual corrections. This poses significant 
challenges for food risk communication, as emotionally charged or fear-based content is more 
likely to go viral, skewing public perception regardless of scientific evidence. 

Addressing these challenges requires a multi-pronged approach. Firstly, improving the 
accuracy of sentiment analysis tools through contextual and semantic understanding (e.g., 
sarcasm detection, multilingual support) is essential. Secondly, the integration of sentiment 
analysis with credibility assessment algorithms can help distinguish authentic consumer 
concerns from disinformation campaigns or unverified rumors (Jahanbakhsh et al., 2021). 
Thirdly, the implementation of strategic communication frameworks by public health agencies 
and food brands—including real-time response teams and proactive engagement—can help 
counteract the negative effects of misinformation and maintain consumer trust. 

Ultimately, sentiment analysis offers a dual function: as a diagnostic tool to evaluate consumer 
sentiment and as a strategic asset to manage reputation, anticipate risk, and enhance public 
health responsiveness in the digital age. 

 

1.7.3 Cross-Cultural Perceptions and Food Fraud Detection 

Understanding cross-cultural differences is vital in the global food market. Martinez and Nield 
(2021) compared social media data from the U.S. and Japan, revealing distinct consumer 
concerns and trust levels. While U.S. consumers emphasized organic and non-GMO labels, 
Japanese consumers placed greater trust in local certification systems. 

Social media also plays a role in detecting food fraud. Manning and Soon (2020) demonstrated 
that monitoring online discussions can help identify fraudulent activities such as mislabeling 
and adulteration. By analyzing consumer complaints and discussions, patterns indicative of 
fraud can be detected, enabling timely interventions. 

Kaloudis et al. (2020) contributed to this field by developing deep learning models to predict 
food recalls based on web data. Their approach enhances the ability to detect potential safety 
issues proactively, demonstrating the power of artificial intelligence in food safety 
management. 



1.7.4 Use of Machine Learning and Artificial Intelligence 
 
The application of machine learning (ML) and artificial intelligence (AI) to social media and web 
data has revolutionized the ability of researchers and stakeholders to detect, understand, and 
respond to consumer perceptions related to food quality and safety. Machine learning refers 
to a subset of AI that enables systems to learn from data and improve performance over time 
without being explicitly programmed for each task (Jordan & Mitchell, 2015). These techniques, 
particularly when applied to unstructured data such as text, images, or videos, can provide 
nuanced insights into evolving consumer concerns, sentiments, and behavior patterns. 
 
In recent years, studies have increasingly employed supervised and unsupervised ML 
models—including decision trees, support vector machines (SVM), random forests, and neural 
networks—to mine large-scale datasets derived from online consumer interactions. A notable 
study by Ahmed et al. (2022) implemented advanced machine learning algorithms to analyze 
millions of social media posts and e-commerce reviews related to food safety. Their findings 
revealed that AI-driven analysis not only facilitates the detection of sentiment trends but can 
also identify latent topics indicative of emerging risks—such as contamination fears, packaging 
failures, or allergen concerns—prior to their appearance in traditional surveillance systems. 
 
Moreover, ML algorithms enable predictive modeling, where historical patterns in online 
discourse are used to forecast future consumer anxieties or potential food incidents. These 
predictive insights can inform early intervention strategies, enhance public health 
preparedness, and support supply chain risk management. Additionally, explainable AI 
frameworks are beginning to improve the transparency of such applications, helping 
stakeholders interpret and act upon complex prediction outputs (Adadi et al., 2021). For 
example, Kaloudis et al. (2020) demonstrated how deep learning methods could predict food 
recalls by analyzing the semantic and temporal dynamics of web-based information. Their 
model integrated online complaint data, product metadata, and sentiment scores to deliver 
probabilistic forecasts of recall events, offering a significant advancement in preemptive food 
safety regulation. 
 
AI tools also enhance real-time monitoring through the use of natural language processing 
(NLP), image recognition, and anomaly detection. For instance, convolutional neural networks 
(CNNs) have been used to analyze food product images for visual indicators of spoilage or 
contamination on social media platforms such as Instagram (Zhou et al., 2021). This approach 
has been expanded through multi-modal learning models, which combine image and text data 
to detect and contextualize food risk more accurately (Zhu et al., 2023). Meanwhile, 
reinforcement learning models can adaptively prioritize risk signals in streaming data, allowing 
continuous improvement in hazard detection systems.  
 
Despite their promise, the deployment of ML and AI in this domain raises important 
methodological and ethical challenges. Issues such as algorithmic transparency, data bias, 
and interpretability must be addressed to ensure responsible use (Guidotti et al., 2018). 
Moreover, access to high-quality, representative datasets is critical for model reliability and 
generalizability across cultural and linguistic contexts. 
 



In sum, the integration of ML and AI into food safety and quality surveillance marks a paradigm 
shift from reactive to proactive and adaptive risk management. By harnessing the vast and 
dynamic landscape of digital consumer feedback, these technologies offer powerful tools for 
ensuring safer, higher-quality food systems in an increasingly complex global environment. 
 

1.8 Food Safety Hazards 
 
Food safety remains a critical concern in global public health, with implications for consumer 
protection, economic stability, and international trade. The integrity of the food supply is 
routinely threatened by a range of hazards, conventionally classified as chemical, 
microbiological, and physical risks. These hazard types differ in origin and mechanism, yet 
share a common potential to undermine human health and food system reliability. 
Understanding these risks, their pathways into the food chain, and the scientific frameworks 
used for their evaluation is essential for designing effective interventions and regulatory 
measures. This chapter offers an in-depth analysis of chemical, microbiological, and physical 
hazards in food safety, synthesizing current academic research, global data, and risk 
assessment methodologies. 
 
 

1.8.1 Chemical Hazards in Food Safety 
 
Chemical risks in food arise from a broad array of sources including environmental pollution, 
agricultural inputs, processing methods, and food contact materials. Environmental 
contaminants such as heavy metals—most notably lead, cadmium, and mercury—enter the 
food chain through soil, water, and air, and have been found in plant and animal-based foods. 
Chronic exposure to cadmium, for instance, is linked to renal dysfunction and bone 
demineralization (Satarug et al., 2010), while lead is associated with neurological impairment, 
especially in children (Khan et al., 2021). 
 
Pesticide residues constitute another major chemical hazard, often resulting from excessive or 
inappropriate application of agrochemicals. Long-term dietary intake of organophosphate and 
neonicotinoid pesticides has been implicated in endocrine disruption, neurotoxicity, and 
carcinogenicity (Mostafalou & Abdollahi, 2013). According to the World Health Organization 
(WHO), regulatory bodies must regularly assess acceptable daily intakes and maximum 
residue levels to prevent public health consequences (WHO, 2020a). 
 
Processing-induced chemicals also contribute to chemical hazards in food. Acrylamide, a 
compound formed during high-temperature cooking of carbohydrate-rich foods, has been 
classified by the International Agency for Research on Cancer (IARC) as a probable human 
carcinogen (IARC, 1994). Similarly, nitrosamines—formed in cured meat products—are 
associated with gastrointestinal cancers (Mirvish, 1995). Furthermore, contaminants from food 
contact materials, such as bisphenol A (BPA) and phthalates, pose potential hormonal and 
reproductive risks. These chemicals can migrate into food from plastic containers or can 
linings, interfering with endocrine function (Rochester, 2013; Rubin, 2011). 
 



Chemical hazard assessments rely on four core steps: hazard identification, dose-response 
assessment, exposure assessment, and risk characterization. Regulatory agencies such as 
the Joint FAO/WHO Expert Committee on Food Additives (JECFA) and national food safety 
authorities apply these methodologies to determine permissible exposure levels and to shape 
consumer protection policies (WHO, 2020a). 
 
 
 

1.8.2 Microbiological Hazards in Food Safety 
 
Microbiological hazards represent a principal cause of foodborne disease globally, with serious 
implications for both acute and chronic health outcomes. These hazards are primarily attributed 
to pathogenic bacteria, viruses, and parasites capable of contaminating food at various points 
along the supply chain. Among bacterial pathogens, Salmonella spp., Listeria monocytogenes, 
and Escherichia coli O157:H7 are frequently responsible for outbreaks of foodborne illness. 
Listeria monocytogenes is particularly concerning due to its ability to grow at refrigeration 
temperatures and cause severe outcomes in immunocompromised individuals, pregnant 
women, and neonates (Swaminathan & Gerner-Smidt, 2007). 
 
Viral pathogens such as Norovirus and Hepatitis A virus are also significant contributors to 
foodborne illness. Norovirus is characterized by a high degree of infectivity and environmental 
resistance, leading to frequent outbreaks in institutional settings. Hepatitis A virus can cause 
severe hepatic inflammation and is often associated with contaminated water or fresh produce 
(Hall et al., 2012). Parasitic organisms including Giardia lamblia, Toxoplasma gondii, and 
Trichinella spiralis continue to pose public health challenges, particularly in developing 
countries and in contexts involving undercooked meats or contaminated water (Robertson et 
al., 2014). 
 
The WHO estimates that foodborne diseases affect approximately 600 million people annually 
and result in 420,000 deaths (WHO, 2015). Microbiological risk assessment (MRA) serves as 
a critical scientific tool for understanding and mitigating these risks. MRA involves hazard 
identification, hazard characterization, exposure assessment, and risk characterization. This 
approach underpins national and international food safety standards and informs decisions 
regarding hygiene requirements, thermal processing parameters, and surveillance systems 
(WHO, 2020b). 
 
Control strategies for microbiological hazards are multifaceted and include personal hygiene, 
temperature control, cross-contamination prevention, and pathogen-specific interventions 
such as pasteurization and irradiation. Advances in molecular epidemiology and whole 
genome sequencing are increasingly utilized for outbreak tracking and source attribution, 
further strengthening the scientific basis for intervention strategies (Zhang et al., 2019). 
 
 

1.8.3 Physical Hazards in Food Safety 
 
Physical hazards involve extraneous objects or foreign materials in food products that can 
cause mechanical injury to the consumer. Unlike chemical and microbiological hazards, which 



are typically microscopic or biochemical in nature, physical contaminants are macroscopic and 
include metal fragments, glass shards, stones, plastic pieces, and bone chips. These hazards 
may originate during production, processing, packaging, or distribution, often as a result of 
equipment failure, mishandling, or inadequate quality control. 
 
Physical contaminants can lead to various health outcomes, ranging from dental damage and 
lacerations to more severe complications such as gastrointestinal perforations or choking. For 
example, glass contamination from broken containers or light fixtures remains a persistent risk 
in food processing environments. Metal shavings from poorly maintained machinery and plastic 
fragments from damaged packaging materials also contribute to consumer injuries (Abebe et 
al., 2023). 
 
Detection and prevention of physical hazards are achieved through both procedural and 
technological interventions. Good Manufacturing Practices (GMPs) and Standard Operating 
Procedures (SOPs) are foundational to minimizing the introduction of foreign objects. 
Additionally, modern detection systems such as metal detectors, X-ray imaging, and optical 
sorting technologies are employed to identify and remove contaminants before products reach 
the consumer. Regulatory bodies mandate critical control points and verification steps to 
ensure these hazards are adequately addressed within food safety plans (Codex Alimentarius, 
2021). 
 
Risk assessments for physical hazards typically focus on identifying potential points of entry, 
estimating the likelihood of contamination, and implementing appropriate control and 
verification mechanisms. These assessments are particularly important in high-risk sectors 
such as infant food, ready-to-eat meals, and mass catering, where even minor lapses can lead 
to severe consequences. 
 
Chemical, microbiological, and physical hazards represent the triad of principal threats to food 
safety, each requiring distinct approaches to risk identification, assessment, and control. 
Chemical hazards often involve chronic exposure and necessitate toxicological evaluation; 
microbiological hazards are typically acute and demand rigorous hygiene and thermal control; 
physical hazards, although diverse in origin, call for mechanical prevention and detection 
systems. While technological advancements and regulatory developments have significantly 
reduced the prevalence of foodborne hazards, the globalization of food supply chains, climate 
change, and emerging contaminants continue to pose evolving challenges. A robust, 
interdisciplinary approach—combining toxicology, microbiology, engineering, and policy—is 
essential to safeguard food safety and public health in the 21st century. 
 
 

1.9 Perspectives and Challenges 
 

1.9.1 Perspectives 

The integration of big data analytics with social media platforms has significantly transformed 
how organizations monitor and respond to consumer behaviors and perceptions, especially in 
domains such as food quality and safety. Social media provides a continuous, unfiltered stream 



of user-generated content that reflects real-time consumer sentiments, concerns, and 
preferences. The application of big data methodologies to analyze these data allows for the 
detection of emerging trends and potential risks, facilitating more agile and informed decision-
making (Jin et al., 2020). 

One of the most salient advantages of social media analytics is its capacity for real-time 
sentiment analysis. By continuously monitoring consumer discourse, companies can promptly 
detect dissatisfaction, misinformation, or safety concerns and initiate corrective action before 
these issues escalate into reputational or operational crises (Overbey et al., 2017). The speed 
and immediacy of this feedback loop represent a substantial improvement over traditional 
consumer research methods, which often rely on retrospective data collection. 

Furthermore, social media fosters dynamic and participatory engagement between brands and 
consumers, which strengthens trust, brand loyalty, and relational equity. Consumers perceive 
responsiveness to their feedback as an indicator of transparency and reliability. This two-way 
communication is not only vital for brand management but also serves as a valuable source of 
qualitative data on consumer expectations and experiences (Shawky et al., 2019). As 
consumers become more empowered in the digital ecosystem, their expectations for corporate 
accountability and responsiveness have concurrently increased. 

The geographic and cultural diversity embedded within social media content offers 
unparalleled opportunities for cross-cultural analysis. Companies can access nuanced insights 
into local consumer attitudes, which is particularly valuable for multinational corporations 
operating across heterogeneous markets. Understanding cultural contexts is critical, as studies 
have shown that consumer perceptions of food safety and quality are not uniform but 
influenced by national food culture, socio-economic conditions, and historical trust in 
institutions (Kuttschreuter et al., 2014; Martinez & Nield, 2021). 

In addition to its commercial utility, social media analysis can contribute to public governance 
and regulatory development. Feedback obtained from digital platforms can guide food safety 
authorities in adjusting standards and communication strategies to align with public concerns. 
The incorporation of public sentiment into regulatory deliberations has the potential to enhance 
both legitimacy and effectiveness. Hutchings et al. (2023) argue that consumer-generated 
content should be viewed as a form of soft evidence, complementing scientific data in shaping 
policy responses to food safety risks. 

Finally, social media analytics is increasingly being augmented by artificial intelligence (AI) and 
machine learning (ML) techniques, which enable more sophisticated modeling of consumer 
behavior and sentiment. These technologies enhance the granularity, accuracy, and predictive 
capabilities of social media research, allowing for the identification of complex patterns that 
may not be discernible through conventional analytical approaches (Ahmed et al., 2022). As 
AI-driven models evolve, there is considerable potential to deepen the understanding of how 
consumers navigate food-related decisions in complex and uncertain environments. 

 



1.9.2 Challenges 

Despite its potential, the use of social media analytics in food safety and quality research 
presents significant challenges, particularly concerning data governance, methodological rigor, 
and analytical depth. The foremost concern involves privacy and ethical considerations. The 
collection, storage, and analysis of personal data from social platforms must comply with data 
protection regulations such as the General Data Protection Regulation (GDPR) in the 
European Union. Infringements can result in legal sanctions and, more critically, erosion of 
public trust (Bryman, 2016). 

Another persistent issue relates to the unstructured and often noisy nature of social media 
data. The variability in language use, sarcasm, slang, and multilingual content complicates 
sentiment extraction and interpretation (Tuten & Solomon, 2017). While natural language 
processing (NLP) algorithms have improved significantly, challenges remain in ensuring the 
reliability and validity of insights derived from such data. Without rigorous pre-processing and 
validation protocols, analyses risk being skewed or misrepresentative. 

Cultural and contextual heterogeneity further complicates the analytical process. Consumer 
responses to food safety incidents or marketing campaigns differ significantly across cultural 
groups. For instance, while Western consumers may emphasize transparency and ethical 
sourcing, others may prioritize freshness or traditional preparation methods. Chung et al. 
(2019) and Martinez and Nield (2021) highlight the limitations of existing research, which often 
fails to account for these cultural dimensions, leading to overgeneralization. Comprehensive, 
multi-country, and multi-lingual datasets are needed to generate robust cross-cultural insights. 

The rapidly evolving nature of social media platforms and user behaviors poses another 
methodological challenge. New platforms emerge, usage patterns shift, and algorithmic 
changes affect content visibility, thereby complicating longitudinal studies and requiring 
constant methodological adaptation (Macnamara, 2005). The volatility of digital ecosystems 
necessitates flexible and adaptive research frameworks that can accommodate such 
dynamism. 

Moreover, current studies often rely on surface-level sentiment analysis and keyword 
frequency counts, which, while informative, lack the depth to unpack the underlying 
psychological, cultural, or social drivers of consumer behavior. There is a growing consensus 
that richer, more contextualized analyses are needed to interpret why certain issues gain 
traction and how they are shaped by broader socio-political narratives (Kaur et al., 2021; Chen 
et al., 2020). 

The spread of misinformation on social media—particularly concerning food safety and health 
claims—represents a critical risk. False information can erode trust, incite public fear, and 
influence behaviors in ways that compromise health outcomes. Despite the recognized severity 
of this issue, there is a paucity of robust strategies to detect and mitigate misinformation in 
real-time. Vosoughi et al. (2021) call for the development of interdisciplinary frameworks that 
combine computational techniques with behavioral insights to address this challenge. 

Interdisciplinary integration remains another key difficulty. Research on social media analytics 
often exists in disciplinary silos—computer science, marketing, public health—each with its 



own methods and epistemological assumptions. Harmonizing these perspectives is crucial for 
achieving a holistic understanding of the implications of consumer sentiment data. Although 
machine learning and AI have begun to address some of these gaps, their deployment in the 
context of food safety remains underdeveloped (Ahmed et al., 2022). 

Lastly, there is a conceptual limitation in the bifurcation of food quality and food safety in 
existing research. Many studies tend to isolate one dimension, despite their interconnected 
nature in consumer perception. Li et al. (2022) advocate for an integrated analytical model that 
examines how safety and quality co-influence consumer trust, risk perception, and behavioral 
intention. A holistic approach that combines both constructs would better reflect the complexity 
of real-world consumer decision-making and offer more actionable insights for both 
policymakers and industry stakeholders. 

 

1.10 Food Product Recalls in the Food Industry 

Food product recalls are critical interventions aimed at protecting public health by removing 
unsafe or non-compliant products from the market. They serve as corrective actions in 
response to various hazards, including biological, chemical, and physical contaminants. The 
increasing complexity of global food supply chains, coupled with heightened consumer 
awareness, has amplified the significance of effective recall systems. This section examines 
the causes, impacts, and management of food product recalls, supported by academic 
literature and notable case studies. 

 

1.10.1 Causes of Food Product Recalls 

Recalls are predominantly initiated due to contamination by pathogens such as Salmonella, 
Listeria monocytogenes, and Escherichia coli, allergen mislabeling, foreign object presence, 
and chemical contamination. For instance, a study analyzing FDA food recall data from 2017 
to 2025 identified microbial contamination and undeclared allergens as leading causes of 
recalls (Ahmed et al., 2022). The study also highlighted that certain companies, including Frito-
Lay and Chang Farm, had multiple recalls during this period (FoodDocs, 2023). 

 

1.10.2 Global Case Studies of Major Food Recalls 

Across the globe, numerous high-profile food recalls have highlighted the vulnerability of food 
safety systems and the severe consequences of contamination. These cases serve as 
empirical illustrations of the structural, operational, and communicative shortcomings in food 
production and distribution. 

In the United States, one of the most devastating incidents occurred during the 2008–2009 
Salmonella outbreak linked to the Peanut Corporation of America (PCA). The contamination, 
originating from a processing facility in Georgia, led to over 700 reported illnesses and at least 



nine fatalities. More than 3,900 products were recalled, affecting 361 different companies. 
Subsequent investigations revealed that PCA knowingly shipped contaminated products, 
prompting criminal charges against top executives and culminating in the company’s 
bankruptcy (Centers for Disease Control and Prevention [CDC], 2009; Marler, 2010). The 
scale of this recall underscored systemic failures in regulatory oversight and internal quality 
assurance. 

Another significant recall emerged in 2015 when Blue Bell Creameries, a major U.S. ice cream 
producer, voluntarily recalled all its products after Listeria monocytogenes was found in 
multiple production facilities. The contamination caused three deaths and ten hospitalizations. 
The company faced severe consequences, including a complete operational shutdown, 
widespread product disposal, and a $19.35 million federal fine—one of the largest penalties 
ever imposed for food safety violations in the dairy sector (Taylor, 2016; U.S. Department of 
Justice, 2020). This case demonstrated how lapses in routine hygiene protocols and 
environmental testing could result in widespread public health risks and reputational damage. 

In more recent years, Rizo Lopez Foods Inc. became the subject of a major recall in 2024 
after Listeria contamination was detected in a range of dairy products, including cheeses and 
yogurts. The contamination prompted a multi-brand recall, with the FDA and other regulatory 
bodies emphasizing the challenge of product traceability in complex, decentralized supply 
chains (Food and Drug Administration [FDA], 2024). This event reaffirmed the critical 
importance of supplier verification and internal audit mechanisms within vertically integrated 
food systems. 

A particularly tragic example is the 2024 listeriosis outbreak linked to Boar’s Head Provision 
Company. Over seven million pounds of deli meats were recalled following reports of 60 
hospitalizations and 10 deaths. Investigators discovered extensive sanitary violations, 
including mold, insect infestation, and rusting machinery at one of the company’s processing 
facilities in Virginia. This case not only illuminated the consequences of inadequate facility 
maintenance but also raised serious questions about the frequency and stringency of routine 
inspections (Wikipedia, 2024a). 

Globally, similar failures have occurred with catastrophic outcomes. In Japan, the 
pharmaceutical and supplement company Kobayashi Pharmaceutical Co. recalled red yeast 
rice products after they were found to be contaminated with puberulic acid, a mycotoxin. The 
outbreak led to over 80 deaths and more than 500 hospitalizations. Investigations revealed 
production flaws, including the use of outdated equipment and overly extended fermentation 
cycles, which contributed to fungal contamination (Wikipedia, 2024b). This incident highlighted 
the growing food safety risks in the nutraceutical and functional food industries, which are 
often subject to different regulatory regimes. 

India has also faced scrutiny in recent years due to concerns over spice contamination. In 
2024, global retailers and regulatory bodies initiated a large-scale recall of spice products 
manufactured by MDH and Everest after ethylene oxide—a chemical classified as a Group 1 
carcinogen by the International Agency for Research on Cancer (IARC)—was detected in 
several product samples. This led to immediate market bans in countries such as Singapore, 
Hong Kong, and the Maldives, and prompted investigations by the European Food Safety 
Authority and the U.S. Food and Drug Administration. The controversy damaged the 



international standing of Indian spice exports and revealed gaps in quality control among 
export-focused firms (Wikipedia, 2024c). 

In Europe, the French multinational Lactalis experienced a major food safety scandal in 2018, 
when 12 million units of baby formula were recalled following the detection of Salmonella 
agona. The recall extended to more than 80 countries and provoked considerable public 
backlash after it emerged that Lactalis had delayed disclosing the contamination. Legal action 
followed, and the company faced criminal charges for its failure to report the contamination in 
a timely manner (Wikipedia, 2024d). The Lactalis recall is emblematic of the reputational and 
legal risks companies face when crisis communication is handled inadequately. 

Collectively, these cases demonstrate that food recalls are not limited to small or negligent 
producers. Instead, they occur across corporate scales and geographies, affecting legacy 
brands and multinational conglomerates alike. They reveal that lapses in sanitation, labeling, 
traceability, and corporate transparency can each be flashpoints for public health crises. 
These case studies provide valuable lessons for improving regulatory practices, implementing 
robust quality control systems, and developing effective crisis communication protocols to 
manage and mitigate future food safety events. 

 

1.10.3 Impacts of Food Recalls 

Food recalls exert far-reaching impacts across multiple dimensions, including public health, 
economic performance, and consumer trust. From a public health standpoint, the primary 
objective of a recall is to minimize harm by removing contaminated or mislabeled products 
from circulation. However, the success of a recall in achieving this aim depends heavily on its 
speed and scope. Delays in detection and communication, as witnessed in several high-profile 
incidents such as those involving Blue Bell Creameries and Boar’s Head, can significantly 
worsen the public health toll. The Boar’s Head listeriosis outbreak in 2024, which resulted in 
ten deaths and over sixty hospitalizations, illustrates how the consequences of delayed 
corrective action can be catastrophic (Wikipedia, 2024a). 

Economically, food recalls impose both direct and indirect costs on firms and their supply chain 
partners. Direct costs include the logistical expenses associated with identifying, retrieving, 
and disposing of affected products, as well as the labor costs of halting production lines and 
performing sanitation procedures. Indirect costs, often more difficult to quantify, stem from 
long-term reputational damage, loss of consumer confidence, litigation expenses, and in 
severe cases, bankruptcy. The recall involving the Peanut Corporation of America (PCA), for 
example, led to more than $1 billion in damages across the industry, bankrupting the company 
and triggering legal action against senior executives (Bakhtavoryan et al., 2014; Marler, 2010). 
These economic burdens are not isolated to the implicated firms but also affect downstream 
retailers, distributors, and even international trade relationships. 

Perhaps the most enduring consequence of a recall is the erosion of consumer trust. Trust is 
a cornerstone of consumer-brand relationships, particularly in sectors such as food and health, 
where product safety is often taken for granted. Empirical studies have demonstrated that 
consumers may shift their purchasing behavior in the wake of a recall, either by avoiding the 



brand in question or by opting for alternative product categories altogether (Pennings et al., 
2002). Rebuilding this trust is a lengthy and costly process, often requiring sustained 
transparency, third-party certification, and targeted marketing campaigns. Hence, the 
intangible reputational costs of a recall may persist long after the initial crisis has been 
resolved. 

 

1.10.4 Challenges in Recall Management 

Managing food recalls presents a complex array of challenges that span detection, 
communication, and execution. One of the most significant challenges lies in the timeliness of 
the recall process. Rapid identification of the contaminant source and swift implementation of 
corrective actions are essential to contain public health risks. However, many recalls are 
initiated only after consumer illnesses have been reported, laboratory analyses completed, 
and regulatory agencies mobilized. The latency between the onset of contamination and the 
formal recall announcement allows for widespread distribution of the affected product, thereby 
increasing the magnitude of harm. Investigations into past recall events have repeatedly 
criticized both corporate actors and regulatory bodies for sluggish response times (Food and 
Wine, 2025). 

Effective communication is another major obstacle. While regulatory agencies such as the 
FDA and CDC publish recall notices, the extent to which these messages reach the average 
consumer is highly variable. Many consumers are unaware of ongoing recalls due to 
fragmented dissemination strategies that rely on press releases or website updates, which 
often go unnoticed. Low public engagement with these sources, especially among vulnerable 
populations with limited digital access, exacerbates the risk that contaminated products will 
be consumed even after a recall has been issued. This problem is further compounded by 
linguistic, educational, and cultural barriers that may limit the effectiveness of standardized 
recall messages. 

Traceability is equally critical, yet frequently deficient in practice. The globalization of food 
supply chains and the proliferation of multi-ingredient products have made it increasingly 
difficult to identify and isolate contaminated items promptly. Many manufacturers lack 
comprehensive, real-time visibility into their upstream and downstream partners, hindering the 
precision and efficiency of recalls. Inadequate recordkeeping, inconsistent lot coding, and lack 
of digital infrastructure further impede the ability to conduct targeted withdrawals. This 
limitation often forces companies to recall broader product categories than necessary, 
resulting in greater economic loss and consumer confusion. 

 

1.10.5 Academic Perspectives on Food Product Recalls in the Food Industry 
 
Food product recalls have emerged as a critical area of scholarly inquiry due to their 
multidimensional consequences for public health, economic performance, corporate 
governance, and consumer trust. Academic literature on this subject reflects a convergence 



of interests across disciplines including food safety science, economics, law, supply chain 
management, and behavioral studies, underscoring the complexity and significance of recall 
events in the contemporary food industry. 
 
A central theme in the literature is the identification of the leading causes of food recalls. 
Microbiological contamination, including Listeria monocytogenes, Salmonella spp., and 
Escherichia coli, as well as allergen mislabeling and the presence of foreign materials, are 
consistently highlighted as the primary triggers. Minor, Klontz, Brown, and Klontz (2019) 
present a systematic review of recalls due to undeclared allergens, revealing an upward trend 
in both frequency and severity of such incidents, which poses significant challenges for food 
manufacturers and regulators alike. 

Parallel to the concern over food safety risks are the economic implications of recalls, which 
have been extensively analyzed through event studies and financial models. Thomsen and 
McKenzie (2001) demonstrate that recalls within the meat and poultry sectors precipitate 
statistically significant declines in shareholder value, reflecting investor sensitivity to food 
safety liabilities. Salin and Hooker (2001) corroborate these findings, emphasizing that firms 
involved in recall incidents suffer both immediate and residual losses in market capitalization, 
particularly when the recall suggests operational negligence. 

Beyond financial losses, food recalls challenge the integrity of global food supply chains. Feng 
and MacDonald (2010), using a stochastic frontier model, argue that improving firm-level food 
safety protocols and auditing systems can substantially reduce the risk and extent of recalls. 
Their findings highlight the role of internal control mechanisms in bolstering system-wide food 
safety. Furthermore, Jin and Leslie (2003), in their analysis of hygiene grade cards in the 
restaurant sector, provide empirical evidence that public disclosure tools enhance compliance 
and improve consumer outcomes by incentivizing firms to maintain quality standards. 

The regulatory dimensions of recall events are also widely addressed in the literature. Buzby 
and Frenzen (1999) examine the intersection of product liability laws and food safety, 
suggesting that legal incentives play a significant role in shaping corporate behavior. Liu and 
Ma (2016), focusing on food recalls in China, find that regulatory enforcement significantly 
influences the transparency of Corporate Social Responsibility (CSR) disclosures. These 
studies underscore the importance of robust legal frameworks and institutional oversight in 
ensuring food safety and corporate accountability. 

Consumer response to food recalls constitutes another key domain of scholarly exploration. 
Rouviere and Caswell (2012) argue for a regulatory shift from punitive measures toward 
preventive approaches, emphasizing the erosion of consumer trust following recall 
announcements. Ali and Kapoor (2009) further demonstrate that in the Indian context, levels 
of consumer awareness about food safety laws critically affect post-recall purchasing 
behavior, particularly in urban markets where information asymmetry remains a challenge. 

Finally, individual recall incidents have served as instructive case studies for assessing 
systemic vulnerabilities. McEntire (2007) examines the 2006 E. coli outbreak in leafy greens, 
which catalyzed regulatory reforms and improvements in traceability protocols. Such case-
based analyses contribute to the refinement of best practices and policy interventions across 
the food supply continuum. 



In sum, the academic literature on food product recalls reveals a complex interplay of factors—
biological, economic, legal, managerial, and behavioral—that must be considered in both 
theoretical modeling and practical implementation of food safety strategies. These insights not 
only inform scholarly discourse but also hold considerable relevance for industry stakeholders 
and policy-makers engaged in safeguarding public health and consumer confidence. 

 

1.10.6 Strategies for Improvement 

Improving the efficacy of food recall systems necessitates a multifaceted approach that 
combines technological innovation, regulatory reform, and stakeholder engagement. One of 
the most promising avenues for advancement lies in the adoption of digital traceability 
technologies, such as blockchain and Internet of Things (IoT)-enabled sensors. These tools 
provide immutable records of product movement and conditions across the supply chain, 
thereby allowing for more rapid identification of contaminated batches and reducing the scope 
of necessary recalls (Galvez et al., 2018). By enabling end-to-end visibility and real-time data 
sharing, such technologies can significantly shorten the time between contamination detection 
and public notification. 

At the regulatory level, harmonizing recall protocols across jurisdictions and tightening 
enforcement mechanisms can enhance responsiveness and consistency. For instance, 
regulatory agencies might mandate stricter reporting timelines for suspected contamination 
and implement penalty structures that incentivize proactive disclosure. Additionally, 
standardizing recall classifications—based on risk level, product type, and population 
vulnerability—could facilitate more coherent public messaging and cross-agency coordination. 
These reforms should be accompanied by robust audit programs and regular simulation 
exercises to test and refine recall readiness. 

Consumer engagement is another critical frontier. Communication strategies must evolve 
beyond traditional media to incorporate digital platforms, including mobile apps, email alerts, 
and social media, which can deliver tailored and timely information to specific consumer 
segments. Retailers and online marketplaces can play a crucial role by integrating recall data 
into point-of-sale systems and online order histories, thereby enabling direct notifications to 
affected consumers. Furthermore, educational campaigns aimed at improving public 
awareness of food safety protocols and recall procedures can foster a more informed and 
proactive consumer base. 

Finally, industry collaboration should be encouraged through knowledge-sharing forums, joint 
research initiatives, and the development of voluntary standards. Public-private partnerships 
can help bridge the gap between regulatory expectations and operational capabilities, 
fostering a culture of continuous improvement and mutual accountability. By leveraging these 
collective resources, the food industry can move toward a more resilient and transparent recall 
ecosystem. 

 



1.10.7 Toward Enhanced Recall Readiness and Systemic Resilience 

Food product recalls serve as essential safeguards within modern food systems, yet they 
remain fraught with procedural, logistical, and communicative challenges. Their implications 
extend beyond immediate health risks, imposing substantial economic costs and eroding 
consumer trust. High-profile recall events such as those involving the Peanut Corporation of 
America, Blue Bell Creameries, Rizo Lopez Foods, and international firms like Kobayashi 
Pharmaceutical Co. and Lactalis underscore the pervasive nature of these risks and the 
limitations of existing control mechanisms. 

To navigate this complex terrain, the food industry must adopt a proactive and integrated 
approach to recall management. Investments in digital traceability technologies, regulatory 
harmonization, and consumer-centric communication strategies are indispensable for 
enhancing responsiveness and minimizing harm. Moreover, fostering intersectoral 
collaboration and embedding a culture of transparency and accountability are essential for 
building more robust and credible food safety systems. 

As food production and distribution continue to globalize, the ability to detect, respond to, and 
learn from recall events will be a key determinant of both public health resilience and corporate 
sustainability. Consequently, advancing the science and practice of recall management should 
remain a top priority for food safety stakeholders worldwide. 

 

 

1.11 Aim of the study 

This study investigates consumer perceptions of food quality and safety as reflected in social 
media discourse and web-based data. It seeks to address critical challenges in understanding 
these perceptions by employing a comprehensive, technologically advanced approach. The 
research underscores the pivotal role of consumer perception analysis in strengthening food 
safety governance, enhancing crisis management, and informing the development of more 
effective, culturally attuned public health and industry policies. 

Through the integration of advanced analytical techniques—such as machine learning, artificial 
intelligence, and real-time data processing—this study offers a dynamic framework for 
monitoring and interpreting consumer sentiment across diverse cultural and demographic 
segments. Social media platforms, in particular, present a rich, real-time repository of 
consumer concerns, expectations, and reactions that can be utilized as an early warning 
system for emerging food safety risks. This capability enables stakeholders to enact rapid, 
targeted responses that can mitigate potential public health threats and reputational damage 
to the food industry. 

Moreover, by illuminating the nuanced, culturally embedded dimensions of consumer attitudes, 
the study contributes to the design of more responsive and inclusive communication and 
regulatory strategies. In doing so, it aligns consumer expectations with regulatory frameworks 
and corporate practices, ultimately advancing both consumer protection and public trust. This 



interdisciplinary research thus provides actionable insights for policymakers, industry leaders, 
and public health authorities aiming to navigate the complex interface of technology, culture, 
and food safety in the digital age. 

  



2.Materials and Methods 
 

2.1 Data Collection Methodology 

Data were programmatically collected from Instagram and TikTok using the Apify web 
scraping platform (https://console.apify.com/), which enables automated data extraction 
through pre-configured, modular scripts known as Actors. Two specialized actors were 
deployed for this study: one targeting Instagram posts and another designed to scrape TikTok 
videos, user metadata, and engagement metrics. Figures 6 and 7 illustrate the configuration 
interfaces used for each actor. A total of 42 independent scraping runs were conducted, with 
21 for each platform. Each run was configured around a distinct set of topically curated 
hashtags, as detailed in Table 1. These hashtags spanned a thematic spectrum that included 
public health terms (such as #foodsafety and #foodalert), brand-specific recall indicators (such 
as #CocaColaRecall and #Ferrerorecall), and multilingual tags including Greek-language 
terms (e.g., #τροφικήδηλητηρίαση and #ασφάλειατροφίμων), thus ensuring linguistic and 
geographic diversity in the resulting dataset. 

 

 
Figure 6. Actor ‘Instagram Hashtag Scraper’ used for Instagram data scraping. 



 

Figure 7. Actor ‘TikTok Data Extractor’ used for Instagram data scraping. 

 

The volume of content collected per run varied and was determined dynamically based on the 
relative popularity and saturation level of the hashtags used. For both Instagram and TikTok, 
more popular hashtags yielded larger datasets, while less active hashtags resulted in fewer 
extracted records. This flexible quota system allowed the sampling strategy to remain adaptive 
and proportionate to real-time engagement patterns on each platform, avoiding the imposition 
of a standardized extraction ceiling. The iterative keyword-based sampling framework further 
enhanced the relevance and diversity of the data collected across different thematic domains 
and timeframes. 

 

 

 

 

 



Table 1. Summary of all 21 scraping runs with all hashtags. 
 

 
 

All data records from Instagram and TikTok were exported in structured JSON format, 
enabling consistent post-processing and cross-platform comparability. Each record contained 
an extensive set of metadata fields, as shown in Figure 9. These included textual content 



(captions, hashtags, language), user information (account ID, profile link, follower metrics, 
verification status), and engagement indicators (likes, comments, shares, and views). In the 
case of video content, additional attributes such as duration, resolution, file format, and cover 
images were also included. Each record was time-stamped and linked to its source through 
unique media and web URLs, with supplementary information such as background music 
metadata provided where available. 

 

Figure 8. Typical example of the JSON format datasets used in the study. 

 

Ethical and technical considerations were carefully addressed throughout the data collection 
process. All data were obtained exclusively from publicly accessible sources, and no private 
or restricted user content was accessed. The Apify platform facilitated compliance with ethical 
standards through built-in rate limiting, logging, and automated anonymization where 
applicable. All JSON files were securely stored and used solely for academic analysis in 
accordance with institutional data governance and ethical research protocols. This ensured 
transparency, reproducibility, and integrity in the acquisition and handling of digital trace data. 



2.2 Data Collection Methodology Hashtag Frequency Analysis via 
Programmatic Preprocessing and Structured Data Aggregation 
 

The collected social media data underwent a systematic frequency analysis of hashtags, 
implemented through a Python-based analytical pipeline (see Appendix A for the full code). 
The objective of this phase was to quantify the thematic prominence of hashtags across the 
dataset and to establish a foundational structure for subsequent annotation and content 
interpretation. The analysis was fully automated and designed to support scalable and 
reproducible processing of large volumes of JSON-formatted data retrieved from Instagram 
and TikTok. 

To facilitate user interaction, a graphical interface was developed using Python’s tkinter library. 
This interface enabled the user to specify both the working directory containing the scraped 
files and the name of the product under investigation. Once selected, all .json files within the 
directory were identified and parsed. The files were read using UTF-8 encoding and 
concatenated into a unified list structure. Each JSON object was filtered to retain only valid 
entries—those containing a unique post identifier (id)—to eliminate malformed or incomplete 
records at the source. 

The filtered JSON objects were then processed to extract a consistent set of attributes: post 
ID, content type, shortcode, caption, list of hashtags, comment and like counts, creation 
timestamp, and owner ID. Where fields were occasionally missing, exception handling was 
applied to maintain robustness and avoid script interruption. The resulting collection was 
compiled into a pandas.DataFrame, providing a tabular data structure suitable for further 
cleaning and transformation. Duplicate entries were eliminated based on the post ID, and all 
timestamps were standardized into Python datetime objects with timezone metadata removed 
to ensure consistency in temporal analyses. 

Several placeholder columns were introduced to the DataFrame to enable future annotation: 
foodrecall_related_human, foodrecall_related_ai, and sentiment, all initialized with a default 
status of “waiting.” Additionally, a sequential index column was added for tracking and manual 
review purposes. The finalized and cleaned DataFrame was then exported into an Excel file, 
named after the product selected by the user, and stored in a designated output directory. 
This file served as the foundation for all subsequent quantitative and qualitative analyses. 

The core frequency analysis focused on the distribution of hashtags across the entire dataset. 
Hashtags were first extracted from the DataFrame and compiled into a single list, omitting any 
entries containing None values. This list was flattened to account for nested structures, and 
the resulting vector of hashtags was analyzed using Python’s collections.Counter class. The 
script identified the 100 most frequently occurring hashtags, providing a concise yet 
comprehensive representation of dominant discursive patterns in the dataset. 

The entire analytical process was logged in detail using Python’s logging module. Time-
stamped logs documented each step of the pipeline, including the absolute paths of the input 
files, the initial and post-filtering sizes of the dataset, and summaries of data types and 
descriptive statistics. Crucially, the final output of the hashtag frequency analysis—the top 100 



most frequent hashtags with associated counts—was also recorded. These logs were saved 
as timestamped .txt files, as shown in Appendix B, enabling full reproducibility and traceability 
of the analytical workflow. They serve not only as an audit trail but also as a transparent 
summary of both procedural steps and substantive outputs. 

 

2.3 Automated Annotation Using Large Language Models 

Following the frequency analysis and initial structuring of the dataset, each exported Excel file 
contained a series of columns initialized with the placeholder value “waiting.” These 
placeholders indicated fields to be populated during the second analytical phase, which 
involved the automated evaluation of content using a local deployment of large language 
models (LLMs). This phase was implemented through a dedicated Python script that 
leveraged model inference to systematically annotate each social media post across a 
structured set of thematic, categorical, and sentiment-based dimensions. 

The analysis pipeline was designed to integrate seamlessly with the previously structured .xlsx 
file. Upon execution, the script prompted the user to specify the Excel file of interest, which 
had been exported from the hashtag frequency analysis stage. The script began by loading 
the file into a pandas.DataFrame, filtering out any non-relevant columns (such as unnamed 
indexing fields), and identifying rows where annotation was pending—i.e., where the value of 
the field llm_eval remained “waiting.” 

A local LLM model was then instantiated using the llama_cpp interface. Depending on the 
user-defined parameter, either the LLaMA 3 model or the Phi-3 mini variant was selected. The 
script defined the appropriate path to the model file in GGUF format and configured the model 
with context length, threading, and GPU offloading settings tailored to system capacity. Once 
the model was loaded, it was ready to perform inference. 

Each caption in the dataset was passed as input to the model within a templated prompt 
designed to extract answers to a fixed set of 17 research questions, as presented in Table 2. 
To ensure the effectiveness and reliability of the automated annotation process, the structured 
evaluation questions were initially tested using ChatGPT. A random sample of ten posts from 
the extracted dataset was selected, and each post was manually inputted along with the full 
prompt containing the evaluation questions. The outputs generated by the model were 
reviewed and validated through human evaluation, confirming that the questions were properly 
interpreted and that the answers were consistently aligned with the expected format. This 
preliminary validation phase ensured that the prompt design was operationally sound and that 
the model could accurately handle the task before the full-scale analysis was executed using 
the locally deployed LLM. The Python script which was used for the LLM evaluation is 
presented in Appendix C. 

 

 



These questions spanned several analytic categories: topical relevance (food quality, food 
safety, food recall), product characteristics (category, packaging, brand, producer, origin), risk 
classification (chemical, microbiological, physical), and metadata dimensions (user gender, 
sentiment, batch number, best-before date). The model was instructed to return discrete 
responses—most commonly “True,” “False,” or “N/A”—without additional explanation, 
ensuring uniformity and ease of parsing. 

 

Table 2. The questions used for the posts’ evaluation. 

No. Evaluation Question Expected Answer 
Format 

1 Does this post concern Food Quality? True / False / N/A 
2 Does this post concern Food Safety? True / False / N/A 
3 Does this post concern Food Recall? True / False / N/A 
4 Does this post give us information on the Product Category? True / False / N/A 
5 If the Product Category is given, name it with maximum 2 words. Category Name / N/A 

6 Is the product packed or non-packed? Packed / Non-packed / 
N/A 

7 Where is the concerned product produced? Country / N/A 
8 Which company sells this product? Company Name / N/A 
9 Which company produces this product? Company Name / N/A 
10 Which is the brand of this product? Brand Name / N/A 

11 Indicate if the user is a man, woman or other. Man / Woman / Other / 
N/A 

12 What is the risk associated with the specific product? Risk Description / N/A 
13 Does this post concern a Chemical risk? True / False / N/A 
14 Does this post concern a Microbiological risk? True / False / N/A 
15 Does this post concern a Physical risk? True / False / N/A 

16 Does this post give us specific information on the ‘best before date’ 
of the product? True / False / N/A 

17 Classify the sentiment of this Instagram post. Positive / Negative / 
Neutral 

 

The model’s textual response was processed using regular expressions to extract the answers 
to each predefined question. These responses were then mapped directly into the 
corresponding columns of the DataFrame. Additionally, the time taken to evaluate each post 
was recorded and stored in the llm_eval field. This systematic annotation loop continued until 
all posts had been evaluated, with intermediate results saved incrementally to the same Excel 
file to ensure data persistence in case of interruption. 

This semi-automated procedure enabled the transformation of unstructured caption content 
into a high-resolution annotated dataset suitable for further quantitative and qualitative 



analysis. Importantly, by relying on a locally hosted LLM rather than API-based services, the 
process ensured data security, avoided rate-limiting constraints, and offered full control over 
model parameters and reproducibility. The outcome of this phase was a fully enriched dataset, 
with each post now labeled along multiple dimensions of analytical relevance, facilitating 
downstream tasks such as content classification, thematic mapping, and risk identification. 

 

2.4 Human Evaluation and AI Comparison 

After all Instagram data was extracted and analyzed using Python code to generate 
answers for each question, a set of 100 random posts was selected for additional 
human evaluation. For each of these 100 posts, a human assessment was conducted 
using the same questions posed in the AI evaluation. 

A total of 11 individuals participated in this assessment. They were provided with an Excel-
based questionnaire containing the selected 100 Instagram posts along with their associated 
hashtags. Each participant independently responded to all questions. Notably, half of the 
evaluators had an academic background in Food Science or Food Technology, while the other 
half represented various other academic disciplines. Upon completion, the average human 
response per question was calculated and integrated into the master data file. These human 
responses were recorded next to the AI-generated answers for each corresponding post and 
question. 

 

2.5 Accuracy Evaluation Using Confusion Matrices 

To assess the accuracy of the AI-generated responses, a Confusion Matrix (Error Matrix) was 
constructed. One axis represented the Human Evaluation results, and the other axis 
represented the AI Evaluation outcomes. This comparison was conducted through confusion 
matrices, using the most frequently selected human response per post as the reference 
standard. 

Questions with categorical responses (e.g., True, False, N/A) were directly compared, and 
matches were counted for qualitative responses such as sentiment (Positive, Negative, 
Neutral). 

For open-ended questions where predefined categories were not used, a textual match was 
evaluated to determine correspondence between human and AI answers. This comparison 
enabled the completion of respective matrices and informed subsequent accuracy metrics. 
The resulting matrices formed the basis for analyzing discrepancies, patterns, and potential 
improvements in AI-based inference systems. 

The comprehensive dataset, now containing both AI and human-generated answers, served 
as the foundation for further analyses aimed at extracting comparative insights, understanding 
accuracy levels, and identifying correlations across evaluation types. 



2.6 Statistical Significance Testing of Platform Differences 

To determine whether the observed differences between Instagram and TikTok across all 
evaluated variables were statistically meaningful, a series of inferential statistical analyses 
was conducted. These tests aimed to assess whether variations in proportions across the two 
social media platforms could be attributed to systematic differences rather than to random 
fluctuation within the sampled datasets. Given that the dataset comprised structured 
responses across seventeen variables—most of which were categorical in nature—the 
statistical testing approach was tailored to the nature of each variable. 

For all variables that were binary or dichotomous in structure, such as whether a post 
mentioned food quality, safety, or recall (classified as “True” or “False”), the two-proportion z-
test was deemed the most appropriate method. This test is designed to compare the 
proportions of a given outcome between two independent samples. In this context, the two 
samples were the sets of posts from Instagram and TikTok, and the outcome was the 
presence or absence of a specific characteristic in the evaluated posts. The formula applied 
for the two-proportion z-test was as follows: 

𝑧 =
𝑝! − 𝑝"

%𝑝(1 − 𝑝)( 1𝑛!
+ 1
𝑛"
)
 

where 𝑝! and 𝑝" represent the proportions of posts labeled as “True” for Instagram and TikTok, 
respectively, and 𝑛! and 𝑛"denote the number of evaluated posts for each platform (excluding 
“N/A” and other non-informative responses). The pooled proportion 𝑝, which combines the 
successes from both groups, is calculated using 

𝑝 =
𝑥! + 𝑥"
𝑛!	 + 𝑛"

 

where 𝑥! and 𝑥" are the counts of “True” outcomes in each platform. This statistical framework 
allowed for the calculation of a z-score, which was subsequently used to derive a p-value 
assessing the significance of the observed differences. 

For one variable—Question 17, which asked for sentiment classification of each post—the 
response structure was multicategorical, with possible values being “Positive,” “Neutral,” or 
“Negative.” In this case, a two-proportion z-test would be inappropriate due to the presence of 
more than two outcome categories. Therefore, a Chi-square test of independence was applied 
to examine whether the distribution of sentiment differed significantly between the two 
platforms. The Chi-square statistic is calculated using the formula: 

𝑥" = 𝛴
(𝛰 − 𝛦)"

𝛦  

where 𝛰 is the observed frequency in each cell of the contingency table, and 𝛦 is the expected 
frequency under the null hypothesis of independence between sentiment category and 
platform. The resulting Chi-square statistic was then used to compute a p-value, which 
indicated whether the distribution of sentiment across platforms was statistically different. 



Several additional considerations were taken into account during the testing process to ensure 
accurate interpretation of results. Certain variables did not rely solely on explicit binary 
indicators like “True” or “False.” For example, in Question 4 (“Does this post give us 
information on the Product Category?”), evaluators often entered a specific category name 
(e.g., “Dairy” or “Snacks”) rather than the literal term “True.” Given that such entries clearly 
confirmed the presence of a valid product category, they were systematically recorded under 
the “True” umbrella for the purposes of statistical analysis. This method was also applied to 
other variables where categorical or descriptive responses conveyed the affirmative presence 
of the concept under evaluation. 

Equally important was the consistent treatment of non-informative values. Responses such as 
“N/A,” “Not Available,” “Not Mentioned,” and “Not Specified” were excluded from the statistical 
tests. These responses do not represent affirmative or negative assessments but rather reflect 
the absence of sufficient information, and their inclusion would have artificially inflated the 
denominators and distorted the comparative analysis. Therefore, only posts with valid, 
content-specific evaluations were included in the final counts used for statistical significance 
testing. 

In summary, the application of the two-proportion z-test across binary categorical variables 
and the Chi-square test for multiclass sentiment analysis allowed for a robust examination of 
platform-based differences. The testing approach adhered strictly to methodological rigor, 
ensuring that all significant claims were supported by appropriate statistical evidence. These 
results provide a solid foundation for evaluating the reliability and variability of information 
presented on Instagram and TikTok in the context of food safety and risk communication. 

 
 
 
 
 
 
  



3. Results 
3.1 Overview of Data Analysis 

This chapter presents the outcomes of the large language model (LLM)-based evaluation 
applied to the final dataset comprising 3,407 Instagram posts and 5,832 TikTok posts. As 
detailed in the methodology, each caption was processed using a locally hosted LLM through 
a standardized prompt designed to extract answers to 17 structured analytical questions. 
Figures 9 and 10 show the number of total answers received per question, for Instagram and 
TikTok accordingly. The resulting annotations excluded all “N/A” responses and captured only 
the valid outputs generated for each question. The analysis thus provides a quantitative 
overview of content characteristics across both platforms, enabling comparative insights into 
thematic prevalence, metadata extractability, and the frequency of food-related risk and quality 
indicators. The distribution of valid LLM-generated answers per evaluation dimension is 
summarized below. 

 

 

Figure 9. Total number of answers given by llm evaluation of Instagram posts, per question. 
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Figure 10. Total number of answers given by llm evaluation of TikTok posts, per question. 

 

Across both platforms, sentiment classification was the most consistently answered question. 
For Instagram, valid sentiment labels were returned for 99.5% of posts (3,390 out of 3,407), 
and for TikTok, 96.9% (5,650 out of 5,832). Among the food-related thematic categories, food 
quality was the most prevalent, with 90.0% of Instagram posts and 86.9% of TikTok posts 
being identified as addressing this topic. Food safety followed closely on Instagram, annotated 
in 85.1% of posts, whereas it appeared in only 64.5% of TikTok content. A more pronounced 
divergence was observed in the food recall dimension: 74.0% of Instagram posts contained 
recall-related content, compared to only 30.2% on TikTok. 

Risk classification questions—concerning physical, chemical, and microbiological hazards—
were addressed more frequently in Instagram posts. Microbiological risks were identified in 
66.6% of Instagram captions versus 49.9% in TikTok, chemical risks in 59.2% versus 39.2%, 
and physical risks in 53.4% versus 34.2%, respectively. These patterns indicate that Instagram 
content consistently offered greater textual specificity with respect to explicit hazard types. 

The extraction of product-related metadata also showed platform-dependent discrepancies. 
For instance, the brand name was identified in 46.3% of Instagram posts compared to 30.6% 
in TikTok. Similarly, references to the producer company appeared in 29.7% of Instagram 
entries and only 8.7% of TikTok posts, while the seller company was mentioned in 54.5% of 
Instagram posts against 28.1% in TikTok. Packaging status (packed vs. non-packed) was 
inferable in 12.1% of Instagram posts and 5.0% of TikTok content. 

The only metadata dimension where TikTok significantly outperformed Instagram was country 
of origin, which was detected in 99.7% of TikTok posts and only 18.3% of Instagram posts. 
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This discrepancy likely reflects platform differences in metadata presentation or content 
formatting, particularly TikTok’s tendency to include country tags or geographic references in 
structured form. Additionally, product category information (whether named or not) was 
present at similar levels across platforms: 17.8% of Instagram posts and 18.3% of TikTok 
posts contained basic category data, while a named category (max two words) was provided 
in 10.0% and 12.4% of posts, respectively. 

In terms of user demographics and temporal references, gender identification was achieved 
in only 7.4% of Instagram posts but rose to 19.3% in TikTok, likely due to stronger visual or 
linguistic cues present in TikTok captions. Conversely, best-before dates were found more 
frequently on Instagram (15.3%) than on TikTok (4.7%), indicating a greater tendency of 
Instagram content to include shelf-life or expiration information. Finally, the ability of the model 
to generate a specific description of the risk associated with the product was notably higher 
on Instagram, with 53.6% of posts containing such information, compared to 22.1% on TikTok. 

 

3.2 Sentiment Distribution and Engagement Metrics 

Sentiment classification was successfully performed on nearly all posts in both datasets using 
the locally hosted large language model. For Instagram, 3,390 out of 3,407 posts (99.5%) 
received a valid sentiment label, while for TikTok, the corresponding figure was 5,650 out of 
5,832 posts (96.9%). The model assigned each post one of three sentiment categories: 
Positive, Neutral, or Negative. 

In the Instagram dataset, the vast majority of posts were labeled as Positive, constituting over 
95% of all entries. Neutral sentiment was assigned to approximately 3.3% of the posts, and 
Negative sentiment appeared in only around 0.2%. Despite their small number, negative posts 
were associated with the highest levels of user engagement, averaging 674 likes and 47 
comments per post. In contrast, neutral posts averaged approximately 66 likes and 4.8 
comments. Positive posts, although most frequent, typically received lower engagement 
metrics, though the exact averages for this category were not computed separately due to 
inconsistencies in sentiment label formatting that affected a negligible portion of the dataset. 

For TikTok, sentiment distribution exhibited a similar pattern, though with slightly more 
variation. Most labeled posts were again Positive, though the exact proportion could not be 
quantified due to the presence of non-standard labels and data inconsistencies in a small 
number of entries. Neutral posts accounted for approximately 3.8% of the TikTok dataset, and 
Negative sentiment was assigned to 0.5% of posts. As observed in Instagram, negative 
sentiment was associated with the highest engagement levels. Posts labeled as negative 
received, on average, over 1.49 million play counts and approximately 1,300 comments. 
Neutral posts averaged about 387,000 play counts and 334 comments. 

For TikTok, play count was used as the principal engagement metric instead of likes, reflecting 
the video-centric nature of the platform where content exposure is more accurately measured 
by the number of views. The elevated engagement metrics associated with negative posts on 
both platforms point to a consistent pattern, though sentiment frequencies remain 
overwhelmingly skewed toward positive classifications. 



In both datasets, minor inconsistencies were observed in sentiment labeling, including 
formatting variations such as repeated “Neutral” entries with slight textual deviations. These 
cases affected less than 0.1% of the total posts and were excluded from the main analysis 
due to their negligible impact on the overall distribution. 

Table 3 presents the resulting accuracy percentages per question. These values reflect the 
proportion of AI predictions that aligned with human consensus across the sample of 100 
posts. As shown, performance varied significantly depending on the nature of the question. 
High accuracy levels were achieved for factual and well-defined attributes, such as product 
origin (90%), user gender (89%), and risk type (83%). Conversely, more context-sensitive or 
inferential dimensions—such as Food Recall (33%), Best Before Date (13%), and Physical 
Risk (24%)—exhibited substantially lower agreement rates. 

 

 
Table 3. Accuracy percentage (%)  per question. 

No. Evaluation Question Accuracy (%) 
1 Food Quality 75.0 

2 Food Safety 55.0 

3 Food Recall 33.0 

4 Product Category 35.0 

5 Product Category Name 67.0 

6 Product Packaging 69.0 

7 Origin 90.0 

8 Selling Company 60.0 

9 Producing Company 70.0 

10 Product Brand 62.0 

11 Gender 89.0 

12 Risk 83.0 

13 Chemical Risk 33.0 

14 Microbiological Risk 31.0 

15 Physical Risk 24.0 

16 Best Before Date 13.0 

17 Sentiment 70.0 



3.3 Risk Category Mentions 

As part of the LLM-based annotation process, each post was evaluated against three binary 
questions corresponding to specific types of food-related hazards: chemical, microbiological, 
and physical risks. The model returned a discrete value (“True,” “False,” or “N/A”) for each 
category. In this section, only affirmative (“True”) responses are reported, and proportions are 
calculated based on the total number of analyzed posts for each platform. 

For Instagram, chemical hazards were identified in 337 posts, accounting for 9.9% of the 
dataset. Microbiological hazards were the most frequently flagged category, with 1,434 
posts marked as relevant, representing 42.1% of the total. Physical hazards were detected 
in 362 posts, equivalent to 10.6% of the Instagram dataset. 

In the TikTok dataset, the LLM identified chemical hazards in 203 posts, corresponding to 
3.5% of all evaluated entries. Microbiological risks were again the most frequently marked 
hazard type, found in 1,643 posts or 28.2% of the total. Physical hazards were present in 
300 posts, comprising 5.1% of the TikTok data. 

These results indicate that microbiological risks constituted the predominant hazard 
classification on both platforms, although the relative frequency was substantially higher in 
Instagram posts. Chemical and physical hazards appeared less frequently overall, with all 
three hazard types showing higher proportional presence in Instagram content compared to 
TikTok. 

 

3.4 Product Category Trends Across Platforms 

The analysis of product categories in posts from both Instagram and TikTok reveals 
converging patterns of consumer focus, albeit with minor platform-specific variations. On both 
platforms, chocolate emerged as the most frequently mentioned category—accounting for 319 
posts on Instagram and 257 on TikTok—underscoring its central role in public discussions 
around food. Similarly, milk powder, pastries, and fast food consistently ranked among the top 
five categories across platforms, pointing to shared concerns or interests among users 
regarding these items. 

Instagram showed a comparatively higher emphasis on cereals (234 posts) and candy, while 
TikTok reflected more frequent references to ice cream and snacks. Despite these differences, 
the broad alignment across categories suggests that topics surrounding processed foods, 
sweets, and ready-to-consume products dominate online conversations related to food safety, 
quality, and recall. This alignment may be attributed to the widespread consumption of such 
items, their visibility in food marketing, and their susceptibility to public scrutiny. 

 

 



 

Figure 11. Top 15 Product Categories depicted in the extracted data for Instagram. 

 

 

Figure 12. Top 15 Product Categories depicted in the extracted data for TikTok.. 

 



Moreover, while some lower-ranked categories such as yogurt, chips, and vegetables also 
appeared consistently in both datasets, their overall representation was notably less, 
indicating a narrower band of user attention. The convergence of thematic interest across 
Instagram and TikTok users highlights the potential for cross-platform insights into public 
sentiment and concern surrounding food product safety. 

 

3.5 Brand Visibility and Corporate Presence Across Platforms 

To assess the visibility of corporate entities within user-generated content, the frequency of 
company mentions was quantified based on the annotated outputs of the LLM evaluation. The 
analysis focused on identifying the most referenced food-related companies across the two 
social media platforms. This information is presented through two bar charts (Figures 11 & 
12), one for Instagram and one for TikTok, each depicting the 15 most frequently mentioned 
companies after data cleaning and consolidation of synonymous or variably formatted entries 
(e.g., “Nestlé” and “Nestle”). 

 

 

Figure 13. Top 15 companies based on number of posts in Instagram dataset. 
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Figure 14. Top 15 companies based on number of posts in TikTok dataset. 

 

 

These graphs provide a comparative lens into the prominence of specific brands in the social 
media discourse related to food products. The relative ranking and mention volumes reveal 
notable differences between the platforms. While some multinational corporations—such as 
Nestlé and Coca-Cola—are recurrent across both platforms, their relative frequency and the 
steepness of the distribution curve vary considerably. This suggests that platform-specific 
dynamics, including user engagement style and content typology, may shape brand 
representation in distinct ways. The visualizations serve as a foundation for interpreting the 
influence and pervasiveness of commercial actors within digital food communication, setting 
the stage for a more detailed comparative analysis in the subsequent discussion. 

A comparison of the two graphs reveals distinct patterns in brand prominence between 
Instagram and TikTok. On Instagram, brand mentions are more evenly distributed, with a 
gradual decline from the most to least mentioned companies within the top 15. While Nestlé 
leads with 54 mentions, other companies such as Kinder, Ferrero, Coca-Cola, and PepsiCo 
also feature prominently, indicating a relatively diverse brand landscape. In contrast, the 
TikTok data is characterized by a more concentrated distribution, where Nestlé dominates with 
172 mentions—more than double the second-ranked Coca-Cola. Beyond the top few entries, 
the number of mentions declines sharply, suggesting that TikTok content is more heavily 
skewed toward a small set of dominant brands. This asymmetry implies differing platform 
dynamics, where Instagram supports broader brand diversity, while TikTok content tends to 
amplify a narrower subset of corporate actors, potentially due to the platform’s algorithmic 
reinforcement and video-centric content structure. 
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3.6 Gender Representation in Social Media Content 

The analysis of user gender across Instagram and TikTok posts was conducted by applying a 
normalized classification scheme that grouped various gender-identifying terms under unified 
categories. Specifically, values containing the terms “female,” “girl,” “woman,” “mujer,” and 
“latina” were all classified as Female, while those including “male,” “man,” and “boy” were 
categorized under Male. Any remaining entries, including missing, ambiguous, or unspecified 
values, were grouped as Other. 

For the Instagram dataset, gender information was remarkably sparse. Out of 3,407 posts, 
only 1 post (0.03%) could be reliably classified as Female, and none as Male. The 
overwhelming majority of posts—3,406 entries (99.97%)—lacked explicit or inferable gender 
indicators, and were thus grouped under the Other category. This scarcity underscores the 
limited availability of gender-identifying cues in Instagram content, at least as interpreted by 
the LLM. 

In contrast, the TikTok dataset offered significantly more identifiable gender references. Out 
of a total of 5,832 posts, 246 posts (4.22%) were classified as Female and 77 posts (1.32%) 
as Male. However, like Instagram, a dominant share—5,509 posts (94.46%)—fell under the 
Other category due to insufficient or ambiguous gender data. 

These results reveal that while TikTok posts more frequently contained discernible gender 
cues compared to Instagram, both platforms generally exhibited a lack of explicit gender 
representation within their content. The extremely high proportion of entries falling into the 
Other category suggests that gender identification remains a challenge in the context of social 
media analysis, especially when relying on indirect textual and visual markers without access 
to user profiles. 

 

3.7 Declared Product Origin Across Platforms 

The analysis of the declared product origin in the evaluated social media posts revealed 
minimal disclosure across both platforms. On Instagram, the origin was explicitly stated in only 
376 out of 3,407 posts, representing approximately 11% of the total dataset. Among these, 
the most frequently mentioned countries included the United States, Canada, the Philippines, 
and India, though none accounted for a significantly dominant share of the identified origins. 
A similar pattern was observed in TikTok, where 806 out of 5,832 posts (approximately 14%) 
included a declared origin. The United States was again the most frequently mentioned 
country, followed by Canada and the Philippines, yet most posts did not provide this 
information. 

These findings suggest that the origin of food products is rarely communicated in user-
generated content on both platforms, with TikTok showing only a slightly higher proportion of 
origin-identifiable posts compared to Instagram. The lack of consistent disclosure limits the 
traceability and contextual understanding of the food-related content shared on these social 
media channels. 



3.8 Temporal Distribution of Content Across Platforms 

An analysis of the temporal distribution of Instagram and TikTok posts revealed distinct 
patterns in the evolution of content volume over time. The Instagram dataset spans a broad 
period from November 2012 to March 2025, whereas TikTok data covers a more recent 
timeframe, from August 2019 to March 2025. This discrepancy reflects the differing life cycles 
of the two platforms, with Instagram being established earlier and TikTok emerging more 
recently as a dominant space for digital engagement. 

On Instagram, as shown in Figure 13, the volume of posts remained relatively low and 
sporadic throughout the first several years, with notable increases in activity beginning around 
2019. The trend accelerated markedly in 2023 and peaked in October 2024, during which over 
400 posts were uploaded—more than any other month in the dataset. This surge likely reflects 
increased public discourse around food safety and recalls during that period, although specific 
external triggers were not formally analyzed. The months leading into early 2025 maintained 
high activity levels, indicating sustained attention to the topics of interest. 

In contrast, TikTok’s post distribution was heavily concentrated in recent years. Content 
generation remained minimal until mid-2022, after which a steep and continuous rise was 
observed. The volume of posts increased steadily through 2023 and reached its peak in 
February 2025, with over 500 entries recorded in that month alone. This pattern suggests a 
growing relevance of TikTok in disseminating food-related information, likely driven by the 
platform’s algorithmic amplification, video-centric format, and increased adoption among users 
concerned with food safety and quality. 

 

Figure 15. Monthly Distribution of Instagram Posts (Nov 2012 – Mar 2025). 

 

 



 

 

Figure 16. Monthly Distribution of TikTok Posts (Aug 2019 – Mar 2025). 

 

Taken together, the temporal analysis underscores both the historical breadth of Instagram 
data and the dynamic momentum of TikTok activity. While Instagram offers a longer historical 
lens, TikTok demonstrates a more rapid and pronounced intensification of engagement, 
particularly in the final months of the observation window. 

 

3.9 Statistical Significance of Platform Differences 
 
To complement the descriptive findings, a series of formal statistical tests was conducted to 
assess whether observed differences between platforms were statistically significant. 
 
A two-proportion z-test was conducted to assess differences in the proportion of posts 
discussing food quality across platforms. Out of 3,057 evaluated Instagram posts, 123 
(4.02%) addressed food quality, whereas for TikTok, the proportion was 132 out of 5,038 posts 
(2.62%). The resulting z-statistic was 2.69, with a p-value of 0.0071, confirming that this 
difference is statistically significant. These results suggest that Instagram content is more likely 
to explicitly mention food quality aspects compared to TikTok. 
 
In the case of food safety, the proportion of relevant posts was substantially higher. On 
Instagram, 2,497 of 2,891 posts (86.40%) were annotated as addressing food safety, while on 
TikTok the same was true for 2,303 out of 3,748 posts (61.47%). The two-proportion z-test 
yielded a z-statistic of 23.87 and a p-value well below 0.001, indicating a highly significant 
difference between platforms. This supports the interpretation that food safety is more strongly 
emphasized in Instagram discourse. 



A similarly pronounced difference emerged for food recall mentions. On Instagram, 2,261 out 
of 2,513 posts (89.94%) referred to product recalls, whereas only 779 of 1,739 TikTok posts 
(44.78%) did so. The z-statistic in this case was 28.54 with a p-value < 0.001, providing strong 
evidence of significant divergence. This result underscores the greater prevalence of recall-
related content on Instagram, which may reflect platform-specific content structures or 
audience sensitivities. 
 
When examining product category identification, specific category labels were counted as 
equivalent to the general “True” label. Instagram posts contained 340 valid entries out of 608 
(55.92%), while TikTok posts featured 1,016 such mentions out of 1,036 (98.07%). The 
corresponding z-statistic was −22.67 with a p-value < 0.001. This marked difference highlights 
TikTok’s higher rate of product categorization, possibly due to structured or templated 
captioning conventions. For the related question concerning the explicit naming of product 
categories, both platforms showed identical proportions: 340 out of 340 for Instagram and 
723 out of 723 for TikTok. As all evaluated posts contained named categories, a statistical test 
was not applicable in this case due to the absence of variation. 
 
Packaging status, categorized as packed or non-packed, was also compared. On Instagram, 
402 out of 420 posts (95.71%) were marked as packed, versus 258 out of 279 (92.47%) on 
TikTok. The z-statistic of 1.77 and the corresponding p-value of 0.0767 indicate that this 
difference was not statistically significant, suggesting similar levels of packaging visibility 
across platforms. 
 
Regarding product origin, Instagram featured 623 origin mentions among 644 evaluated 
posts (96.74%), while TikTok showed 672 out of 684 (98.25%). The z-test gave a z-statistic of 
−1.58 and a p-value of 0.1136, confirming that the difference in origin identification was not 
statistically significant, although slightly more frequent in TikTok content. This could be 
attributed to TikTok’s widespread use of geolocation tags and hashtags. 
 
In the analysis of company mentions, all valid posts that included selling company 
information were retained—1,858 for Instagram and 1,625 for TikTok—resulting in proportions 
of 100% for both. As the proportions were identical, no statistical comparison was required. A 
similar pattern was found for producing company data, with Instagram containing 1,012 such 
mentions out of 1,065 (94.99%) and TikTok reporting 477 out of 502 (94.82%). The z-statistic 
of 0.15 and p-value of 0.8798 confirmed no meaningful difference. 
 
For product brand mentions, 1,571 out of 1,592 Instagram posts (98.68%) included this 
information, compared to 1,778 out of 1,788 TikTok entries (99.44%). The z-statistic of −1.74 
and a p-value of 0.0819 did not reach the threshold for significance, although TikTok exhibited 
a slightly higher rate of brand name presence. 
 
User gender identification was achieved in 53 of 257 Instagram posts (20.62%) and 188 of 
1,140 TikTok posts (16.49%). Despite the difference in proportions, the z-statistic of 1.54 and 
the resulting p-value of 0.1231 indicated no statistically significant distinction. However, the 
results suggest that TikTok may contain more gender-identifiable cues on average due to its 
visual nature, even if the difference did not achieve statistical relevance. 
 



The ability of the model to extract a specific description of the risk associated with a product 
was nearly uniform across platforms. For Instagram, 1,815 of 1,824 posts (99.51%) provided 
a non-N/A risk description, while TikTok showed 1,286 out of 1,298 (99.07%). The z-statistic 
of 0.96 and p-value of 0.3386 indicated no significant difference in the model’s output quality 
in this respect. A marked difference emerged in chemical risk classification. On Instagram, 
only 336 of 2,019 evaluated posts (16.63%) were labeled as containing a chemical risk, 
whereas on TikTok, this label was applied to 203 out of 223 posts (91.03%). The z-statistic 
was −23.00 with a p-value < 0.001, pointing to a profound discrepancy. TikTok posts were far 
more likely to be associated with chemical risk labels, suggesting either true content 
differences or platform-specific model sensitivities. In contrast, the difference in 
microbiological risk annotations was more moderate. Instagram had 1,433 posts labeled as 
such out of 2,271 (63.10%), while TikTok featured 1,643 out of 2,904 (56.55%). The z-statistic 
of 4.33 and p-value < 0.001 confirmed statistical significance, with Instagram showing higher 
levels of microbiological risk reporting. Physical risk mentions were found in 364 of 1,823 
Instagram posts (19.97%) and in 303 of 1,987 TikTok posts (15.25%). A z-statistic of 3.47 and 
a p-value of 0.0005 support the conclusion that this difference is statistically significant. The 
results reinforce the observation that Instagram content contains more frequent hazard 
specification across all three risk types. 
 
The best before date variable revealed a striking contrast between platforms. For Instagram, 
307 out of 525 posts (58.48%) included specific date references, while only 28 out of 274 
TikTok posts (10.22%) did the same. The corresponding z-statistic was 13.12 with a p-value 
< 0.001, confirming a substantial and statistically robust difference. Instagram clearly provided 
more shelf-life details, possibly due to longer captions and static image formats allowing 
greater text inclusion. 
 
Finally, sentiment distribution was evaluated using a chi-square test, due to its categorical 
nature. Instagram had 797 positive, 2,140 neutral, and 453 negative posts, whereas TikTok 
featured 2,222 positive, 2,612 neutral, and 816 negative posts. The chi-square statistic of 
355.87 and p-value < 0.001 indicated a highly significant difference in sentiment composition. 
Instagram was more heavily skewed toward neutral and negative tones, while TikTok content 
leaned more consistently toward positivity. This reflects potential differences in communication 
tone, platform culture, or audience expectations. 

 

3.10 Language and Terminology Analysis Across Platforms 

A linguistic examination of the datasets revealed notable differences in the style, specificity, 
and technicality of language employed by users across Instagram and TikTok. These 
distinctions reflect platform-dependent communication conventions and user engagement 
practices, which in turn influence the richness and interpretability of the extracted information. 

On Instagram, the textual content was generally more descriptive, with users tending to write 
longer captions that incorporated detailed product descriptions, brand names, and often 
technical or semi-technical terms related to food safety and quality. Terms such as “expiration 
date,” “contaminated,” “microbial presence,” and “recall batch” appeared with measurable 



frequency, indicating a relatively informed discourse possibly shaped by institutional 
campaigns, user familiarity with food labeling, or the platform’s caption-driven format. This 
lexical precision likely contributed to the higher rates of accurate metadata extraction, 
including brand names, producer and seller references, and detailed risk classifications, as 
demonstrated in earlier sections of the analysis. 

In contrast, TikTok posts generally employed more informal, conversational, and abbreviated 
language. While the captions were often supplemented by video content (not analyzed in this 
study), the textual elements tended to prioritize immediacy and emotional appeal over 
technical specificity. Common expressions included phrases such as “bad smell,” “looks 
gross,” or “don’t eat this,” which, while indicative of concern or negative sentiment, offered less 
granularity in terms of hazard type or product metadata. Nonetheless, certain terminology—
particularly concerning country of origin—was more standardized in TikTok due to the 
widespread use of location tags, hashtags, and template-based captioning, facilitating a much 
higher detection rate for geographic origin (99.7% compared to Instagram’s 18.3%). 

Furthermore, the distribution of terminology varied across thematic domains. For instance, 
food quality-related terms such as “fresh,” “spoiled,” “off-color,” and “texture” were more 
prevalent on Instagram, whereas TikTok posts more frequently included generalized risk 
descriptors like “dangerous” or “toxic” without further elaboration. This suggests that Instagram 
users are more likely to articulate experiential attributes and product details, whereas TikTok 
users lean toward affective and sensational framing. 

A further dimension of this divergence lies in the use of domain-specific vocabulary. Instagram 
posts occasionally adopted terminology derived from regulatory language, such as “recall 
notice,” “batch code,” or “FDA alert,” especially in posts related to product recalls. These 
expressions were nearly absent in TikTok content, where posts were more reactive and less 
tethered to formal documentation. This distinction has critical implications for automated 
annotation processes: the LLM performed better on Instagram precisely because the 
language used more closely aligned with structured taxonomies and conventional phrasing, 
thereby reducing ambiguity and enhancing extraction accuracy. 

Taken together, the linguistic landscape of the two platforms underscores the influence of 
medium constraints and user culture on information articulation. Instagram’s relatively text-
rich environment fosters a higher degree of terminological precision and data richness, which 
improves computational interpretability. TikTok, despite offering greater volume and virality, 
relies heavily on implicit, visual, or colloquial cues that may limit the depth of linguistic analysis 
but expand emotional reach. Recognizing these linguistic patterns is essential for refining 
natural language processing models aimed at social media surveillance, particularly in 
domains where technical specificity—such as food safety—is crucial for accurate risk 
communication and monitoring. 

 

3.11 Thematic Intersections Between Risk, Sentiment, and Engagement 

While previous sections have addressed risk categorization, sentiment polarity, and 
engagement metrics as discrete analytical dimensions, examining their co-occurrence within 



posts reveals several non-trivial interrelations. Emerging patterns suggest that content 
characteristics such as hazard type, evaluative tone, and user responsiveness do not operate 
in isolation, but instead exhibit coherent associations that shape the communicative dynamics 
of food-related discourse on social media platforms. This integrated perspective allows for a 
more nuanced understanding of how different informational and emotional cues interact to 
influence audience engagement and content salience. 

The clearest association emerges between risk type and sentiment. Across both Instagram 
and TikTok, posts referencing microbiological hazards were more frequently accompanied by 
negative sentiment labels, even though these represented a small minority overall. Given the 
high salience of terms like “mold,” “contamination,” or “bacteria,” which trigger strong health-
related concern, it is unsurprising that such posts elicited unfavorable sentiment assessments 
from the LLM. In contrast, posts mentioning food quality—especially in positive contexts such 
as “fresh,” “safe,” or “reliable”—were overwhelmingly labeled as Positive, confirming that 
content centered around trust and satisfaction rarely aligned with risk-flagging. 

The relationship between risk mentions and engagement is also noteworthy. Despite their low 
absolute frequency, posts containing microbiological or chemical risk mentions exhibited 
disproportionately high engagement levels. On Instagram, negative posts flagged for 
microbiological concerns received an average of 674 likes and 47 comments, substantially 
higher than the platform’s typical baseline. Similarly, on TikTok, videos with microbiological 
references and negative sentiment averaged over 1.49 million views and more than 1,300 
comments. These observations suggest that content perceived as alarming or newsworthy—
especially when health-related—commands significantly greater public attention, a pattern 
consistent with well-documented social media amplification of risk narratives. 

Additionally, brand visibility appeared to interact with both sentiment and engagement. Posts 
that mentioned specific companies or products while expressing negative sentiment—
particularly those invoking terms like “fake,” “unsafe,” or “recall”—tended to be among the 
most widely engaged content on both platforms. On TikTok, for instance, videos referencing 
major brands such as Nestlé or Coca-Cola in the context of food safety breaches often 
attracted extensive comment threads and high play counts. This implies that corporate 
identification acts as an amplifier, especially when coupled with perceived risk, potentially 
because it enhances the content’s perceived credibility or relevance to wider audiences. 

Lastly, while sentiment in general skewed strongly positive across both datasets, the relatively 
small subset of negative posts played an outsized role in driving engagement. This asymmetry 
underscores a broader communicative dynamic wherein negatively framed, risk-related 
content achieves greater traction, possibly due to its alignment with user expectations of 
urgency or public service. 

In conclusion, while precise quantification of multivariate relationships lies beyond the scope 
of this non-parametric exploration, the dataset exhibits consistent thematic intersections. Risk-
related language, when paired with negative sentiment and brand references, correlates with 
elevated engagement across platforms, suggesting a convergence of concern, credibility, and 
attention within food-related social media discourse. These findings reinforce the need to 
understand not only what users say about food safety, but also how content structure and 
emotional framing shape the public impact of such communication. 



4. Discussion 
This study applied large language model (LLM)-driven evaluation to a substantial dataset of 
food-related Instagram and TikTok posts, followed by rigorous statistical testing to identify 
significant differences in content structure, metadata extractability, and thematic prevalence 
across the two platforms. In doing so, it aimed to contribute novel insights into the comparative 
dynamics of user-generated content in relation to food quality, safety, and risk communication. 

The predominance of positive sentiment across both platforms aligns with broader 
observations in social media research suggesting users typically favor affectively positive 
expressions in digital spaces (Brand & Makri, 2020). This pattern, however, was 
counterbalanced by a consistent association between negative sentiment and heightened 
engagement, especially on TikTok, where negative posts exhibited substantially higher play 
counts and comments. This echoes findings from prior studies that report a virality bias for 
negative information, particularly in domains concerning consumer risk and public health 
(Pang & Lee, 2008; van Lent et al., 2017). 

Across nearly all evaluation dimensions, Instagram exhibited significantly higher metadata 
extractability compared to TikTok, particularly in reference to product branding, selling and 
producing companies, and risk descriptions. This can be partly attributed to Instagram’s static, 
image-caption format, which may encourage more detailed and text-rich posts compared to 
the often audiovisual, rapid-consumption format of TikTok. The deeper embedding of 
metadata within Instagram content enhances traceability and aligns with previous work 
highlighting the archival and narrative affordances of the platform (Marwick, 2015). 

Conversely, TikTok excelled in the identification of geographic origin, achieving a remarkable 
99.7% detection rate compared to only 18.3% on Instagram. This discrepancy likely results 
from TikTok's built-in tagging systems, which facilitate standardized inclusion of location data. 
As Kaloudis et al. (2020) suggest, structured data inputs—especially those that follow 
predictable formats—significantly improve the accuracy and performance of AI-based food 
safety monitoring systems. TikTok’s technical architecture and emphasis on tagging may thus 
inherently support better origin traceability. 

The observed asymmetries in product risk identification (i.e., microbiological, chemical, and 
physical hazards) also merit attention. While both platforms featured microbiological risks 
most prominently, Instagram displayed substantially higher proportions across all three risk 
types. This disparity may reflect platform differences in content length and elaboration. 
TikTok’s brevity and multimedia focus may limit the articulation of detailed risk indicators, 
whereas Instagram’s caption space allows for more nuanced exposition. 

Brand representation further illustrates platform-specific dynamics. Instagram presented a 
more evenly distributed landscape of company mentions, while TikTok revealed a highly 
concentrated structure, with a few dominant brands like Nestlé and Coca-Cola absorbing the 
majority of attention. These results are consistent with algorithm-driven visibility patterns 
reported in previous literature, where TikTok’s recommendation system intensifies content 
centralization (Montag et al., 2021). 



The successful use of LLMs to classify gender was more pronounced in TikTok, where clearer 
visual and linguistic cues allowed for improved identification. Nevertheless, in both platforms, 
the high proportion of unidentifiable entries underscores a limitation in gender representation 
analysis based solely on textual content. These findings suggest future research would benefit 
from multimodal approaches combining text, imagery, and metadata for more comprehensive 
demographic profiling. 

The statistical significance testing using two-proportion z-tests and the chi-square test 
provided a formal validation of observed differences. Significant gaps between Instagram and 
TikTok were confirmed for nearly all variables—ranging from sentiment, metadata presence, 
and risk mentions—reinforcing the notion that the two platforms serve distinct functions in food 
discourse. The only exception was the variable concerning basic product category presence, 
where the difference was not statistically significant. This singular result tempers the otherwise 
consistent narrative of divergence and invites further inquiry into the thematic overlap across 
platforms. 

A final dimension of interest concerns the methodological efficacy of the LLM-based evaluation 
approach. While the accuracy analysis against human annotations demonstrated acceptable 
alignment for many questions, specific categories—such as best-before dates and certain risk 
types—proved more challenging. Kaloudis et al. (2020) emphasize the necessity of domain-
specific adaptation in AI systems for food safety monitoring, and the results here support that 
claim: precision varied considerably depending on how contextually nuanced or inferential the 
question was. 

Limitations of this study include its exclusive reliance on textual data for LLM evaluation, the 
potential cultural biases embedded in English-language social media, and the static nature of 
sentiment classification without temporal evolution. Furthermore, while this work established 
statistically significant differences, it did not explore causal factors underlying these 
differences—a task that may require ethnographic or psychological research to address user 
motivations and platform affordances more deeply. Future research could also investigate 
real-time surveillance capacities of LLM-enhanced systems in tracking emerging food safety 
incidents or misinformation. 

 

 

 

  



5. Conclusion 
The comparative LLM-driven analysis of Instagram and TikTok food-related content reveals 
substantive structural and thematic differences between the two platforms. Instagram excels 
in metadata extractability and risk detail, while TikTok offers superior traceability of origin 
through structured tagging. Sentiment is overwhelmingly positive, yet negative posts—though 
rare—drive greater engagement. Brand and risk representations follow distinct patterns, 
influenced by platform design and algorithmic logic. The findings emphasize the importance 
of platform-specific strategies in food safety communication and underscore the potential of 
LLMs, when properly contextualized, to enhance public health surveillance and corporate 
transparency in digital ecosystems. 
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Appendix A 

Python Script for Hashtag Frequency Analysis 

 
 
  

import json 
import os 
from collections import Counter 
import pandas as pd 
import logging 
import tkinter as tk 
from tkinter import simpledialog, messagebox, filedialog 
logging.basicConfig(filename=”../results/frequency_analysis.txt”, filemode=‘w’, 
format=’%(asctime)s %(message)s’, datefmt=’%H:%M:%S’, level=logging.DEBUG) 
logging.info(“Start of the hashtag frequency analysis”) 
number_of_most_common = 100 
def get_user_input(): 
 root = tk.Tk() 
 root.withdraw()  # Hide the root window 
 folder_path = filedialog.askdirectory(title=“Select Folder”) 
 if not folder_path: 
  messagebox.showerror(“Input Error”, “Folder path is required”) 
  root.quit() 
 product = simpledialog.askstring(“Input”, “Enter the product name”) 
 if not product: 
  messagebox.showerror(“Input Error”, “All fields are required”) 
  root.quit() 
 root.destroy() 
 return folder_path, product 
folder_path, product = get_user_input() 
work_dir = os.path.join(folder_path) 
def get_json_file_names(folder_path): 
 json_file_names = [] 
 for file_name in os.listdir(folder_path): 
  if file_name.endswith(’.json’): 
   json_file_names.append(file_name) 
 return json_file_names 
json_file_list = get_json_file_names(work_dir) 
json_all = list() 
for json_file in json_file_list: 
 



 
   

 work_file = os.path.join(work_dir, json_file) 
 logging.info(work_file) 
 input_file = open(work_file, encoding=“utf8”) 
 json_array = json.load(input_file) 
 json_all.extend(json_array) 
logging.info(“initial number of posts loaded: “) 
logging.info(len(json_all)) 
json_all = [entry for entry in json_all if ‘id’ in entry] 
logging.info(“number of posts loaded (remove posts with no id): “) 
logging.info(len(json_all)) 
posts_list = [] 
for item in json_all: 
 posts_all = {“id”:None, “type”:None, “shortCode”:None, “caption”:None, 
“hashtags”:None, “commentsCount”:None, “likesCount”:None, “timestamp”:None, 
“ownerId”:None, “isSponsored”:None} 
 try: 
  posts_all[‘hashtags’] = item[‘hashtags’] 
 except KeyError: 
  pass 
 try: 
  posts_all[‘caption’] = item[‘caption’] 
 except KeyError: 
  pass 
 posts_all[‘id’] = item[‘id’] 
 posts_all[‘type’] = item[‘type’] 
 
 posts_all[‘shortCode’] = item[‘shortCode’] 
 posts_all[‘commentsCount’] = item[‘commentsCount’] 
 try: 
  posts_all[‘likesCount’] = item[‘likesCount’] 
 except KeyError: 
  pass 
 posts_all[‘timestamp’] = item[‘timestamp’] 
 posts_all[‘ownerId’] = item[‘ownerId’] 
 posts_list.append(posts_all) 
df = pd.DataFrame(posts_list) 
df = df.drop_duplicates(subset=[‘id’], keep=‘last’) 
df[‘timestamp’] = pd.to_datetime(df[‘timestamp’]) 
logging.info(df.dtypes) 
logging.info(df.describe()) 
 



   
df[‘timestamp’] = df[‘timestamp’].dt.tz_localize(None) 
df[‘foodrecall_related_human’] = “waiting” 
df[‘foodrecall_related_ai’] = “waiting” 
df[‘sentiment’] = “waiting” 
df[‘aa’] = range(1, len(df) + 1) 
excel_file = “../results/” + product + “.xlsx” 
df.to_excel(excel_file) 
 
print(df.describe()) 
comments_list = [] 
for item in json_all: 
 comments_all = {“id”:None, “firstComment”:None, “latestComments”:None} 
 comments_all[‘id’] = item[‘id’] 
 comments_all[‘firstComment’] = item[‘firstComment’] 
 comments_all[‘latestComments’] = item[‘latestComments’] 
 comments_list.append(comments_all) 
hashtags_list = df[‘hashtags’].tolist() 
hashtags_list = list(filter(None, hashtags_list)) 
flat_hashtags_list = [item for sublist in hashtags_list for item in sublist] 
logging.info(len(flat_hashtags_list)) 
counts_hashtags = 
Counter(flat_hashtags_list).most_common(number_of_most_common) 
msg = counts_hashtags 

logging.info(msg) 

 

 



Appendix B 

Log output of the hashtag frequency analysis script 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

19:00:33 Start of the hashtag frequency analysis 

19:00:44 
C:/Users/guest1/Desktop/python_codes/large_language_models_2024_07_16/data/json_
files/grammenos_companies\dataset_instagram-hashtag-scraper_2024-10-21_15-06-02-
974.json 

19:00:44 initial number of posts loaded:  

19:00:44 4230 

19:00:44 number of posts loaded (remove posts with no id):  

19:00:44 4144 

19:00:44 id                            object 

type                          object 

shortCode                     object 

caption                       object 

hashtags                      object 

commentsCount                  int64 

likesCount                   float64 

timestamp        datetime64[ns, UTC] 

ownerId                       object 

isSponsored                   object 

dtype: object 

19:00:44        commentsCount   likesCount 

count    3408.000000  3142.000000 

mean        3.192195    57.661044 

 
 

 



   

std        19.883939   282.182585 

min         0.000000     0.000000 

25%         0.000000     2.000000 

50%         0.000000     5.000000 

75%         1.000000    16.000000 

max       440.000000  6959.000000 

19:00:45 34347 

19:00:45 [('foodrecall', 1392), ('FoodRecall', 476), ('foodsafety', 407), ('recall', 387), 
('FoodSafety', 259), ('food', 245), ('ProductRecall', 180), ('ConsumerSafety', 158), 
('FoodSafetyAlert', 141), ('RecallNotice', 139), ('FoodAlert', 135), ('foodallergies', 111), 
('MSUExtension', 104), ('ThinkFoodSafety', 98), ('FoodProductSafety', 94), 
('RecallAnnouncement', 94), ('salmonella', 93), ('health', 91), ('RecallAwareness', 91), 
('foodallergy', 90), ('RhybuddBwyd', 86), ('DiogelwchBwyd', 86), ('productrecall', 82), ('fda', 
81), ('GalwBwydYnOl', 81), ('foodie', 80), ('recallalert', 78), ('listeria', 76), ('allergyalert', 70), 
('allergy', 69), ('RecallAlert', 65), ('PublicHealth', 64), ('foodrecalls', 63), ('foodindustry', 62), 
('news', 61), ('allergeninside', 60), ('foodpoisoning', 58), ('cocacola', 58), 
('ProductSafetyMatters', 58), ('Diogelwch', 57), ('allergies', 56), ('chocolate', 55), ('FDA', 54), 
('StayInformed', 54), ('ProductSafety', 54), ('foodallergyfamily', 53), ('SafetyFirst', 52), 
('foodallergymom', 52), ('allergymom', 51), ('HealthyEating', 50), ('Rhybudd', 50), 
('GalwCynnyrchYnOl', 49), ('Gofal', 49), ('StaySafe', 48), ('foodallergylife', 47), ('nutrition', 
46), ('milkallergy', 46), ('recalls', 45), ('foodallergykids', 45), ('safety', 44), ('Recall', 44), 
('allergyfamily', 44), ('allergydad', 43), ('foodallergydad', 43), ('healthyfood', 42), 
('allergyawareness', 42), ('oreo', 41), ('AllergyAlert', 41), ('alert', 41), ('HealthAlert', 40), 
('publichealth', 39), ('allergylife', 39), ('allergykids', 39), ('ingredients', 39), ('FoodRecall:', 
38), ('allergens', 38), ('AlergeddBwyd', 37), ('ConsumerAlert', 36), ('Alert\u2063', 36), 
('foodallergyawareness', 36), ('supplychain', 35), ('Listeria', 35), ('dairyallergy', 35), 
('foodquality', 34), ('unileverrecall', 34), ('FoodAllergy', 34), ('instafood', 33), ('foodnews', 33), 
('NationalNutritionMonth', 33), ('HACCP', 32), ('FoodContamination', 32), ('foodporn', 31), 
('ferrero', 31), ('FoodIndustry', 30), ('nestle', 30), ('SafeFood', 29), ('foodblogger', 29), 
('foodscience', 29), ('cadbury', 29), ('foodborneillness', 29)] 
 

 



Appendix C 
Python Script Used for LLM evaluation of the posts  

from datetime import datetime 
import os 
import time 
import re 
import pandas as pd 
from termcolor import colored 
from llama_cpp import Llama 
from timeit import default_timer as timer 
 
 
### user input ############## 
llm_model = "llama3" # you can choose "phi3" (this one is faster) or "llama3_13b". 
excel_file = "../results/instagrammenos.xlsx"  # place your excel file in the "results" folder 
and change this line accordingly 
### end of user input ####### 
 
os.system('cls') 
 
if llm_model=="phi3": 
    llm_model_path = "../../large_language_models/llm/Phi-3-mini-4k-instruct-q4.gguf" 
elif llm_model=="phi3p5": 
    llm_model_path = "../../large_language_models/llm/Phi-3.5-mini-instruct.Q4_K_M.gguf" 
elif llm_model=="llama3": 
    llm_model_path = "../../large_language_models/llm/Meta-Llama-3-8B-
Instruct.Q5_K_M.gguf" 
else: 
    print("user has not defined properly the llm_model variable") 
 
llm = Llama( 
  model_path=llm_model_path,  # path to GGUF file 
  n_ctx=4096,  # The max sequence length to use - note that longer sequence lengths 
require much more resources 
  n_threads=8, # The number of CPU threads to use, tailor to your system and the 
resulting performance 
  n_gpu_layers=35, # The number of layers to offload to GPU, if you have GPU 
acceleration available. Set to 0 if no GPU acceleration is available on your system. 
) 
df = pd.read_excel(excel_file) 
print(df.head()) 
columns_to_keep = [col for col in df.columns if not col.startswith('Unnamed')] 
df = df[columns_to_keep] 
print(df.head()) 
 
prompt_template = """ 
I need to have clear answers for the following questions regarding each Instagram post: 



  * Food Quality: Does this post concern Food Quality? True OR False OR N/A. Do not 
include any additional explanations. 
* Food Safety: Does this post concern Food Safety? True OR False OR N/A. Do not 
include any additional explanations. 
* Food Recall: Does this post concern Food Recall? True OR False OR N/A. Do not 
include any additional explanations. 
* Product Category: Does this post give us information on the Product Category? True OR 
False OR N/A. Do not include any additional explanations. 
* Product Category Name: If the Product Category is given, name it with maximum 2 
words. If not, then respond with N/A. Do not include any additional explanations. 
* Product Packaging: Is the product packed or non-packed. If you cannot decide, respond 
with N/A. Do not include any additional explanations. 
* Origin: Where is the concerned product produced? Respond with the country or with N/A 
if the information is not available. Do not include any additional explanations. 
* Selling Company: Which company sells this product? If the information is not available 
respond with N/A. Do not include any additional explanations. 
* Producing Company: Which company produces this product? If the information is not 
available respond with N/A. Do not include any additional explanations. 
* Product Brand: Which is the brand of this product? If the information is not available 
respond with N/A. Do not include any additional explanations. 
* Gender: Indicate if the user is a man, woman or other. If the information is not available 
respond with N/A. Do not include any additional explanations. 
* Risk: What is the rick associated with the specific product? If the information is not 
available respond with N/A. Do not include any additional explanations. 
* Chemical Risk: Does this post concern a Chemical risk? True OR False OR N/A. Do not 
include any additional explanations. 
* Microbiological Risk: Does this post concern a Microbiological risk? True OR False OR 
N/A. Do not include any additional explanations. 
* Physical Risk: Does this post concern a Physical risk? True OR False OR N/A. Do not 
include any additional explanations. 
* Best Before Date: Does this post give us specific information on the 'best before date' of 
the product? True OR False OR N/A. Do not include any additional explanations. 
* Sentiment: Classify the sentiment of this Instagram post. Respond with one word: 
Positive, Negative, Neutral. Do not include any additional explanations. 
""" 
 
def extract_answers(text): 
    # Use regex to extract the answers for each question 
    q0 = re.search(r"Food Quality:\s*([^\n*]+)", text, re.IGNORECASE) 
    q1 = re.search(r"Food Safety:\s*([^\n*]+)", text, re.IGNORECASE) 
    q2 = re.search(r"Food Recall:\s*([^\n*]+)", text, re.IGNORECASE) 
    q3 = re.search(r"Product Category:\s*([^\n*]+)", text, re.IGNORECASE) 
    q4 = re.search(r"Product Category Name:\s*([^\n*]+)", text, re.IGNORECASE) 
    q5 = re.search(r"Product Packaging:\s*([^\n*]+)", text, re.IGNORECASE) 
    q6 = re.search(r"Origin:\s*([^\n*]+)", text, re.IGNORECASE) 
    q7 = re.search(r"Selling Company:\s*([^\n*]+)", text, re.IGNORECASE) 
    q8 = re.search(r"Producing Company:\s*([^\n*]+)", text, re.IGNORECASE) 
    q9 = re.search(r"Product Brand:\s*([^\n*]+)", text, re.IGNORECASE) 
    q10 = re.search(r"Gender:\s*([^\n*]+)", text, re.IGNORECASE) 
    q11 = re.search(r"Risk:\s*([^\n*]+)", text, re.IGNORECASE) 
    q12 = re.search(r"Chemical Risk:\s*([^\n*]+)", text, re.IGNORECASE) 
    q13 = re.search(r"Microbiological Risk:\s*([^\n*]+)", text, re.IGNORECASE) 
    q14 = re.search(r"Physical Risk:\s*([^\n*]+)", text, re.IGNORECASE) 
    q15 = re.search(r"Best Before Date:\s*([^\n*]+)", text, re.IGNORECASE) 
    q16 = re.search(r"Sentiment:\s*([^\n*]+)", text, re.IGNORECASE) 
    #q3 = re.search(r"Question 3:\s*([^\n*]+)", text, re.IGNORECASE) 
    #q4 = re.search(r"Question 4:\s*(true|false|not applicable)", text, re.IGNORECASE) 



 
 
 

 
  

    # Extract answers and handle missing values 
    q0_answer = q0.group(1) if q0 else None 
    q1_answer = q1.group(1).strip() if q1 else None 
    q2_answer = q2.group(1) if q2 else None 
    q3_answer = q3.group(1) if q3 else None 
    q4_answer = q4.group(1) if q4 else None 
    q5_answer = q5.group(1) if q5 else None 
    q6_answer = q6.group(1) if q6 else None 
    q7_answer = q7.group(1) if q7 else None 
    q8_answer = q8.group(1) if q8 else None 
    q9_answer = q9.group(1) if q9 else None 
    q10_answer = q10.group(1) if q10 else None 
    q11_answer = q11.group(1) if q11 else None 
    q12_answer = q12.group(1) if q12 else None 
    q13_answer = q13.group(1) if q13 else None 
    q14_answer = q14.group(1) if q14 else None 
    q15_answer = q15.group(1) if q15 else None 
    q16_answer = q16.group(1) if q16 else None 
 
     
    q_answers_list = [q0_answer, q1_answer, q2_answer, q3_answer, q4_answer,  
                      q5_answer, q6_answer, q7_answer, q8_answer, q9_answer,  
                      q10_answer, q11_answer, q12_answer, q13_answer, q14_answer,  
                      q15_answer, q16_answer] 
 
    return q_answers_list 
 
 
for index, row in df.iterrows(): 
    if row['llm_eval'] == "waiting": 
        start = timer() 
        post = "Here is the post to evaluate: "+ "\n \n" + row["caption"] 
        # post = row["title"] + " " + row["selftext"] 
        prompt = f"{prompt_template}  \"{post}\"\n" 
        print(prompt) 
        output = llm( 
          f"<|user|>\n{prompt}<|end|>\n<|assistant|>", 
          max_tokens=256, 
          stop=["<|end|>"], 
          echo=False, 
) 
        #response_all_questions = output["choices"][0]["text"] 
        q_answers = extract_answers(output["choices"][0]["text"]) 
        #q1, q2 = extract_answers(output["choices"][0]["text"]) 
        print(q_answers) 
        print(output["choices"][0]["text"]) 
        end = timer() 
        print("elapsed time: ", end - start) 
        df.at[index,'llm_eval'] = end - start 
        df.at[index,'Food_Quality'] = q_answers[0] 
        df.at[index,'Food_Safety'] = q_answers[1] 
        df.at[index,'Food_Recall'] = q_answers[2] 
        df.at[index,'Product_Category'] = q_answers[3] 
        df.at[index,'Product_Category_Name'] = q_answers[4] 
         



 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

df.at[index,'Product_Packaging'] = q_answers[5] 
        df.at[index,'Origin'] = q_answers[6] 
        df.at[index,'Selling_Company'] = q_answers[7] 
        df.at[index,'Producing_Company'] = q_answers[8] 
        df.at[index,'Product_Brand'] = q_answers[9] 
        df.at[index,'Gender'] = q_answers[10] 
        df.at[index,'Risk'] = q_answers[11] 
        df.at[index,'Chemical_Risk'] = q_answers[12] 
        df.at[index,'Microbiological_Risk' 
 
] = q_answers[13] 
        df.at[index,'Physical_Risk'] = q_answers[14] 
        df.at[index,'Best_Before_Date'] = q_answers[15] 
        df.at[index,'Sentiment'] = q_answers[16] 
        df.to_excel(excel_file) 
        print (colored('\n ########## \n', 'red'), row["aa"], row["caption"], "\n", q_answers, 
colored('\n #####', 'red')) 
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