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Abstract 

This thesis investigates the evolution and comparative effectiveness of product recommendation sources 

available to today’s consumer, focusing on the growing interplay between classical recommendations based 

on human interactions, and more recent ones, developed through advanced models of artificial intelligence, 

within the consumer decision-making process. Due to some key factors, such as rapid digitalisation, 

globalisation and rapid technological progress, the contemporary consumer landscape is characterised by 

information overload and excess of product alternatives. This situation has led individuals to increasingly 

rely on external sources, ranging from traditional word of mouth (WOM) to sophisticated artificial 

intelligence tools, to guide their purchasing choices. 

To contextualize the research, a historical, sociological, and economic introduction to product 

recommendations is provided. More specifically, emphasis is placed on the transition from pre-digital 

purchasing behaviours, driven by social norms and cultural values, to today's consumer experiences, based 

on electronic word-of-mouth (e-WOM), influencer marketing, recommendation algorithms, and, most 

recently, generative artificial intelligence. This evolution is contextualized through an in-depth review of the 

literature and narrated through a categorization of the sources of recommendation in two primary domains: 

human-based (family and friends, WOM, e-WOM, social media and influencer marketing) and AI-based 

(recommendation algorithms, chatbots and generative AI tools like ChatGPT). 

Each category is systematically examined through the lens of psychological and behavioural theories, such 

as trust formation, social norms, heuristics, perception of credibility and authenticity, perceived risk, 

supported by extensive empirical studies. The results showed that each of the sources has its own unique 

features and competitive advantages, which are also highly dependent on the context and type of product 

analysed. In general, traditional recommendations, for example from family and friends, are appreciated for 

their emotional closeness and perceived authenticity, which eases trust building and decreases the feeling of 

risk, especially in high-involvement decisions. In contrast, digital and AI-based sources offer scalability, 

comparability, objectivity, high availability and personalization, making them particularly useful in 

utilitarian or complex decision-making contexts. 

The key aim of the thesis, carefully chosen based on the identification of a specific research gap, regards the 

direct comparison between electronic word-of-mouth (e-WOM) and ChatGPT, selected as the most effective 

and representative sources of their respective recommendations macro-domains. More specifically, the 

experimental research focuses on the electronics sector, a representative category of utilitarian goods, and 

aims to understand which of the two sources has the greatest ability to reduce risk perception and, 

consequently, to stimulate purchase intention. The results obtained show that e-WOM is more effective in 

decreasing the feeling of uncertainty associated with the purchase, thereby increasing the intention to buy. 

This most likely happens because online reviews are perceived as more authentic, reliable and emotionally 



impactful due to their disinterested and genuine nature, which leads to a higher degree of psychological 

reassurance during the decision-making process. 

On the contrary, while ChatGPT offers undoubted advantages in terms of information accessibility, speed 

response, analytical depth and breadth of information, its artificial nature coupled with a lower average 

social acceptance contributes to a higher level of risk, limiting its persuasive effectiveness in the specific 

context studied. These results suggest that, despite rapid advancements in the field of AI, human sources, 

particularly e-WOM, are even more convincing, especially in an area where the intrinsic characteristics of 

AI should make up a major competitive advantage. 

Ultimately, the present work contributes theoretically to academic literature and enriches the theory behind 

managerial practice by providing a comprehensive, multidimensional understanding of how diverse types of 

recommendation sources influence consumer behaviour. The findings show a much more multifaceted 

picture than that emerged in other research concerning the effectiveness of the two sources of information 

analysed within this specific consumer context. Moreover, it provides useful insights for marketers seeking 

to optimise communication strategies and for researchers exploring the integration of emerging technologies 

into consumer decision-making, in a transitional era between human judgment and artificial intelligence. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 1 – Introduction 

1.1. A Historical, Sociological, and Economic Perspective on Product Recommendations 

Before the digital revolution transformed consumer behaviour, buying decisions were much simpler and 

more intuitive. In a world where globalisation, e-commerce and digitalisation had not yet taken hold, 

consumers operated in a more limited and familiar market (Melumad et al., 2020; Aljukhadar et al., 2012; 

Rebitschek, 2024). The range of purchasing options was significantly more limited, considering that product 

accessibility was largely determined by geographical proximity and traditional distribution channels (Court 

et al., 2009; Mittal, 2016; Aljukhadar et al., 2012). In addition, brand loyalty was often inherited from family 

traditions or long-standing trust in local companies, making it unnecessary to discover alternative products. 

For these reasons, psychological phenomena such as choice overload were much less prevalent (Court et al., 

2009; Klaus & Zaichowsky, 2021). In this context, Word-of-Mouth played a crucial role in influencing 

purchasing behaviour: consumers made their decisions mainly relying on opinions of friends, family and 

community members. Until few decades ago, personal experience stood for the primary source of product 

validation, especially if coming from trusted people (Brown & Reingen, 1987).  

Also, traditional media used to be a highly effective marketing tool for driving consumer behaviour (Meiners 

et al., 2010). Brands developed credibility and established consumer trust mainly through print advertising, 

television commercials and in-store promotions (Pütter, 2017). These tools were particularly impactful 

because they stimulated consumers’ brand awareness, familiarity and recall, which were one of the most 

important buying drivers at the time (Lemon & Verhoef, 2016; Klaus & Zaichkowsky, 2021). 

Besides commercial factors, pre-digital purchasing behavior was strongly influenced by cultural and social 

norms within the context of the individual's background. Consumer choices were often in line with 

community or family standards and social influence occurred through face-to-face interaction between 

people close to each other, in a completely different way from today's globalized and fast-paced 

communication (Melnyk et al., 2021). Nowadays, all signals and stimuli coming from the surrounding 

environment are increasingly mixed with global trends, digital communities and online contents. 

Indeed, the relative simplicity of past purchasing behaviour has been replaced by a much more complex and 

cognitively demanding consumer journey due to an unprecedented influx of external stimuli from a 

multitude of touchpoints, both online and offline (Court et al., 2009; Gupta & Mukherjee, 2024; SeoZoom, 

2025; Foroughi et al., 2024). This change is generating psychological discomforts that had not previously 

surfaced during purchasing decisions, such as decision fatigue and the “paradox of choice” (Ross & 

Bettman, 1979; Aljukhadar et al., 2012). According to this theory, very often, the overabundance of options, 

instead of empowering consumers, causes anxiety and cognitive overload, delays decision-making and 

generates dissatisfaction and post-purchase regret (Chernev et al., 2015; Mittal, 2016; Agnihotri et al., 2024; 

Kim et al., 2023a; Foroughi et al., 2024). Moreover, this phenomenon can lead consumers to rely on 



heuristics to save mental energy (Ross & Bettman, 1979; Banker & Ketani, 2019) or even completely avoid 

the purchase (Mittal, 2016; Scheibehenne et al., 2010). In particular, maximisers, i.e. consumers who are 

always looking for the best choice, are the ones who suffer most from the psychological consequences of 

having too many product alternatives (Mittal, 2016). 

It seems that the factors that most predict the occurrence of this phenomenon are the complexity of the 

decision-making task, a low level of knowledge of the product and an unclear structure of options 

(Scheibehenne et al., 2010; Chernev et al., 2015). According to some research, one of the most effective 

strategies for decreasing the degree of uncertainty associated with the purchasing process consists of 

increasing one's knowledge of the product by seeking additional information about it, both from experts and 

from trusted individuals (Chernev et al., 2015; Mittal, 2016). 

There are countless sources of information that today's consumers can draw on to minimize the negative 

psychological effects of choice overload. Among the most important external stimuli useful for this purpose 

are opinions from peers and family members, traditional word of mouth (Hamilton et al., 2021; Reingen & 

Kernan, 1986), online reviews and e-WOM (Haq et al., 2024; Sulthana & Vasantha, 2019), social media and 

influencer marketing (Gonçalves et al., 2024; Lima et al., 2024), and recommendations generated by 

artificial intelligence (Kim et al., 2023a; Aljukhadar et al., 2012; Melumad et al., 2020). In the contemporary 

digital context, these sources represent an important decision-making support, guiding customers in 

navigating a market that can sometimes seem exceedingly difficult to examine independently. However, it 

remains in the individual's interest to understand when it is right to strategically filter information from 

external inputs to make more informed choices, and when it is more convenient to rely on more intuitive 

mechanisms, such as brand recall or heuristics. These strategies are useful for streamlining decision-making 

and reducing cognitive investment in particular circumstances, such as purchases characterized by low 

emotional involvement (Ross & Bettman, 1979; Sheth & Parvatlyar, 1995). 

This introductory section has illustrated a historical, sociological, and economic overview of the 

development of product recommendations from the pre-digital era to the contemporary one. It has 

emphasized the progressive shift from traditional, human-driven sources to digital systems, and underlined 

the growing usefulness of external sources of information to cope with a more complex, broad and diverse 

marketplace. 

1.1.2. Sources of Product Recommendations 

This section lists the primary sources of product recommendations accessible to modern consumers, which 

will be examined in more detail through the scientific literature on the subject. Furthermore, some research 

will be cited that attest to the usefulness of these sources in influencing consumer purchasing decisions. 

These are mainly surveys in which questions are asked to explore the level of consumer confidence towards 

various sources of information. 



 Recommendations from friends, family, and traditional Word-of-Mouth 

As for the first category, these are sources of paramount importance for every consumer, because they are 

extremely reliable due to the emotional bond and the perceived feeling of closeness with the interlocutor. 

They are genuine, impartial and highly personalized recommendations that can reduce the feeling of risk 

associated with the purchase. Word-of-Mouth, on the other hand, although it doesn't necessarily come from 

close sources, is the result of other consumers’ experiences, and often occurs randomly and without a second 

purpose in everyday conversations. Due to the spontaneity with which it manifests itself and the feeling of 

authenticity it conveys, it has always represented a significant factor in buying decisions. 

There is a vast amount of research that attests to the inestimable value of these information points in the 

consumer's decision-making process. According to a Nielsen report (2021), 83% of people consider 

recommendations from family, colleagues, and friends the highest ranked source based on trustworthiness. 

According to Jay Baer (2014), 92% of people trust recommendations from individuals they know directly; 

instead, they only trust online reviews, user-generated content, and electronic word-of-mouth (e-WOM) 70% 

of the time. McKinsey & Company (2010) reports that Word-of-Mouth is the primary factor behind 20% to 

50% of all purchasing decisions, especially for new or expensive products. Additionally, according to a 2014 

McCarthy Group survey, most Millennials (84%) prefer the above-mentioned sources of information over all 

types of advertising. 

 Electronic Word-of-Mouth (e-WOM) (online reviews, interactions on social media, blogs and 

forums) 

Like traditional word of mouth, it consists of genuine peer-to-peer advice based on direct personal 

experience with products. However, compared to the latter, it offers a much greater amount of information, 

available 24/7 and characterized by a higher level of customization. Thanks to its accessibility, authenticity 

and effectiveness, it is considered as one of the most valuable information sources of the last few decades. 

According to a survey conducted by Statista in 2023, e-WOM appeared as the leading source of brand 

discovery in the US, compared to 32% and 21% respectively for social media and mobile app advertising. 

Deloitte (2014) reported that 75% of consumers said that product information found on social channels 

influences their shopping behaviour. Likewise, Nielsen (2025) found that 64% of Italians take online 

comments and reviews into account before making a purchase decision. Another study by Shopify (2024), 

on the other hand, shows that this percentage is as high as 90%. Furthermore, according to Spiegel (2021), 

compared to a product that has no reviews on the internet, a product with only 5 reviews has a 270% higher 

probability of being bought. Finally, according to Zhong-Gang et al. (2015), 60% of people check online 

reviews weekly, and 93% of them think it is a key tool for increasing the accuracy of their purchasing 

decisions. 



 Social media marketing and influencer marketing 

These are the only human sources of information analysed within this research that do not originate from 

other consumers, but from the companies themselves. Apart from this difference, it is necessary to examine 

and include them in this classification because of the immense diffusion and usefulness they have nowadays 

within the consumer journey. As a matter of fact, today, social media represent important points of contact 

with customers as they offer immediately usable and extremely useful information. They also represent a 

sort of cover for the company, which is why a strong and attractive presence on social networks has been 

essential to convey a good brand image for many years. 

According to The Times (2025), 66% of consumers consider an effective social media presence to be a 

crucial factor in guiding their purchasing decisions. This is particularly true for platforms such as TikTok 

and Instagram since they have the highest engagement rates. WpBeginner (2025) shown that 43% of people 

turn to social network sites when they are thinking of buying a product but “do not know where to start”. In 

an analogous way, Forbes (2023) reported that 76% of total social media users have bought something they 

saw on social media. Finally, according to Capgemini (2025), more than half of consumers discover new 

products through social media, compared to 32% in November 2022. 

As for influencers, over the past 10 years they have proven to be an extremely profitable component of 

digital marketing, combining authenticity, emotional involvement, competence and social proof that make 

them amazingly effective conveyors of promotional messages for companies. 

According to Statista (2023), global spending on influencer marketing reached USD 34.08 billion and it is 

forecasted to reach USD 39.33 billion by 2025, experiencing a 9% CAGR. According to WpBeginner 

(2025), 32% of Gen Z claim to have bought something they did not know existed thanks to the 

recommendation of an influencer. An article from Shopify (2024) states that 70% of Gen Z and Millennials 

usually rely on these figures to make purchasing decisions. In conclusion, according to WebFX (2025), 

influencer marketing can generate a ROI up to 11 times higher than traditional advertising strategies. 

 Recommendation algorithms 

Recommendation systems are Artificial Intelligence and Machine Learning algorithms offered by companies 

to help product search and improve consumer satisfaction in various contexts, including e-commerce, 

streaming platforms and social media. Their value derives from their ability to personalize experiences, 

simplify choices, increase engagement and improve decision-making. This invention has drastically changed 

the consumer experience, thanks to the ability of these algorithms to personalize the offer to consumers 

based on past preferences and behaviours. 



Until 2013, 35% of purchases on Amazon and 75% of content watched on Netflix came from algorithmic 

suggestions (McKinsey & Company, 2013). In addition, personalised recommendations account for over 

60% of listening on Spotify and generate 30% more user engagement (TechAHead, 2024). Another article 

by McKinsey & Company (2021) confirms the trend observed in previous years: 71% of consumers expect 

companies to deliver personalized interactions through algorithmic tools and “76% get frustrated when this 

doesn’t happen”. As a matter of fact, personalization in marketing can increase revenues 5 to 15% and ROI 

by 40% (McKinsey & Company, 2023). Finally, according to Statista (2024), 69% of companies that use AI 

to personalize the customer shopping experience report significant revenue growth. 

 Chatbots 

Chatbots are AI-powered tools available to companies to offer a range of services to consumers and improve 

their shopping experience. The sectors in which they are most commonly employed are e-commerce and 

customer service, in order to automate functions such as immediate assistance, targeted product advice, and 

after-sales support. 

According to Zendesk (2025), chatbots can enhance operational efficiency providing 24/7 support to 

costumers. In fact, by relying on past preferences, they can function as personal shopping assistants, helping 

users to obtain personalized product recommendations, information about new products, track orders and 

ultimate transactions. Using these technologies, Compass, the leading real estate broker in the US, has 

increased its productivity, improving problems resolution rates by 9% and solving 65% of requests in a 

single session. In the same way, according to Tidio.com (2024), 69% of consumers are satisfied with their 

interactions with chatbots. Finally, according to a survey reported by Ometrics (2022), 74% of consumers 

prefer to interact with chatbots in the case of simple questions. 

 Generative AI and ChatGPT 

Recently, thanks to technological advancements, a new frontier in the field of customized recommendations 

has emerged: Generative AI. Despite being used for a myriad of different purposes, with the emergence of 

cutting-edge conversational models such as ChatGPT, since 2022, artificial intelligence has also been an 

effective recommendation tool in the consideration and evaluation phase of the consumer journey. 

Indeed, unlike the traditional recommendation systems mentioned above, which tend to refer to historical 

purchasing behaviour and trends in order to make predictions, this new type of artificial intelligence acts 

more like a true purchasing consultant, capable of providing real-time, accurate and context-aware 

recommendations (Hamilton et al., 2021; Mogaji & Jain, 2024; Wong et al., 2023; Gupta & Mukherjee, 

2024; Hermann & Puntoni, 2024; Kumar et al., 2025). The characteristics of this innovative technology 

(huge database of data, speed, accuracy, objectivity, ability to converse) make it an immensely valuable tool 

for consumers in their search for product information, resulting in better, faster and more personalised 



purchasing decisions (Hermann & Puntoni, 2024; Kumar et al., 2025; Jan et al., 2023). Although it is 

relatively new, research has already shown that it is setting up itself as one of the main aids for consumers 

when they want to find information before making a purchase. 

According to Statista (2023), in 2023, over half of consumers used tools based on generative AI for product 

or service recommendations worldwide. Millennials were the most familiar with this type of technology, as 

56% of them replaced traditional search engines with generative AI tools. According to a very remarkable 

report released by Capgemini in 2023, “Why Consumers Love Generative AI”, 68% of consumers want 

GenAI tools to aggregate search results from traditional search engines, social media and retailer websites to 

provide information on all purchase options in one place. According to Lebow (2023), “59% of US adults 

interested in using GenAI chatbots for shopping-related activities would use the tech for product research”. 

Furthermore, according to a Salesforce report (2025), a 4% increase in total online sales in the United States 

during the 2024 Christmas season would be driven by a 42% increase in the use of artificial intelligence-

powered chatbots, which would have helped consumers to purchase and return products. According to a 

McKinsey report (2024), 78% of companies use GenAI in at least one business function. Finally, JP Morgan 

(2024) found that generative AI could increase global GDP by 7-10 trillion dollars, equal to a 10% increase, 

becoming the protagonist and catalyst of a new wave of innovation and economic growth. 

These are just some of the data that show how Generative AI is establishing itself as a powerful 

recommendation tool, with the potential to become a primary source of information when evaluating and 

considering buying choices. 

In the next step, the empirical findings from the existing literature will be analysed in more detail and each 

of the sources of recommendations discussed will be examined individually. In particular, the sources of 

recommendations guided by human will be examined first, instead artificial intelligence sources will be 

evaluated next. Such comprehensive review of the literature will ease a better understanding of how these 

mechanisms operate, their respective benefits and costs as compared to each other, and how they can affect 

decision-making process of the consumer. This examination will conclude with the comparison of the two 

macro-groups to find gaps in the current literature and possible avenues for prospective research. 

1.2. Human Sources of Product Recommendations 

1.2.1. Social Pressure, Social Norms and Culture 

It is the only “source of information” mentioned in this ranking that occurs unconsciously in the minds of 

consumers and does not presuppose real communication. However, it is a particularly crucial factor that has 

always influenced consumers' purchasing decisions. Cialdini and Trost in 1998, provided a universally 

accepted definition of social norms in the field of social psychology: “rules and standards that are 



understood by the members of a group, and that guide and/or constrain social behaviour without the force of 

law” (p.152).  

They represent a powerful psychological mechanism through which consumers, even unconsciously, 

interpret information and evaluate products. When making a purchase, consumers tend to align their 

preferences with social expectations, the so-called injunctive norms (Kirmani & Ferraro, 2017), especially 

when this action would generate approval from their reference group (Bearden & Etzel, 1982; Bhukya & 

Paul, 2023; Zhou & Wong, 2008; Cascio et al., 2015; Otterbring, 2021). As a matter of fact, these unwritten 

rules generate implicit pressure in the consumer’s mind, who will tend to follow them due to the desire for 

acceptance and belonging (D’Angelo et al., 2019; Escalas & Bettman, 2003; Bonfield, 1974; Bearden & 

Etzel, 1982; Shang et al., 2017).  

In this sense, they act as cognitive shortcuts, referred to as heuristics, reducing the effort and time needed to 

decide (White & Simpson, 2012; Sheth & Parvatlyar, 1995). Notably, these factors, also known as normative 

influences, tend to exert the strongest effects on decisions that are characterized by a low emotional 

involvement. Indeed, in these cases consumers will rely on quicker and more superficial reasoning, trusting 

social proof rather than processing the available information, since these purchases are considered less 

important to the consumer (Fu et al., 2020). Moreover, these external influences can sometimes be so 

psychologically crippling that it can be complicated to make a purchase that goes against them, even when it 

is in line with our individual preferences (Bonfield, 1974). 

However, it has been shown that vulnerability to social norms varies from person to person (Cascio et al., 

2015), depending on the specific situation and the product to be purchased (Bhukya & Paul, 2023). Some 

consumers are more inclined to follow a consumption behaviour shared by their reference group, especially 

when it comes to buying publicly visible products (Bearden & Etzel, 1982; Bearden & Rose, 1990). This 

happens because many consumers use these products to express their social identity, which is obviously 

affected by external judgment (Zhou & Wong, 2008; Griskevicius & Kenrick, 2013). 

Similarly, another study observed that when consumers shop in the presence of peers, they tend to choose 

popular brands to minimise the risk of social disapproval. The same change in consumer behaviour was not 

seen in the presence/absence of other people (Otterbring, 2021). In these situations, especially young people, 

tend to choose products that they would have ignored in the absence of the companion shopper (Lindsey-

Mullikin & Munger, 2011). Regarding this topic, according to Bearden & Rose (1990), each consumer has 

his/her own level of “attention to social comparison”: the higher this parameter, the more the person will 

tend to conform to normative expectations, especially when the purchasing behaviour is visible to others. 

Like social norms, the cultural values of a community also have a considerable influence on the buying 

behaviour of a group of people (Bonfield, 1974; Bhukya & Paul, 2023). They stand for the set of ideals, 

beliefs and habits on which a community is based, and dictate what is considered desirable or necessary 



(Melnyk et al., 2021; Clark & Eckhardt, 2003). For example, a study by Jakubanecs et al., (2022), showed 

that brand competence has a greater influence on purchase intentions in individualistic cultures than in 

collectivist cultures. In the latter, it was more effective to emphasize the brand's warmth and social 

connection. 

1.2.2. Opinions from Friends, Family and Traditional Word-of-Mouth 

Social norms manifest themselves through the need to conform to social and cultural expectations and to the 

pressure of a group (Bonfield, 1974). This phenomenon happens on an unconscious level and does not 

require direct interaction. This second paragraph will examine the opinions and recommendations coming 

from family and peers, and more generally the traditional Word-of-Mouth (WOM). In this case, a voluntary 

and direct conversation takes place aimed at finding information and input for the purchase decision (Singh 

& Nayak, 2014). 

First, it must be said that there are major differences between advice from friends and family and 

conventional Word-of-Mouth. In the former case, the advice is generally considered impartial and reliable 

due to shared interests, a strong personal bond and mutual trust (Reingen & Kernan, 1986). Suggestions 

coming from these sources are extremely effective because of the low social distance perceived with the 

interlocutor (Hamilton et al.,2021). Moreover, the feeling of closeness experienced from conversing with a 

trusted person increases the consumer’s confidence, making the advice more captivating (Faraji-Rad et al., 

2015). Also, the absence of persuasiveness and ulterior motives from these sources makes them highly 

trustworthy (Gupta & Chundawat, 2002; Millard & Thomas, 1984; Fitzsimons & Lehmann, 2004). Many 

studies have also shown that advice from friends and family plays a decisive role in stimulating purchasing 

behaviour by significantly reducing the risk perceived by consumers (Zirena-Bejarano & Zirena, 2024; 

Kirmani & Ferraro, 2017; Bearden & Etzel, 1982). These tips can also amplify the positive effect of e-WOM 

on purchase intentions (Kour et al., 2024; Haq et al., 2024; Fitzsimons & Lehmann, 2004). In addition, when 

a negative review comes from these close sources, it seems difficult to counteract its effect even in the 

presence of a broad positive consensus in online discussions (RV & Varshney, 2022). 

For the reasons mentioned above, friends and family are highly valued sources of information (Hamilton et 

al., 2021). More in particular, advice from these people, called strong ties, are preferred when the decision-

making task is characterized by a high perceived risk and when there is no in-depth knowledge of the 

product (Duhan et al., 1997). Communication between peers through social media, especially when there is a 

strong bond, creates greater consumer involvement with the product, which in turn increases the intention to 

buy (Wang et al., 2012). In the same way, according to a study by Argo & Dahl (2000), interactions with 

close ties often generate higher spending and are associated with increased positive retailer evaluations. 

Furthermore, these recommendation sources are also preferred for short-term purchasing decisions, as they 

are perceived as more practical and specific (Zhao & Xie, 2011). Interactions between peers, especially 



among teenagers, play a significant role in increasing the intention to purchase products for the family too 

(Jin & Wang, 2017). More in detail, this factor seems to have a greater influence in the first stages of the 

purchasing process, such as the search for information (Singh & Nayak, 2014).  

The level of importance attributed to the opinions of the external reference group also varies according to 

culture: it has been demonstrated that the influence of peers is stronger in industrialised countries with an 

individualistic culture (for example the United States), while the family seems to be the primary source of 

information in countries characterized by a collectivist culture, such as Thailand (Childers & Rao, 1992). 

However, decisions regarding publicly visible products are strongly affected by the consumption behaviour 

of the reference group, regardless of country. This phenomenon is particularly noticeable in more affluent 

contexts with greater cultural exposure, which show a higher level of conformity to the opinions of peers 

(Khan et al., 2016). As previously mentioned, in addition to being a reliable source of direct 

recommendations, peers also act as a behavioural model, as young people often imitate the habits and 

purchasing choices observed within their social circles (Harwanto et al., 2020). 

On the contrary, Word-of-Mouth distinguishes itself from the afore-mentioned sources in several key 

respects. As a matter of fact, it can take place in any social context, it can be represented by the opinion of 

complete strangers, and can also occur casually, not always having the specific purpose of helping someone 

make a purchase. For these reasons, information coming from this channel is generally characterised by a 

lower degree of personalisation than the previous one (Cruz et al., 2017). 

A universally accepted conceptualization in literature defines Word-of-Mouth (WOM) as “informal 

communications directed at other consumers about the ownership, usage, or characteristics of particular 

goods and services and/or their sellers” (Westbrook, 1987, p. 261; De Matos & Rossi, 2008). 

Traditional word-of-mouth is widely recognised as one of the most useful and reliable sources of 

information for consumers (Brown & Reingen, 1987; Richins & Root, 1988). Compared to advertising, 

social media marketing and influencer marketing, it originates from real consumer experiences and has no 

commercial purposes. For these reasons, it is generally perceived as a unbiased opinion aimed at sharing 

information and raising knowledge about a product/service which has been appreciated (Walsh & Mitchell, 

2010; Huete-Alcocer, 2017; Court et al., 2009; Cheong & Morrison, 2008; Chang & Chin, 2010). 

Furthermore, it stems from social ties, both strong and weak, and from face-to-face communication, which 

contribute to its trustworthiness (Hogan et al., 2004). 

It is seen as a highly genuine and useful source for obtaining information because it naturally takes place in 

everyday conversations. In addition, it seems to be a very effective tool during the evaluation and 

consideration phases of the consumer journey in reducing the level of uncertainty and the perceived risk 

associated with the purchase of a product (Lemon et al., 2016; Duhan et al., 1997). One study has shown that 

in emerging markets offline sources of product recommendation (both strong and weak ties) are still crucial, 



while in developed economies there is a tendency to rely more on information found on the internet during 

the purchasing process (Goodrich & De Mooij, 2013). 

Moreover, there is existing research that testify to the effectiveness of WOM when used by businesses as a 

marketing tool. It has been shown that in every network of people there is one or more opinion leaders, 

whom companies should invest in, as they can act as potential referral multipliers (Reingen & Kernan, 1986; 

Meiners et al., 2010; Rosen, 2001). In fact, in certain cases they can become more effective than the more 

well-known influencers, because of the lower social distance perceived by consumers (Haenlein & Libai, 

2017). Finally, several studies show that WOM is more effective than traditional advertising tools, having a 

greater and longer-lasting impact on a company's acquisition of new customers (Trusov et al., 2009; Hogan 

et al., 2004; Villanueva & Hanssens, 2008). 

1.2.3. Electronic Word of Mouth (e-WOM) 

The phenomenon of Electronic Word-of-Mouth (e-WOM) emerged in the early 2000s with the spread of the 

Internet and digital platforms. It immediately became a powerful communication tool between consumers 

and producers (Sharma et al., 2011; Gonçalves et al., 2024; Dwivedi et al., 2020) and a vehicle for 

facilitating the exchange of opinions among consumers (Gunawan & Huarng, 2015; Gonçalves et al., 2024; 

Klaus & Zaichkowsky, 2021; Deloitte, 2015). Among the key features that differentiate it from the above 

sources of information are the 24/7 accessibility and the considerably greater amount of information that can 

be found within (Melumad et al., 2020). Compared with the traditional WOM, which is restricted to well-

defined geographic boundaries, e-WOM manifests itself with a considerably larger number of participants, 

active and passive, and a significantly greater quantity and quality of information cues (text, pictures and 

videos) (Zhao et al., 2017). These peculiarities make it an extremely exhaustive and immediate tool to use. It 

can manifest itself in various forms, including online reviews, comments posted on social media, and content 

found on blogs and forums (Hennig-Thurau et al., 2004). 

Online reviews are positively correlated with an increase in purchase intention among consumers who use 

them (Haq et al., 2024; Sulthana & Vasantha, 2019). This process can occur both directly and indirectly 

through brand awareness (allowing the brand to reach more people) and trust (as mentioned, consumer-to-

consumer recommendations are generally perceived as more reliable than advertising) (Haq et al., 2024). E-

WOM can also increase sales of a product (Roy et al., 2017; Buttle, 1998), especially in the short term (Moe 

& Trusov, 2011). For example, in the movie industry, the amount of e-WOM about a movie seems to 

increase sales more than the objective value of the movie and traditional advertising expenses (Kim et al., 

2022). However, negative reviews are perceived as more credible (Chatterjee, 2001) and have a 

proportionally greater effect on sales than positive ones (Chevalier & Mayzlin, 2006).  

Also, the use of online content and advice decreases the perceived risk experienced during the buying 

process (Chen et al., 2015; Kour et al., 2024; Kirmani & Ferraro, 2017; Sharma et al., 2011) or even 



encourage riskier purchasing behaviour, increasing the feeling of support and protection. This is especially 

true when there is a strong connection with the author of the review (Yang, 2022), as can happen in online 

forums (Zhu et al., 2012; Fu et al., 2020). Even, earlier reviews by other consumers can also mentally 

influence the effect of positive and negative experiences with the product (Sridhar & Srinivasan, 2012). 

Specific product and consumer characteristics shape the perceived level of usefulness of this informational 

source (Cascio et al., 2015). For example, when choosing the source of information on a particular product, 

consumers seem to prefer online reviews, as they are more structured and detailed, compared to information 

on social media. Conversely, the willingness to use the latter increases when there is uncertainty about the 

product one is interested in or when there is a difficulty in evaluating the product itself (Bartschat et al., 

2021). It has been demonstrated that the quality and quantity of positive interactions on social media 

regarding a product increase the intention to make an impulse purchase due to a perceived popularity of the 

product, especially for products with low emotional involvement (Huang et al., 2025). In the video game 

sector, however, it seems that online reviews related to less popular products increase sales more than those 

of more popular video games (Zhu & Zhang, 2010). 

Some specific characteristics of online reviews are more likely to generate high purchase intent. The quality 

of the information provided, and the perception of credibility are highly effective factors in increasing 

purchase intention (Erkan & Evans, 2016; Ismagilova et al., 2019). The factors that most predict the use of 

online reviews seem to be the positive valence of the message (De Bruyn & Lilien, 2008; Zangeneh et al., 

2014; Kour et al., 2024; Haq et al., 2024), costumer product ratings (De Langhe et al., 2015), information 

accuracy (Roy et al., 2018; Filieri & McLeay, 2014; Lee & Shin, 2014; Cao et al., 2010; Chatterjee, 2001; 

Leong et al., 2021) and perceived credibility of the source (Zhang et al., 2014; Chen et al., 2015; Gunawan 

& Huarng, 2015; Kour et al., 2024; Leong et al., 2021).  

On websites that allow to establish the perceived competence of the reviewer (which act on the so-called 

peripheral route), for example through a rating or number of followers, these metrics also significantly 

increase the usefulness of the review (Majumder et al., 2022; Cheng & Ho, 2015). The amount of 

information contained in the review is considered less important by the average consumer (Filieri, 2014). 

Instead, the significance of the quantity of reviews as a predictive factor of purchase intention has been 

proven (Ali & Cai, 2018; Rosario et al., 2016), but not in all the studies analysed. As regards the differences 

between the genders, women generally show a higher level of trust in online recommendations. However, 

both of them seem to trust reviews with mixed valence (neither positive nor negative) more than completely 

positive or negative ones (Prendergast et al., 2016; Doh & Hwang, 2008). 

As mentioned previously for traditional WOM, this tool is also generally preferred to traditional advertising 

as it is perceived as more authentic and genuine (Bickart & Schindler, 2001; Sulthana & Vasantha, 2019; 

Smith et al., 2005; Meiners et al., 2010; Rosen, 2001; Helm, 2000; Court et al., 2009; Cheong & Morrison, 



2008; Bahtar & Muda, 2016; Godes & Mayzlin, 2004). However, Chen et al., (2015), found that consumers 

who are less susceptible to informational influence tend to weigh the information gained from user-

generated content with other forms of data, including company's own information. 

1.2.4. Social Media Marketing and Influencer Marketing 

Nowadays, with the spread of social networks, social media marketing and influencer endorsements are one 

of the most important means for companies to reach consumers, especially the younger ones (Gen Z and 

Millennials) (Lima et al., 2024; Vrontis et al., 2021; Samsudeen & Kaldeen, 2020; Dwivedi et al., 2015; 

Ansari et al., 2019). Digitalization has transformed marketing, with platforms such as Facebook, Instagram, 

Twitter, YouTube and LinkedIn offering unprecedented opportunities to catch consumers (Pütter, 2017). 

Through these applications, marketers can easily access the daily lives of consumers, offering micro-

experiences that increase engagement and brand loyalty (Güngör et al., 2024). Moreover, social media 

marketing is cheaper than traditional marketing, offers superior targeting capabilities and allows direct, real-

time interaction with customers (Khanom, 2023; Kaplan & Haenlein, 2010). 

According to Weinberg (2009) definition, social media marketing is “an integrative process aimed at 

promoting goods and services over platforms of social media, which has the potential to target a far wider 

consumer base in comparison to the traditional forms of marketing”. 

Based on a thorough review of the literature, it appears that the most effective strategies for stimulating 

purchases through this recent marketing tool are: interactive, captivating and preferably short content to 

involve the public such as contests, surveys and quizzes (Sokolova & Kefi, 2019; Meliawati et al., 2023; 

Pütter, 2017), promotions and direct interactions with the brand (Lima et al., 2024; Gonçalves et al., 2024; 

Kim & Ko, 2010; Ye et al., 2021; Chetioui et al., 2020; Laksamana, 2018; Husnain & Toor, 2017; 

Moslehpour et al., 2021). Among other factors, the relevance of the information provided, and the credibility 

of the advertisement are also important (Alalwan, 2018; Hanaysha, 2022; Ceyhan, 2019; Samsudeen & 

Kaldeen, 2020), in an analogous manner as seen for e-WOM. 

Marketing strategies conducted through these platforms are significantly correlated with an increase in brand 

loyalty (Ceyhan, 2019), which in turn makes consumers more likely to buy the brand (Balakrishnan et al., 

2014; Almohaimmeed, 2019; Hanaysha, 2022; Sanny et al., 2020). Some studies have shown that social 

media marketing activities increase purchase intention through the mediated effect of three components: 

brand trust (Kim & Ko, 2010), brand experience and finally brand love (Koay et al., 2023). 

As regards to influencers, thanks to their ability to create authentic and engaging content, they usually 

generate greater trust, credibility (Sokolova & Kefi, 2019), brand awareness and engagement than traditional 

advertising (Leung et al., 2022; Li & Peng, 2021), increasing consumers' intention to purchase (Vrontis et 

al., 2021; Ye et al., 2021). Purchase intention is also significantly enhanced in an indirect way through 



certain mediators such as quality information, trust toward influencers, perceived credibility (Müller et al., 

2018; Chetioui et al., 2020; Babu et al., 2024; Li & Peng, 2021; Koay et al., 2021; Lim et al., 2017), 

perceived authenticity (Hermanda et al., 2019) and attitude toward sponsored contents (Tiwari et al., 2024; 

Harison & Lahav 2024; Gomes et al., 2022; Saima & Khan, 2020; Bhagat et al., 2024). The number of 

followers and the influencer's popularity also seem to have the same effect (Weismueller et al., 2020). 

Influencers also have the power to amplify e-WOM about a specific company, reaching new audiences 

through content sharing (Ye et al., 2021). 

The alignment between the influencer's image and the consumer's self-concept also appears to have a 

significant impact on the consumer's purchase intention. According to diverse research, the feeling of 

similarity with these figures amplifies the persuasiveness of their advice (Hermanda et al., 2019; Li & Peng, 

2021; Lim et al., 2017). In addition, creating a parasocial interaction with these people, i.e. a unilateral bond 

similar to friendship, also raises the consumers’ inclination to follow their purchasing recommendations, 

through the greater perceived emotional connection (Sokolova & Kefi, 2019; Harison & Lahav 2024; Gomes 

et al., 2022; Yuan & Lou, 2020). In this context, it has been observed that the credibility, transparency and 

social attractiveness (Jansom & Pongsakornrungsilp, 2021; Babu et al., 2024) of the influencer seem to be 

the most predictive factors in the establishment of this relationship (Yuan & Lou, 2020). 

Furthermore, it seems that advertising disclosure, or the declaration of sponsorship, also enhances the 

intention to purchase, enhancing the influencer's attractiveness (Weismueller et al., 2020; Gonçalves et al., 

2024; Duffek et al., 2025; Kay et al., 2020). This is probably because in this way they are perceived as more 

authentic. In particular, it has been shown that even a micro-influencer who discloses sponsorships generates 

higher purchase intentions than a macro-influencer who has not disclosed (Kay et al., 2020).  

Finally, some research emphasizes that, as with other sources of recommendation mentioned above, an 

information overload from social media influencers’ contents can cause confusion, stress and even 

avoidance of the purchase (Agnihotri et al., 2024). However, as the vastness of information is an intrinsic 

characteristic of the contemporary digital world, other sources of information can also cause the same 

discomfort. It is therefore not to be considered as a weakness belonging only to this category of product 

recommendations. 

1.3. AI Sources of Product Recommendations 

1.3.1. Brief History and Introduction of Artificial Intelligence 

With the introduction of Asimov's Three Laws of Robotics and the publication of Computer Machinery and 

Intelligence, the idea of developing autonomous and intelligent machines began to gain ground (Haenlein & 

Kaplan, 2019). However, the term Artificial Intelligence (AI) dates back only to 1956, when John McCarthy 

and his colleagues defined it as “the science and engineering of making intelligent machines, especially 



intelligent computer programs” (McCarthy, 2004, p.2). This event marks the beginning of scientific research 

on AI. This technology is also defined also as “a system’s ability to interpret external data correctly, to 

learn from such data, and to use those learnings to achieve specific goals and tasks through flexible 

adaptation” (Haenlein & Kaplan, 2019) (p.6).  

Artificial intelligence went through distinct stages of development, each characterized by significant 

innovations and practical applications. However, also due to reduced funding, technological discoveries in 

this new branch of science were slow to come (Haenlein & Kaplan, 2019). In the 1990s, the invention of 

Machine Learning gave rise to algorithms capable of learning from data, leading to advances in predictive 

analysis and personalization, such as the recommendation engines used by Netflix and Amazon. This 

technological advancement represented one of the first important uses of AI in the field of marketing. 

However, the true rebirth of AI occurred in 1997, when IBM's Deep Blue robot defeated world chess 

champion Garry Kasparov, proving the potential of Expert Systems, and above all in 2006, when systems 

based on Deep Learning were developed for the first time. This recent technology revolutionized image 

recognition, natural language understanding and advanced automation thanks to deep neural networks, 

favouring innovative applications such as self-driving cars and intelligent virtual assistants (Haenlein & 

Kaplan, 2019). Finally, the advent of generative AI has added a creative dimension to AI, enabling 

automatic content generation and new ways of interacting with consumers. For companies, these 

technologies have opened up new opportunities in marketing, product development and advanced data 

analysis (De Bruyn et al., 2020; Sinha et al., 2023). 

Today, AI is a key strategic resource for improving the operational efficiency of companies, offering 

personalized experiences to consumers and driving innovation in numerous sectors (Chintalapati & Pandey, 

2021). This extremely powerful tool is transforming marketing, allowing firms to analyse huge amounts of 

customer data, offer tailored contents and products based on past preferences and behaviour, and automate 

decisions and processes to improve the effectiveness of campaigns (Kumar et al., 2019; Haenlein & Kaplan, 

2019; Harkness et al., 2023). 

The main danger is that managers overestimate the capabilities of AI or underestimate its risks (De Bruyn et 

al., 2020). One of the main problems related to AI for marketers and consumers is the “incomprehensibility” 

of this technology: it is based on formal rationality (data and statistics) rather than on substantial rationality 

(deep understanding of customers and their motivations). In other words, this tool is extremely precise in 

identifying complex patterns among gigantic amounts of data, but it is not capable of explaining them 

(Haenlein & Kaplan, 2019). For this reason, it is necessary to avoid total dependence on this technology 

(Alexander et al., 2018) and try to humanize its output as much as possible (Kozinets & Gretzel, 2020; De 

Bruyn et al., 2020). Many studies show that human skills and artificial intelligence should work together 

rather than replacing each other to maximize the effectiveness of business operations and marketing 

campaigns (Davenport et al., 2019; Haenlein & Kaplan, 2019). Finaly, another fundamental problem linked 



to this technology is represented by data security and privacy, as these technologies collect and use personal 

data without consent (Labrecque et al., 2024; Abou-Shouk et al., 2024; Brill et al., 2019). 

In this section the most important applications of Artificial Intelligence in the field of marketing will be 

discussed, starting with recommendation algorithms, through conversational chatbots, and ending with 

Generative AI. In particular, as done for human sources of information, the main papers on each of these AI 

tools will be analysed, trying to extrapolate their advantages and shortcomings in the context of product 

recommendations. 

1.3.2. Recommendation Algorithms 

Recommendation systems, also called Recommendation Agents (RAs), are predictive artificial intelligence 

algorithms that analyse user data (such as preferences, past behaviours and demographic characteristics) to 

suggest personalized products, services or experiences. They began to proliferate at the late 90s, particularly 

when Amazon introduced its innovative collaborative filtering system in 1998, which immediately became 

its trademark. They are now widely used in e-commerce websites (es. Amazon, eBay, Zalando), streaming 

platforms (es. Spotify, Netflix) and social media (TikTok, Instagram).  

Traditionally, these algorithms use three main approaches to personalise users’ experiences: collaborative 

filtering (suggest items based on the preferences of similar users), content-based filtering (recommend 

products based on past preferences and user’s characteristics), or a hybrid approach (combine both to 

optimize the effectiveness of the recommendations) (Al-Hasan et al., 2024). 

In the context of e-commerce, recommendation algorithms have been proven to offer substantial benefits to 

businesses. By expanding the consumer's consideration set (Li et al., 2021), these technologies have the 

ability to increase purchase intent and average cart value. Among the advantages offered to consumers 

through the use of these tools are a substantial reduction in information overload, which occurs through a 

significant decrease in the time spent searching for products and a smoother purchasing process (Aksoy et 

al., 2011; Aljukhadar et al., 2012; Xiao & Benbasat, 2007; Hermann & Puntoni, 2024). They represent a 

remarkably effective tool due to the excess of information present in digital marketplaces, which often leads 

to the need to use cognitive shortcuts to reduce the level of difficulty of the choices (Banker & Khetani, 

2019). 

However, trust in these algorithms is crucial to ensure their use and acceptance by consumers. This factor 

strongly depends on the quality of the advice (composed of several elements, including accuracy, novelty 

and diversity), transparency of the suggestions (making users understand why a particular product is 

recommended) and the quality and usability of the website interface (Aksoy et al., 2011; Xiao & Benbasat, 

2007). In turn, a satisfactory level of trust increases the purchase intention (Nilashi et al., 2016). The 

perceived usefulness, information richness, and degree of personalization offered by recommendations also 



seem to play a key role in the acceptance of such systems (Jan et al., 2023; Komiak & Benbasat, 2006). 

Furthermore, familiarity with these algorithms is also essential in building consumer trust, both emotional 

and cognitive (Komiak & Benbasat, 2006). 

As previously mentioned, AI is often perceived as a “black box”, as it is not always possible to understand 

how it makes decisions and reaches certain conclusions. In this regard, an interesting study analyses the 

effectiveness of post-hoc explanations offered by artificial intelligence, i.e. clarifications or justifications 

concerning the reason behind a recommendation. It has been proven that this kind of explanations increase 

the perception of interpretability of algorithm advice (giving the illusion of “opening” that black- box), 

strengthening trust, and purchase intention (Chen et al., 2024). This positive effect seems to be more 

pronounced in utilitarian decision-making contexts than in hedonistic ones. Also, attribute-based 

explanations, which are based upon the “content-based filtering”, are more effective in utilitarian domains, 

while user-based explanations, based upon “collaborative filtering”, work better in hedonic contexts (Chen 

et al., 2024). In addition, user-based collaborative filtering seems to be more appreciated by people who are 

experts on a specific product, as they can evaluate the accuracy of the recommendations (Chinchanachokchai 

et al., 2021). 

From another noteworthy research regarding this subject, it also seems that Recommendation Agents 

improve customer satisfaction and purchase intention when they think in a similar way to the customer: in 

particular, this happens when there is resemblance in the way the attributes of the products are weighted 

(price, quality, etc.) and in the decision-making strategies (e.g. compensatory rules vs. heuristics) (Aksoy et 

al., 2006). This discovery proves that knowing the cognitive processes behind consumers' buying behaviour 

can be a significant competitive advantage in personalizing buying experiences. 

However, recommendation algorithms have not been free from criticism over time, especially since more 

efficient personalization systems have been developed due to technological progress. According to the 

“information cocoon” theory, these algorithms would lead to less optimal purchasing choices in the long 

term. Since AI tends to suggest products that are similar to each person's tastes, the algorithm would prevent 

the exposure to different products, thus hindering the comparison and discovery of better alternatives over 

time (Chen et al., 2021; Melumad et al., 2020). Furthermore, it is not uncommon for AI to misinterpret data, 

providing incorrect suggestions, or to excessively influence search criteria, limiting the user's freedom of 

choice (Gao & Liu, 2022). Among the problems intrinsically linked to the functioning of this specific 

category of AI tools are cold start (difficulty in suggesting products to new users or new products to existing 

users), scalability (inability to maintain good performance as the database grows), and limited 

personalization of the consumer experience compared to more recent AI systems (Al-Hasan et al., 2024; Ji et 

al., 2024; Luo et al., 2024). 



1.3.3. Chatbots 

Chatbots are defined as “software programs that interact with users using natural languages, simulating a 

human conversation” (Shawar & Atwell, 2007, p. 29). The first ones to become widespread employed a 

Rule-based technology, elementary models which gave programmed answers to specific questions. The most 

successful ones were developed in the early 2000s and were based on a Machine Learning technique called 

Natural Language Processing (NLP). They understand natural language, adapt themselves to the context and 

improve over time, offering more fluid, flexible and intelligent conversations. This technology is used to 

provide assistance and perform automated operations in sectors such as e-commerce, customer service, 

healthcare and banking. 

In the context of customer service, chatbots have the advantage of giving immediate assistance at any time 

of the day reducing business costs and personalizing responses based on past interactions (Misischia et al., 

2022; Fleischner & Grad, 2019; Chong et al., 2021; Inavolu, 2024). They are often used by firms as the first 

point of contact to try to automate the simplest requests (Nordheim et al., 2019). As a matter of fact, they are 

particularly effective in carrying out easy activities such as receiving reservations and feedback (Leung & 

Chan, 2020). In this field, user satisfaction is extremely dependent on the use of clear and concrete language, 

perceived usefulness of the information (Jimenez-Barreto et al., 2023), ease of use, responsiveness (Chen et 

al., 2021) and problem-solving capacity of these tools (Hsu & Lin, 2022; Nordheim et al., 2019; Rapp et al., 

2021). 

Within the context of online shopping, they appear to be beneficial in helping consumers to analyse and 

compare products to make more informed decisions (Silva et al., 2023). The development of conversational 

commerce, namely the process of buying products through voice or text interactions with artificial 

intelligence (AI), is revolutionizing the online shopping experience, enhancing decision speed and making it 

more efficient (Balakrishnan & Dwivedi, 2021; Silva et al., 2023). According to a study on Emma, the 

chatbot of Zalando, the most principal factors that predict the usage of this chatbot are the conversational 

naturalness and the perceived usefulness when searching for product-related information. Nevertheless, 

many respondents perceived the chatbot to be cold, unable to effectively recognize consumer requests, and 

less useful as a service agent than a human employee (Rese et al., 2020). Even when shopping, these tools 

are preferred to receive advice on simple, low-involvement tasks (Hsu et al., 2023). 

A much-debated topic in the literature concerns the level of anthropomorphising of chatbots. Several studies 

have shown that the more an algorithm seems similar to humans, the more it generates trust and purchase 

intent (Blut et al., 2021; Schanke et al., 2021; Pelau et al., 2021; Wei et al., 2024; Adam et al., 2020; Chong 

et al., 2021; Nordheim et al., 2019; Rapp et al., 2021). This effectiveness does not appear to vary between 

utilitarian and hedonic contexts (Konya-Baumbach et al., 2022). The chatbot is considered anthropomorphic 

when uses emotional expressions and imitates human empathy (Pelau et al., 2021; Rapp et al., 2021), has a 



human voice (in the case of AI voice assistants) and personalizes responses by remembering past 

preferences. However, even an anthropomorphic chatbot with poor conversational skills can generate 

disappointment (Go & Sundar, 2019). Instead, on average, non-anthropomorphic chatbots increase the 

psychological reactance to advice, especially if they are activated automatically, leading consumers to 

ignore them. This makes choice more difficult and less immediate, but can also lead to greater satisfaction, 

as the consumer feels they have thought more independently about their choice (Pizzi et al., 2020). 

At the same time, too much human-like behaviour leads to a decreasing of user confidence and acceptance 

of such tools, due to the feeling of uneasiness generated, called the “uncanny valley” effect (Blut et al., 

2021; Wei et al., 2024; Chakraborty et al., 2024; Chong et al., 2021; Fernandes & Oliveira, 2020; Kim et al., 

2019; Przegalinska et al.. 2019; Castelo et al., 2019). However, the higher a user’s level of expertise, the less 

the level of humanization of the chatbot appears to influence the generation of trust (Greiner & Lemoine, 

2025). 

In addition to textual chatbots, consumers are increasingly delegating their purchasing decisions to AI voice 

assistants (e.g. Amazon Alexa, Google Assistant and Apple Siri). The factors that most predicts the use of 

such instruments are the elimination of information overload, reduction of research time, personalization of 

responses (Rhee & Choi, 2020) and the feeling of a human conversation (Klaus & Zaichkowsky, 2021). Also 

in this case, the perceived usefulness, quality of information (Silva et al., 2023; Fernandes & Oliveira, 2020), 

enjoyment and ease of use are decisive in increasing the intention to use these technologies (Kasilingam, 

2020; Romero-Charneco et al., 2024). As with textual chatbots, anthropomorphism and perceived 

intelligence are also crucial for increasing the propensity to follow advice (Balakrishnan & Dwivedi, 2021). 

From a study by Yang et al., (2024), the fluency of human-AI voice interaction (e.g., with Alexa) increases 

online purchase intention through the mediated effect of perceived warmth and competence. Specifically, in 

scenarios with low certainty or product involvement, warmth is more influential in driving purchase 

decisions, and vice versa. In the context of conversational commerce, chatbots with anthropomorphic traits 

increase the perception of personalization and willingness to pay a higher price, and situational solitude 

when interacting with these tools can amplify this effect even more (Sidlauskiene et al., 2023). 

Since the voice is a distinctive element of this category of chatbots, the characteristics of the latter also have 

important effects on the user’s confidence. Firstly, a friendly rather than formal tone is generally preferred 

(Rhee & Choi, 2020; Rese et al., 2020). In particular, a warm tone seems to be more effective for 

experiential products (e.g. hotels and travels) and for present-oriented consumers. Instead, chatbots that 

show a competent tone seem to be preferred for technological products and by future-oriented consumers 

(Roy & Naidoo, 2020). Moreover, recommendations of chatbots with a male voice are more convincing 

when the product is utilitarian in nature, and those with a female voice are more persuasive for hedonistic 

products (Ahn et al., 2021). Another study shows that chatbots with female characteristics are considered 

more human and therefore more accepted (Borau et al., 2021). 



In the luxury sector, the customer experience and satisfaction improve when interactive chatbots provide 

advice characterized by personalization, accuracy of information and quality of communication (Shahzad et 

al., 2024). However, in this field too, these tools seem to work better for providing basic assistance, rather 

than completely replacing human advice (Chung et al., 2018; Leung & Chan, 2020). 

An important meta-analysis on the subject showed that, regardless of the purpose, the most decisive factors 

for the adoption of chatbots are perceived usefulness, attitude towards this technology and level of trust (Li 

et al., 2023). As with other AI technologies, transparency is crucial for these systems too (Przegalinska et al., 

2019). Also, it seems that the degree of acceptance and satisfaction deriving from chatbot advice increases 

when the consumer already has a clear idea of what they want, especially for utilitarian products (e.g. 

electronics, household appliances) (Zhu et al., 2022). 

Companies have invested heavily in conversational AI, but many implementations have not been really 

appreciated by users worldwide (Greiner & Lemoine, 2025). As a matter of fact, there is still a lot of 

resistance from consumers regarding usefulness of chatbots due to a quality and personalization of the 

service that often does not meet expectations (Chong et al., 2021; Jimenez-Barreto et al., 2023). 

Like said before, they still have limited ability to understand and interpret human language, making them 

less useful for complex decisions (Leung & Chan, 2020). They often display errors of interpretation, lack of 

consistency in their answers and an inability to manage long conversations (Rapp et al., 2021). Many 

consumers expect better performance than they receive from the main AI voice assistants on the market 

(Siri, Alexa & Google Assistant) (Brill et al., 2019). In general, they are often perceived as too artificial and 

incapable of understanding the meaning of words in depth (Go & Sundar, 2019). In addition, the feeling of 

risk to the security of personal data arising from the use of chatbots is quite common among users (Silva et 

al., 2023). Finally, as with other types of AI algorithms, there is also a demand for greater transparency in 

the responses, as it represents a predictive factor of the use of these technologies (Przegalinska et al., 2019). 

Considering the scientific results obtained, it can be stated that chatbots have improved user experience by 

automating and optimizing various business activities, including technical and after-sales support. However, 

these tools are still limited to basic functions, presenting problems in text comprehension, adaptability, and 

complex problem solving, often making interactions with consumers unsatisfactory and cumbersome. 

1.3.4. Generative Artificial Intelligence 

Generative AI is a type of Artificial Intelligence that creates content (e.g. text, images, music, videos) 

starting from a first input. It is designed to generate responses, design outputs or invent ideas, based on 

Machine Learning models that have assimilated enormous amounts of pre-existing data. Compared to classic 

predictive AI, which analyses structured data to make predictions, this innovative technology can create 

contents from such data (Grewal et al., 2024). It has practically infinite applications including marketing, 



service operations, banking, hospitality, healthcare, education, manufacture and software engineering 

(Dwivedi et al., 2023; McKinsey, 2024; Ooi et al., 2023). In the field of business, companies are adopting 

GenAI to generate advertising copy, personalize offers and automate customer service (Brand et al., 2023; 

Sinha et al., 2023).  

More in detail, ChatGPT has revolutionized the way people interact with technology, becoming one of the 

most popular GenAI tools (Ooi et al., 2023). It falls within the Large Language Models (LLMs), a sub-

category of GenAI algorithms, which are trained on huge databases of textual data. The most appreciated 

characteristics in its answers are accuracy, relevance, perceived usefulness and speed (Niu & Mvondo, 2023; 

Ma & Huo, 2023). 

Recommendation systems have evolved significantly in recent decades, moving from methods based on 

collaborative filtering and content-based filtering to more advanced Deep Learning models. Today, 

generative artificial intelligence offers new opportunities to improve personalization marketing, possessing 

far greater computing capabilities than previous technologies. This tool is capable of much more intelligent 

interactions with users, improvements in data representation, ranking and evaluation of recommendations 

(Wang et al., 2024; Al-Hasan et al., 2024; Ji et al., 2024; Kumar et al., 2025; Hermann & Puntoni, 2024). 

For these reasons, generative AI is transforming crucially the decision-making process of buyers, allowing 

quick access to detailed product information (Iranmanesh et al., 2024). Being a conversational AI, users can 

express their needs in natural language and the system can provide detailed explanations of the advice given 

and change the recommendations ongoing (Al-Hasan et al., 2024; Gupta & Mukherjee). In addition, the risk 

of the “filter bubble” that occurred with traditional recommendation system models is eliminated, favouring 

the discovery of new product alternatives (Wang et al., 2024). 

The factors that most predict the adoption of generative AI and ChatGPT to obtain information about 

purchases, compared to other available options, are the perceived competence, accuracy and personalization 

of the responses, ease of use, perceived fun, and transparency of information (Iranmanesh et al., 2024; 

Pathak et al., 2024). In the online grocery shopping sector, the quality of interaction, the perceived reliability 

of information, and a moderate degree of anthropomorphising significantly increase trust in GenAI 

algorithms (Chakraborty et al., 2024). A study on the impact of GenAI on the adoption of e-commerce 

chatbots has shown that this new technology, compared to predictive AI, makes these tools much more 

effective and anthropomorphized, which increases user satisfaction (Arce-Urriza et al., 2025; Kumar et al., 

2025).  

ChatGPT turned out to be more effective than Amazon's recommendation system in building trust and 

guiding consumers towards purchase: products recommended by this technology were more likely to end up 

on the list of products considered by consumers than those suggested by Amazon Personalize. That’s 

because GenAI was seen as more accurate, transparent and neutral in its recommendations (Chang & Park, 



2024). Another experiment showed that ChatGPT is much more useful than traditional e-commerce 

recommendation models in advising products to consumers. In particular, the CTR, conversion rate and 

average user satisfaction have increased significantly (Malikireddy, 2024). 

Also, when ChatGPT provides product-related recommendations, contrary to the theory of choice overload, 

customer satisfaction and purchase intention are even directly proportional to the number of options 

proposed by the AI. Since this tool is perceived as highly accurate and personalized, the number of 

recommended alternatives, although excessive, is well accepted and the usual negative effects deriving from 

having too many choices are significantly mitigated (Kim et al., 2023a). The given output is not interpreted 

as a sign of confusion, but of greater depth and knowledge of the AI. 

Generative AI is also revolutionizing the hospitality and tourism sector. More and more people are relying 

on GenAI advice to get more detailed and personalized information for their travel plans. Here too, the 

relevance, credibility and usefulness of the information, and the perceived intelligence of the AI assistant 

(how much it seems to understand the user's questions and travel preferences) are the factors that most 

predict the use of this new technology (Wong et al., 2023; Ali et al., 2023). Trust then increases the intention 

to put the advice given by ChatGPT into practice (Ali et al., 2023; Abou-Shouk et al., 2024). Also, the 

employment of figurative language, which leads to greater vividness of mental images, and the perception of 

AI as similar to a human being are significantly correlated with an increased intention to visit the 

recommended destinations (Baek et al., 2025). However, it is not uncommon for ChatGPT to make mistakes 

and give erroneous information about travel information, which obviously significantly decreases the 

intention to follow the advice (Kim et al., 2023c).  

Although it is undeniable that enormous steps forward have been made compared to previous AI models in 

terms of perceived usefulness and accuracy of the information provided, in light of current research results, 

it seems clear that even an advanced technology like GenAI is not infallible. In fact, it often gives the 

“illusion of intelligence”, producing coherent and plausible texts, but without utterly understanding the 

underlying content. It is also prone to hallucinations, often giving nonsensical output, with factual errors and 

invented citations (Monteith et al., 2024; Paul et al., 2023; Dwivedi et al., 2032; Wen & Laporte, 2025). In 

this sense, it can also be a dangerous means of misinformation, accessible to anyone (Balta et al., 2025).  

Furthermore, as a recommender system, ChatGPT displays some important limitations: it does not always 

correct mistakes or ask for clarification, sometimes struggles to connect distant information in the 

conversation and is often victim of prejudices and hallucinations, generating plausible but not always right 

answers, especially when the data provided by the user are incorrect (Lin & Zhang, 2023; Paul et al., 2023). 

Moreover, many people are still sceptical about the quality and transparency of the information (how this 

tool generates recommendations) (Ali et al., 2023; Wong et al., 2023; Gupta & Mukherjee, 2024). Finally, as 

already mentioned for AI in general, privacy and data protection are factors that reduce the likelihood of 



using ChatGPT and GenAI, even when the consumer recognizes their usefulness (Abou-Shouk et al., 2024; 

Niu & Mvondo, 2023; Paul et al., 2023; Wong et al., 2023; Dwivedi et al., 2023). 

After an examination of the most important AI-driven recommendation systems most developed in the 

contemporary economy, highlighting the strengths and weaknesses of each, the next step is to understand if, 

and in which contexts, these means are more effective in giving purchase advice to consumers compared to 

human sources. 

1.4. Human vs. AI-Based Product Recommendations 

After analysing human-based and AI-based product recommendations separately, this section makes a direct 

comparison between the two, highlighting their respective advantages, limitations, and effectiveness in 

different decision-making contexts. Several studies have directly contrasted human and AI-generated advice, 

providing valuable insights into when and why consumers prefer one over the other. 

The first determining variable is the context or the product that is the object of the choice. On average, 

people prefer the advice of AI in utilitarian contexts, that is, for logical and analytical decisions (Dietvorst & 

Bharti, 2020; Osborne & Bailey, 2025; Ramrath et al., 2024), while they prefer human judgement in hedonic 

contexts, that is, for more emotional and subjective tasks (Longoni & Cian, 2020; Glikson & Woolley, 2020; 

Xie et al., 2022; Wien & Peluso, 2022; Castelo et al., 2019; Ruan & Mezei, 2022). The underlying reason is 

that people perceive AI as rational and capable of analysis, therefore more suitable for evaluating products 

with objective and measurable features (Xie et al., 2022; Xu et al., 2024).  

Furthermore, individuals generally see humans as entities with autonomous goals and intentions, while they 

consider AI as executors of instructions without their own purposes. This is why AI tools are often perceived 

as more appropriate when they focus on practical and operational aspects, rather than on abstract concepts 

(Kim & Duhachek, 2020). However, according to the Wien & Peluso study (2022), even for utilitarian 

contexts there is no preference towards AI recommendations. Since the information is factual and objective, 

there is no significant difference in the type of recommender. Furthermore, the low empathy and high social 

distance perceived with these instruments do not seem to have a great relevance in choosing one source over 

another, which is instead the case within hedonistic contexts. 

According to Dietvorst & Bharti (2020), the reason why people more readily accept AI suggestions in 

deterministic contexts is because human beings unconsciously favour the source of information they believe 

is most likely to provide a perfect answer. Said that, AI is favoured for objective questions (e.g. 

mathematical calculations) because there is a high probability of receiving a perfect answer compared to 

uncertain ones (e.g. medical prognosis), where there is more variability in the accuracy of responses. In the 

latter, despite a worse average performance, human advice seems to come close to the perfect answer more 

times than AI, being chosen more often (Dietvorst & Bharti, 2020). 



As mentioned before, trust in AI is lower when the task is perceived as subjective rather than objective, even 

when the algorithms offer superior performance (Longoni & Cian, 2020; Castelo et al., 2019; Osborne & 

Bailey, 2025). However, increasing the perception of objectivity of the task, or making artificial intelligence 

more like humans from an emotional point of view, can increase trust and therefore the perceived usefulness 

of AI (Castelo et al., 2019). 

Numerical accuracy also significantly increases trust in AI, and with it the propensity to follow its advice 

(Kim et al., 2021). However, consumers react more positively when AI provides numerically precise 

recommendations for utilitarian contexts and vice versa for hedonic contexts. Perfect “matching” for 

consumer trust occurs when the AI gives numerically precise advice in utilitarian contexts and when humans 

give numerically less precise recommendations in hedonic contexts (Zhu et al., 2023). 

Like the contrast between utilitarian and hedonic, also the difference between low-involvement and high-

involvement contexts seems crucial when choosing the source of information: a meta-analysis on the subject 

showed that people tend to prefer human advice in highly emotional involving settings. This preference 

shifts to AI in more distant situations, such as future decisions, choices that affect other people, or 

characterized by little relevance (Jin et al., 2025). 

From an interesting study conducted on ChatGPT emerged that people prefer to rely on human 

recommendations on personal matters such as relationships and personal development, even when this tool 

provides better answers. Only in one sector, technology and software, people preferred advice from AI. 

However, when the advisor was an AI and the participants didn't know, the recommendation was perceived 

as more effective and having a higher quality than the human-led one. This implies that the discrimination 

against AI-provided recommendations stems only from knowing where they come from, rather than from the 

actual quality of the advice (Osborne & Bailey, 2025). 

In the context of online shopping, generative chatbots are particularly preferred to human frontline 

employees for products with functional attributes because they provide faster and more accurate information, 

reducing waiting time and increasing customer satisfaction. The perceived quality of information is similar 

between AI and human frontline employees, but the efficiency of AI brings a competitive advantage. 

Instead, when the product has experiential characteristics, customers prefer to interact with a human (Ruan 

& Mezei, 2022).  

Concerning the customer service, much research has shown that although chatbots are useful and responsive 

for simple tasks (e.g. returns, exchanges and product questions), for more complex issues, some customers 

still prefer to interact with human assistants (Chung et al., 2018). Similarly, the consumer's level of 

confidence at the time of purchase has an impact on the acceptance of AI. When consumers already know 

what they want, they find chatbots more effective and are more likely to use them. If their needs are 

uncertain, consumers prefer to interact with a human assistant (Zhu et al., 2022). These scientific studies 



offer further proofs that AI is preferred in deterministic contexts, and regarding choices that can be 

automated minimizing errors and in which there are fewer variables that generate “uncertainty” in the mind 

of the consumer. 

In the case of wide selection of products, ChatGPT can drastically reduce the negative effects of the paradox 

of choice. However, the preference leans towards human advice when there are few options available (Kim 

et al., 2023a). On one hand, the greater “computational capacity” of GenAI is preferred when there are 

many choices, which are more difficult for a human to process. On the contrary, human recommendations 

are preferred when there are fewer choices, when experience in the sector and a touch of subjectivity is 

sufficient. 

In addition to the context and the type of choice to be made, it is very important to analyse the most relevant 

psychological mechanisms that consumers face when they interface with these new technologies, and above 

all the impact that these dynamics have on their decisions. In many studies, it has been proven that there 

often seems to be an almost unmotivated preference for human advice, even when AI clearly offers better 

performance and advice. This happens mostly, as said before, in tasks perceived as subjective and 

experiential, for which there is a need for that pinch of intuition and “humanity” that AI still doesn't seem to 

have mastered. Regardless of the validity of this “human superiority” within hedonistic contexts, there are 

unconscious reasons why humans tend to trust their fellow humans more. 

The psychological phenomenon behind this preference is called “human black-box effect”, i.e. the illusion 

that humans understand human decision-making better than algorithmic decision-making, even though both 

are “black boxes”. People project their own decision-making logic into other human beings more easily than 

into algorithms, which increases the perceived understanding of their decision-making process (Bonezzi et 

al., 2022). Humans “see more” in themselves rather than Artificial Agents and this illusion of understanding 

reinforces trust in human decisions over algorithmic ones, even when these produce more accurate results 

(Bonezzi et al., 2022). That's why many users ask for greater transparency in algorithmic outputs: they 

perceive they don't really understand them and don't realize how they reach certain conclusions. A study 

testified to this underlying lack of trust on AI and found that when the advice to use an AI comes from 

another human, the intention to use it increases. As a matter of fact, social proof seems to have a significant 

impact on the likelihood of using an algorithm, which in turn reduces the cognitive load associated with the 

decision to be made (Gursoy et al., 2019), 

Also, it has even been proven that, given the same error, people are more forgiving towards other humans 

than AI and tend to lose confidence in it more easily (Dietvorst et al., 2014; Glikson & Wooley, 2020). As a 

matter of fact, according to the research conducted by Dietvorst et al., (2024), people who had seen an 

algorithm make a mistake were less likely to choose it, even if they knew it was more accurate than a human 

being. This effect is called “algorithm aversion” and seems to be related to the assumption and belief that 



algorithms are perfect, and not to a lack of understanding of the response. So, when some people discover 

that these tools can make mistakes, this leads them to automatically reject them rather than accept them with 

their flaws, as one would do with a human being. Most people are not very forgiving and easily lose 

confidence in these tools. On the other hand, as noted earlier, in other cases the denial of this tool stems 

exclusively from prejudice about its reliability (Osborne & Bailey, 2025). 

However, there is an opposing strand of literature that instead demonstrates how there are unconscious 

psychological dynamics that make people more inclined towards algorithmic advice, sometimes in a reckless 

manner. Although algorithms are often considered black boxes, many people still consider them more 

reliable than human judgment. A study by Logg et al., (2019) found that when people believe that advice 

comes from an AI, they trust it more. However, people who are experts in a particular field tend to trust 

algorithms less on average, making worse decisions. These discoveries have highlighted the relevance of the 

person's level of competence in choosing the source of advice, but also that AI represents a strong ally in 

many decision-making contexts, leading to better decisions on average.  

More and more people blindly trust the advice of AI, even when better alternatives are available. The 

phenomenon is largely driven by the belief that algorithms have more skills and are more intelligent than 

humans, leading them to make better decisions (Paul et al., 2023; Hermann & Puntoni, 2024; Logg et al., 

2019). An excess of this attitude leads to the phenomenon of algorithm-overdependence, which represents 

the diametrically opposite situation to that seen before. This is not a positive way of thinking, because 

although this tool is useful and versatile, it is not yet infallible. It can make people negligent and lead to not 

monitor the validity and reliability of the results, making wrong choices or spreading misinformation 

(Alexander et al., 2018). 

There is evidence that tourists show less sensitivity to price when travel plans are recommended by AI. 

Compared to artificial intelligence, tourists believe they better understand the decisions of a human being 

and, consequently, they examine the price more critically and are more sensitive to it. The underlying reason 

is that many people believe it is useless to analyse an artificial intelligence analysis in greater depth, because 

they would most likely not understand it, due to the enormous amount of data through which it provides its 

outputs. Furthermore, they trust AI more because they perceive it as more objective and less motivated by 

personal interests than humans (Xu et al., 2024). This study is interesting because it has shown that the 

human black-box effect does not always have the effect of making people lean towards human advice. On 

the contrary, a feeling of incomprehensibility of AI makes it even more trustworthy, as it is perceived as a 

calculation tool of a qualitatively higher level compared to the human brain. 

In conclusion, the perceived usefulness of advice from human and AI sources is closely related to 

psychological dynamics and the specific purchasing context, making the final behavioural response 

dependent on a multitude of factors. Based on the literature review, there seems to be a strong propensity to 



follow AI advice in utilitarian purchasing decisions, where rationality, numerical accuracy, and response 

speed play a key role in evaluating the effectiveness of an information source. Conversely, in more 

hedonistic and subjective contexts, where emotional and experiential nuances are fundamental, human 

judgment is preferred. In addition, the level of confidence experienced during a buying situation is an 

equally determining variable in choosing one source over another. On average, the opinions of others are 

favoured in situations of greater uncertainty. As for psychological phenomena, algorithm-aversion and the 

black-box effect subconsciously tip the balance toward human recommendations, even in situations where AI 

is clearly more accurate, leading to worse decisions. Conversely, specular approaches such as algorithm-

overdependence show that a lack of monitoring of AI results, taking its accuracy for granted, can lead to the 

same outcome. 

1.5. Research Gap 

The first chapter of this thesis has provided a comprehensive overview of product recommendations, tracing 

their evolution from traditional human-driven influences to AI-led recommendation systems. By examining 

both historical and contemporary perspectives, this chapter has highlighted the increasing complexity of 

consumer decision-making and the role of the mentioned information sources in guiding consumers in the 

context of purchase decisions. 

The in-depth review of existing literature regarding product recommendations has allowed to understand the 

current state of research on this topic, and to individually extrapolate the strengths and weaknesses of the 

most common sources of advice in modern society. The main characteristics of the sources analysed are 

listed below: 

 Recommendations from friends and family are perceived as very trustworthy thanks to the 

emotional bond and shared interests with the interlocutor and they are also very personalised. 

However, they have limited variety and accessibility as they originate from individual experiences, 

and they may not be entirely accurate and consider new products or trends. 

 Traditional word of mouth (WOM) is universally seen as a highly authentic information 

source due to its spontaneous and non-commercial nature. However, it suffers the same 

disadvantages as the previous category. 

 Electronic word of mouth (e-WOM) provides consumers with a huge amount of detailed and 

always accessible information. Moreover, these reviews are mainly perceived as genuine as they are 

generally intended to inform other consumers and help them make prudent purchasing choices. 

However, the vastness of these data can lead to decision fatigue and expose consumers to fake or 

inaccurate news. 

 Finally, social media marketing and influencer marketing often generate high engagement 

thanks to the emotional involvement and the parasocial relationship that is created with these figures. 



Anyway, it is frequently perceived as ungenuine and less preferred in the context of high-

involvement purchases. 

As for human sources of recommendation overall, the picture is very nuanced, and no one source stands out 

above the others. Each has its pros and cons, and they appear to be useful in different contexts and for 

various products. 

Considering trust in the advisor, family and friends are obviously at the top of the list. However, as 

mentioned above, these types of recommendations generally present some disadvantages, including the low 

level of variety, availability and possibility to analyse their accuracy. Overall, e-WOM seems to be the best 

option: it is accessible to everyone 24/7, it has a massive amount of information that can be compared with 

each other, and it is generally considered genuine and authentic, as it comes from other consumers. 

Despite the potential for manipulation, the enormous number of reviews and information available enables 

consumers to filter contents and autonomously identify the most credible sources. 

On the other hand, in the AI domain, leaving aside the many defects that this medium still has today, 

according to the papers analysed, Generative AI, and more specifically ChatGPT, stand out as the most 

advanced and powerful recommendation tools developed so far. Unlike traditional recommendation systems 

that rely on past user behaviour and collaborative filtering, ChatGPT provides real-time, context-aware and 

personalized product advice, simulating an expert consultant rather than a simple recommender. Studies 

suggest that ChatGPT-based recommendations enhance decision-making by offering extensive product 

insights, improving personalization, and reducing choice overload, making it a promising tool for modern 

consumers navigating an increasingly complex digital marketplace. 

That said, to determine the best source of recommendations, a study is needed that puts into direct 

comparison e-WOM, which seems to be the most complete among the human-based sources, and Generative 

AI, which differentiate itself from other Artificial Intelligence technologies due to its greater intelligence, 

perception of usefulness, precision, personalization of responses and many other advantages. In the current 

literature, based on the careful review that has been conducted, there is a lack of research comparing the 

effectiveness of e-WOM and GenAI in generating useful purchasing advice for consumers. 

More specifically, the conceptual model of this research includes the information source (online reviews vs. 

ChatGPT recommendations) as independent variable and purchase intention as dependent variable. 

Concerning the mediator, past research comparing human vs. AI product recommendations analysed the 

effect of product type, trust, decision complexity, attitude toward AI and many other variables. An 

interesting mediator for this specific research could be the perception of risk, as this is a factor of utmost 

importance when interfacing with information found on the Internet and especially when interacting with an 

artificial intelligence such as ChatGPT. This variable has been included in many study frameworks analysed 



in the literature review conducted within this chapter, and its close correlation with the source of information 

and purchase intention is widely documented and proven. 

More specifically, advice from close ties (family and friends) appears to significantly decrease the 

consumer's perceived level of risk, which in turn increases purchase intention. This is because of the low 

perceived social distance and the strength of the emotional bond with these figures, which instils a sense of 

security in the consumer (Zirena-Bejarano & Zirena, 2024; Kirmani & Ferraro, 2017; Bearden & Etzel, 

1982; Haq et al., 2024). Likewise, several studies have shown that e-WOM and online reviews can have the 

same effect on the mediator variable, further facilitating or motivating the purchase decision. (Chen et al., 

2015; Kour et al., 2024; Kirmani & Ferraro, 2017; Sharma et al., 2011; Zhu et al., 2012; Fu et al., 2020; 

Yang, 2022). 

On the other hand, the impact of this variable has not been extensively investigated within the field of the AI 

recommendations, showing an evident research gap. On these grounds, this research aims to compare online 

reviews and advice offered by generative AI. This could represent an opportunity to understand which of the 

two sources is more useful in reducing the feeling of risk during the costumer journey and consequently 

increasing the intention to purchase. This represents a particularly innovative research aim, as it aims to 

understand the current feeling of risk and discomfort experienced by the average current consumer when 

interacting with these cutting-edge tools, and what effect this sensation has on their intention to buy the 

recommended products. 

Particularly, this study will focus on a specific product sector, that of consumer electronics. The 

confrontation of these two information sources is particularly relevant due to the significative decision-

making complexity, the high perceived risk and the strong demand for technical information present in the 

context of this product category. Also, these characteristics are close to the field of artificial intelligence, 

making it particularly appropriate for the type of research to be carried out. 

Indeed, electronic products fall within the so-called utilitarian purchasing contexts, which have already been 

extensively analysed by numerous studies, as seen earlier in this study, to compare the effectiveness of 

human and artificial information sources in stimulating consumer purchases. The following chapter will aim 

to analyse further papers related to this topic on which to base the research hypotheses. Finally, the present 

research will offer a new and unique perspective on the comparison between human-based and artificial-

based suggestions, confirming or offering new research insights from the current literature. 

1.5.1 Research Question 

Considering what has been said and the research gap found, the research question could be formulated as 

follows: 



RQ: Does perceived risk mediate the relationship between the source of information (online reviews vs. 

ChatGPT recommendations) and purchase intention in the electronics sector? 

 

 

  



Chapter 2 - Theoretical background 

According to the literature review previously conducted, e-WOM and recommendations produced by 

Generative AI are the most effective information sources in stimulating consumers' purchase intention, in 

their domains (human-based and AI-based recommendations respectively). Said that, the purpose of this 

chapter is to go deeper into this comparison, and to understand if there is one source that is more useful than 

another in impacting the dependent variable. 

For this purpose, the research section of this chapter will be divided into three paragraphs, the first two of 

which will focus on the different research questions emerging from the identified literature gap. The last 

paragraph will be shorter and will not contain an analysis of past studies, but only a representation and 

commentary on the proposed conceptual model. More specifically: 

 The first section aims to explore the state of the art of current literature regarding the 

effectiveness of these recommendation sources in increasing consumer purchase intention. In this 

first phase, therefore, the mediating role played by perceived risk will not be analysed, but only the 

direct correlation between the two manipulations of the independent variable (first online consumer 

reviews, then GenAI recommendations) on the dependent variable (H1). The main studies conducted 

specifically on this topic will be cited and, at the end, a research hypothesis will be formulated 

regarding the superiority of one source of information over the other. This statement will reflect and 

summarize what emerges from the current literature and, if verified by the experimental study, will 

represent a significant contribution to scientific knowledge on the subject. 

 

 The second paragraph aims to analyse the indirect effect of the proposed mediation model, 

carried out by perceived risk and composed of hypotheses H1 and H2. Therefore, the main purpose 

of this section is to understand the individual effect that the two manipulations of the independent 

variable (e-WOM vs. recommendations generated by GenAI) have on the mediating variable and 

subsequently evaluate the final impact of the latter on the dependent variable, i.e., purchase intention. 

So, this section presents two different research objectives relating to the two different relationships 

that make up the indirect effect. 

After analysing the main papers on the topic, the hypotheses relating to this part of the conceptual 

model will be stated: H2, H2, which will hypothesize a preference for one source over another as a 

means of reducing the consumer's perceived risk, and H3, which will instead focus on the effect of 

perceived risk on purchase intention. This second research aim will be easier to demonstrate because 

the relationship between these two variables has been extensively documented in previous academic 

research. 



 In the third and final paragraph of the chapter, the conceptual framework of this research will 

be shown and commented on, which will graphically represent the theoretical results that came out 

from the two previous sections. 

2.1. Literature review 

2.1.1. The Influence of Information Source (Online reviews vs. GenAI-generated Product 

Recommendations) on Purchase Intention 

Before examining the literature regarding the first relationship of the conceptual framework, it is appropriate 

to define and conceptualize the dependent variable, i.e. purchase intention. The same procedure will be 

followed for the other variables that comprise the model, particularly the conceptualization of the mediator 

and the two manipulations of the independent variable, which will, however, be devoted greater attention. 

On the contrary, since purchase intention is a variable that has been extensively studied by academic 

research and represents a factor of intuitive comprehensibility, only its most important characteristics will be 

discussed. 

According to the conceptualization provided by Kim & Ko (2010), purchase intention represents the 

“consumer’s possibility of purchasing in the future” (p.167). Likewise, Spears & Singh (2004) define it as 

the “intention of consumers to consciously plan or strive to purchase brand products” (p.54). It is a 

multidimensional variable and is the result of numerous motivational factors that drive consumers to take an 

interest in a particular product (Ventre & Kolbe, 2020). As it is intrinsically linked to actual consumer 

behaviour and therefore to sales, it is a crucial factor for companies to monitor (Kim & Ko, 2010).  

As mentioned above, since Generative AI is a very recent technology and therefore still largely unexplored 

from an academic perspective, the only two studies in the literature that directly compare online reviews 

with GenAI recommendations are those by Choi et al. (2024) and Christensen et al. (2025), both conducted 

in the tourism sector, which is by far the most analysed area of research in the literature with regard to 

ChatGPT product-related recommendations. 

Due to this considerable gap in research, which the present study aims to fill, this section will not cite 

articles that have conducted scientific studies directly comparing these two sources of information (except 

for those mentioned above). Instead, research that has studied the individual effects of the two manipulations 

on the dependent variable will be analysed. At the end of the chapter, conclusions will be drawn based on 

what has been extrapolated from the papers examined. 

Beginning the analysis of the literature on the effectiveness of e-WOM on purchase intention, it is first 

necessary to define and contextualize this variable, providing a historical overview that testifies to the 

extreme usefulness of this tool for today's consumers. 



According to a definition universally shared in literature, Electronic Word-of-Mouth (e-WOM) is defined as 

“any positive or negative statement made by potential, actual, or former customers about a product or 

company, which is made available to a multitude of people and institutions via the Internet” (Hennig-Thurau 

et al., 2004, p.39). This phenomenon occurs in any digital environment where consumers can share, read or 

exchange opinions and reviews on products or services. Specific categories of Internet channels exist where 

this phenomenon is particularly prevalent and useful to consumers. 

 E-commerce websites: users who have previously purchased products from a specific site 

provide textual and/or numerical reviews (e.g. from 1 to 10). Basic examples of this category are 

Amazon, eBay and Zalando. 

 Specialised platforms: these are applications or websites created with the specific purpose of 

making consumer-to-consumer reviews accessible via the Internet. They therefore offer users the 

opportunity to obtain detailed information before buying a product or service. Respectively 

TripAdvisor for travel experiences (e.g. hotels, flights and tourist attractions) and The Fork for 

restaurants constitute examples of such platforms. 

 Social media: including Instagram, Facebook, TikTok and X (ex. Twitter), these channels 

have grown significantly in recent years and represent a powerful means by which e-WOM spreads 

today. On these platforms, users from all over the world can exchange opinions in real time directly 

under posts or videos related to the products in question. 

More specifically, based on a trend observed in recent years, in some sectors of the consumer economy, 

social networks (in particular YouTube, Instagram, and TikTok) appear to be becoming the main vehicles of 

information between consumers, especially for certain categories of products, such as experiential products 

(travel, restaurants, etc.). In fact, thanks to features such as the immediacy and usability of content, they are 

surpassing, in the eyes of consumers, the perceived usefulness of the platforms typically used for these 

purposes. 

This phenomenon happened because social networks have radically changed the way consumers interact 

with brands. These tools are not just advertising platforms that companies can exploit, but interactive spaces 

where consumers co-create meanings and content. All these platforms allow the creation of communities that 

foster loyalty, involvement and a sense of belonging to the brand (Pütter, 2017). For these reasons, user-

generated content (UGC) on these platforms is becoming increasingly influential, even compared to content 

generated by companies in terms of credibility and impact. 

 Forums and communities: e.g. Quora and Reddit, these are more niche platforms, generally 

used to seek information on more specific and complex products than those normally addressed on 

other platforms. However, because these are smaller communities, the perceived greater authenticity 



of reviews often stimulates greater purchase intent than traditional media (Zhu et al., 2012; Fu et al., 

2020). 

Scientific research on e-WOM exploded after 2010, with an exponential increase in publications. Among the 

main thematic clusters analysed are the effect of e-WOM on consumer trust, attitude, and behavioural 

outcomes, and the characteristics of reviews most valued by Internet users (Donthu et al., 2021). 

Such as traditional WOM, e-WOM offers the possibility of obtaining unbiased product information from 

other consumers. It is in fact a spontaneous and organic mean, where satisfied consumers act as informal 

promoters of the products and brands they have purchased (Sulthana & Vasantha, 2019). However, taking 

place on the Internet, it is much more immediate, accessible and rich in information than the previous one, 

which is based on face-to-face interactions. 

E-WOM has hugely different effects on consumer behaviour depending on the culture of Internet users, and 

several cross-cultural research has testified to this peculiarity. For example, based on research by 

Christodoulides et al., (2012), it seems that British consumers are very much victims of negativity bias (they 

are very susceptible to negative reviews), while Chinese consumers are more influenced by recency. Another 

interesting cross-cultural study analysed two quite different countries, namely Spain (a developed and 

individualistic culture) and Colombia (an emerging and collectivist culture), has shown that the intention to 

purchase is influenced by different psychological and cultural factors depending on the country. In the first 

one, functional and cognitive factors (perceived usefulness and ease of use) play a key role in the purchasing 

process, while in the second, emotional and psychological factors such as perceived behavioural control, 

buying impulse and self-efficacy prevail (Peña-García et al., 2020). 

In the earlier chapter of this research (section 1.2.3.) has been demonstrated and deepened the usefulness of 

e-WOM in helping consumers search for information and make more informed purchasing decisions. In fact, 

several studies have shown the significant role of online content and reviews in increasing consumers' 

purchase intentions. This occurs directly or indirectly thanks to certain predominant factors, which will be 

analysed in greater depth in this section. 

Firstly, the positive valence of reviews has found to be one of the most important drivers influencing 

consumer attitudes and behavioural intentions. For example, Haq et al., (2024), demonstrated that this 

variable enhances consumers’ purchase intention through the mediated effect of attitude toward the brand 

and perception of brand quality. In addition to the positive valence of the message, the credibility of the 

information, i.e. the belief of reliability and accuracy, and the attitude towards e-WOM are critical variables 

in enhancing consumers' purchase intention (Kour et al., 2024). 

The dual role of valence and credibility in influencing the dependent variable is even more impactful in 

social media contexts, where relational closeness is a primary variant. It seems that e-WOM within these 



platforms, especially those characterized by strong-ties (e.g. Facebook, Telegram), increases purchase 

intention through the mediated effect of the shorter psychological distance and higher perceived value of 

reviews. E-WOM with a contrasting meaning, on the other hand, decrease the dependent variable due to the 

greater perceived cognitive effort (Yang, 2022). These findings are completely in line with those of 

Gunawan & Huarng, (2015), who testify that the source credibility and normative influence typically present 

in these contexts can greatly alleviate the negative effect exerted by the consumer's perceived risk and 

consequently increase purchase intention. 

According to a study by Fu et al. (2020), besides the normative influence (conforming to be socially 

accepted), the informational influence (getting information from others to understand what is correct) 

resulting from product recommendations on social networks is equally important, and both have a greater 

impact than the perceived quality of information in increasing the intention to purchase online. This 

relationship is even more pronounced in the case of low involvement products, for which consumers rely 

more on heuristics, i.e. unconscious mental shortcuts used to make decisions that are considered less 

important by spending as few cognitive resources as possible. The impact of these two types of influences is 

also inferred from the paper by Park et al., (2007), according to which in the case of high-involvement 

products, both quantity (normative influence, acts on the peripheral route) and quality (informational 

influence, acts on the central route) of the reviews are found to be crucial in increasing intention to buy.  

A study by Filieri (2014) provides further confirmation that both informational influences (quality and 

credibility of the information) and normative influences (product ranking and review score) are 

complementary and equally relevant in increasing the propensity to adopt the information. However, Chen et 

al., (2015) found that consumers with low susceptibility to information influence tend to seek information 

from multiple sources (including the manufacturer's website) to obtain a more complete picture of the 

product. According to Yoon (2012), the perceived effectiveness of online reviews is radically accentuated 

when there is a match between the level of involvement of the review and the product: the more the product 

is involving (for example, a camera), the more the information must be rich and detailed (for example filled 

with images) to generate the adoption of the information by the consumer.  

In the context of online reviews of services (e.g., in the tourism sector), characteristics such as duality of the 

review (highlighting both positive and negative aspects), the perceived competence of the reviewer, and 

homophily (similarity between user and reviewer) are also highly relevant in influencing purchase intention 

(Onofrei et al., 2021). These findings are aligned with those of Roy et al., (2018), who found that mixed-

valence reviews are generally considered more credible and effective, as they offer a more balanced picture 

of the product. According to Filieri et al., (2018), these variables improve the purchase intention both 

directly and indirectly through the perceived helpfulness of the information. 



The perceived usefulness of reviews is also a crucial variable that mediates the relationship between several 

e-WOM features and purchase intention, and its role is highlighted in articles written by Erkan and Evans 

(2016) and Ventre and Kolbe (2020). The former emphasizes the importance of the close relationship 

between this variable and the individual consumer's need for information, while the latter emphasize the 

parallel but also complementary role of trust in influencing this variable. 

One of the most frequently cited and used models to explain how the peculiar elements of e-WOM act on 

behavioural outcomes is the Elaboration Likelihood Model (ELM). A massive meta-analysis carried out by 

Ismagilova et al., (2019), shows that the purchase intention is an extremely multifaceted variable, so this 

dual-route processing approach is extremely well-chosen. According to the authors, trust, quality of reviews, 

and perceived usefulness are the main predictors of the dependent variable. The same theoretical model was 

adopted and extended by Majumder et al., (2022), who showed that both variables acting on the peripheral 

route (rating and length of the review) and those acting on the central route (content of the review) have a 

positive effect on the perceived usefulness of the information, in line with many previously mentioned 

studies. 

Furthermore, by extending the ELM to the product category, it emerged that central cues have a stronger 

impact on experiential products (e.g. videogames) while peripheral cues are more important in the contexts 

of search goods (e.g. food). These insights are consistent with an earlier paper written by Filieri & McLeay 

(2014), which showed that both the added value of the information (central route) and the average product 

ratings (peripheral route), represent additional factors that can increase intention to buy, in different ways 

depending on the context. In addition, a study on Douyin (the Chinese TikTok), a short-video platform, has 

shown that social signals (likes and comments) increase the likelihood of impulse buying, as they act on the 

peripheral route. As seen in other research, this effect is particularly pronounced for low-involvement 

products compared to high-involvement products. The latter, in fact, use the central route of the brain, which 

is linked to rational decisions guided by the quality and consistency of information (Huang et al., 2025).  

In the context of peer communication on social media, the strength of ties and identification with the peer 

group are positively correlated with purchase intention, through the mediated effect of product involvement 

and product attitude. The entire process is also affected by the moderating variable need for uniqueness, 

which determines how much an individual is willing to let himself be influenced by the group (Wang et al., 

2012). In addition, in the context of viral marketing via e-mail, it seems that e-WOM communications 

initiated by strong ties are highly effective in capturing attention and generating product awareness. On the 

other hand, counter-intuitively, the conversion phase is more influenced by weak ties or ones characterized 

by demographic dissimilarity (De Bruyn & Lilien, 2008). This is the concept of the “strength of weak ties”, 

which according to Granovetter (1973), are more useful for conversion than awareness in the context of 

consumer decisions. These external social cues (reviews, ratings and comments left by other users), 

according to Xiao et al., (2019), work particularly well when the perceived risk is high and when there is a 



low level of familiarity with the brand. Leveraging the Cue Utilization Theory, this paper showed that 

according to consumers who rely on external (non-intrinsic) cues to evaluate products online, social reviews 

emerged as the most influential drivers of purchase intention, through the interplay of a higher perceived 

functional and emotional value. 

The perceived credibility of reviews is also a topic covered in the papers by Zangeneh et al. (2014) and Ali 

& Cai (2022), which show, respectively, that reviewer perceived expertise and review quality are crucial 

precursors of this factor, which in turn has great impact on behavioural intention. In the context of online 

food purchases in China, the credibility of e-WOM (evaluated according to 4 dimensions, namely 

expertness, trustworthiness, objectivity, homophily) significantly lowered the level of perceived risk, which 

in turn increased the willingness to adopt the information through the effect of argument quality and 

information usefulness (Hussain et al., 2017). 

In a particularly important meta-analysis on the subject, the main predictive factors of e-WOM 

characteristics on sales were analysed. Although the variable under study is not purchase intention, these two 

elements are extremely correlated and consequential to each other. Volume, positive valence and a moderate 

level of variance (both positive and negative) of the reviews reconfirmed their dominance in consumer 

decisions, being the strongest drivers of sales (Rosario et al., 2016). Leong et al., (2021) adds that also 

relevance and information task-fit (how much the information satisfies the user's specific information need) 

significantly increase the intention to purchase on social media through a greater likelihood of information 

adoption. Baitaneh (2015) found comparable results in the context of university enrolment: credibility, 

quantity and quality of online reviews regarding a specific institution significantly increase the intention to 

purchase (i.e. to enrol in that university), both directly and indirectly via brand image. 

The previous findings resonate particularly with the content of a study on consumers from the United Arab 

Emirates (UAE), which has shown that e-WOM enhances purchase intention both directly and indirectly 

through the mediation of brand image (Nuseir, 2019). Another study carried out in the same area showed 

that the intention to purchase is influenced by both the intrinsic characteristics of the review and the website. 

The former includes the consistency, quantity, recency and average rating of the review, and the latter 

include the popularity of the site, its perceived reliability and its degree of internationalization (Almana & 

Mirza, 2013). The validity of this conceptual framework was also confirmed by Jalilvand & Samiei (2012) 

in research concerning the automotive sector in Iran. 

Many studies have also analysed the role of brand equity in mediating the relationship between online 

consumers' interactions and their buying attitudes. An e-WOM analysis on social media has shown that 

consumer-to-consumer online communication influences purchase intention only indirectly, through the 

mediated effect of brand equity (Poturak & Softić, 2019). This interesting study shows that often simple 

word of mouth is not enough, but consumers need to perceive the value of the brand. This finding aligns 



perfectly with those of Chakraborty & Bhat, (2017) who have examined electronic products market in India. 

According to this paper, credibility of online reviews increases the intention to purchase through five 

different dimensions of brand equity: brand awareness, perceived value, brand personality, organizational 

associations and perceived quality. This model, theorized by Aaker (1991), was used by the author a second 

time to perform an analysis on the same consumer sector in India, taking into account user interactions on 

Facebook. This study showed that brand awareness and perceived value are significant mediators of the 

relationship between the credibility of online reviews and purchase intention (Chakraborty, 2019). 

Kudeshia and Kumar (2017) and Prasad et al. (2019) also reinforce the idea of the mediating function of the 

brand between electronic word-of-mouth and consumer’s intention to buy. Spontaneous communication 

regarding smartphone brands amongst consumers on Facebook has found to have a noteworthy influence on 

purchase intention, through the effect of brand attitude (Kudeshia & Kumar, 2017). Likewise, research on 

Generation Y has discovered that e-WOM and social media usage influence purchase intention both directly 

and through the interplay of so-called conviction, which is a form of deep, stable and progressive trust that a 

consumer develops over time towards a brand or an online platform, based on repeated and consistent 

experiences of satisfaction, reliability and transparency (Prasad et al., 2019).  

Zhu et al. (2020) and Wang & Chang (2013) operationalized and further demonstrated the validity of these 

relationships using the Stimulus-Organism-Response (SOR) model. Respectively, social presence and 

interactions from strong ties (stimulus), were significant in increasing trust and perceived diagnosticity of the 

information (organism) which in turn increased final costumer intention to purchase (response). 

Various psychological mechanisms also contribute to the multidimensionality of consumers' final behaviour. 

A study by Huang et al., (2019) showed that the tactile cues contained in online reviews increase the 

intention to buy through the mental simulation that takes place in the consumer's mind when exposed to this 

sensory content. Moreover, according to Regulatory Focus Theory, promotion-focused consumers seek 

gains, being more sensitive to positive reviews, while prevention-focused consumers avoid losses, and are 

therefore more susceptible to negative reviews. In this regard, according to Hsu et al., (2016), regulatory fit 

(consistency between the valence of the review and the consumer's motivational orientation) significantly 

increases the intention to purchase. It seems that this is especially true for search products, since consumers 

trust the reviews of these products a lot when making their choices. 

Another determining factor in influencing the effectiveness of e-WOM on purchase intention is certainly 

represented by information overload. According to Furner & Zinko, (2016), it appears that the effect of this 

variable on purchase intention follows the shape of an inverted U, showing high values in the presence of a 

moderate amount of information, and low values in more extreme situations, especially when searching from 

a mobile device, which is generally more difficult to use. Park & Lee (2008) also showed that this effect is 



particularly pronounced when the reviews are technical and detailed and when it comes to products 

characterised by high involvement. 

The informativeness of online reviews is another non-negligible factor when analysing the behavioural 

output of e-WOM. Cao et al., (2011) used modern text mining techniques and showed that certain linguistic 

characteristics of reviews, such as length, valence (positive or negative) and recency are the strongest 

predictors of the perceived usefulness of a review, and thus of purchase intention. Also, Zhang et al., (2014), 

who used the Heuristic-Systematic Model, confirmed that both heuristic cues, based on cognitive shortcuts 

(e.g., source credibility, number of reviews), and systematic cues, processed more carefully by consumers 

(e.g., informativeness and persuasiveness of arguments), significantly enhance purchase intention. Although 

they use different models, the results of these papers are extremely consistent with those that used ELM as a 

theoretical framework, namely that both cognitive and more intuitive factors are crucial in increasing 

purchase intention. 

Regarding product category, a widely used classification in the literature analysing the effectiveness of e-

WOM on willingness to buy distinguishes between search products (e.g., smartphones) and experiential 

products (e.g., hotels). Jiménez & Mendoza (2013) have shown that for the former, systematic cues such as 

the level of detail in reviews are more important, while for the latter, the level of agreement between 

reviewers is more important, supporting the “wisdom of the crowd” effect. These results are in line with 

those of Yaylc & Bayram (2012), who demonstrated that in the context of purchasing electronic products, 

the fundamental characteristics that determine an increase in purchase intentions are consistency, recency, 

clarity, and review ratings. 

Gender also drives consumer responses with respect to online costumer reviews. According to Van Slyke et 

al., (2022), it seems that men perceive online shopping in a more positive way and are much more inclined 

to buy online than women. This happen because they have a more functional and practical approach to 

online shopping, which leads them to consider this tool very advantageous and not overly complex. Women, 

on the other hand, are on average less familiar with it and tend to see shopping as a social experience, which 

the online version cannot replicate. In fact, according to a study by Chen & Chang (2018) concerning online 

reviews on Airbnb, seems that men are more influenced by review scores, showing a more heuristic 

approach, while women place more importance on the quality of information, interfacing in a more reasoned 

manner. These findings show that men on average experience online shopping in a more relaxed way than 

women. These findings resonate with Fan & Miao (2012), who used an extended version of ELM model, 

showing that low expertise, high involvement and homophily of the consumer significantly increase the 

intention to purchase thanks to the effect of the greater credibility of e-WOM. However, for men only 

involvement influences the independent variable, as they appear to be more focused on the functionality of 

the product rather than the perceived closeness to the author.  



Further analysing gender differences, an eye-tracking analysis carried out through a shopping simulation on 

Taobao showed that people pay more attention to negative reviews and this phenomenon leads to a decrease 

in the intention to purchase. This is especially true for women, whose perceived risk level rises higher when 

looking at negative reviews (Chen et al., 2022). The same effect, called negativity bias, was found by Bae & 

Lee (2010) in a study regarding the combined effect of the review's rating and the reader's gender. It was 

seen that women's purchase intention is more influenced by online reviews (both positive and negative) than 

men's, and that negative reviews have a greater effect on purchase intention than positive ones.  

Huang & Chen (2006) also came to the same conclusions, showing that negative reviews have a greater 

impact than positive ones in influencing buying intention. Furthermore, according to the results of this study, 

customer reviews are perceived as more reliable and persuasive than those of experts, although they are 

considered less competent, demonstrating how the authenticity of e-WOM is a key element of its 

effectiveness. According to the authors, online reviews generate a herding effect (mass imitation), acting as 

an informative influence for consumers who read them. Likewise, Mauri & Minazzi (2013) have shown that 

in the context of the hotel sector, host responses to reviews generally have a negative effect as it deprives the 

e-WOM of a core element of its credibility, i.e. the absence of commercial purposes. Furthermore, according 

to Reimer & Benkenstein, (2016), when a review is perceived as reliable, the intention to purchase is directly 

proportional to the valence (positive or negative). On the contrary, when the review is perceived as not 

reliable, a boomerang effect is generated, in which positive reviews decrease the intention to purchase and 

vice versa. This happens because of the mediated effect of the so-called reactive behaviour: the user 

perceives an attempt at persuasion and reacts by opposing it and behaving in the opposite way (Reimer & 

Benkenstein, 2016). 

The attitude toward a specific review platform also has its relevance in this context. Hajli et al., (2017) has 

shown that trust in Facebook increases the active search for user-generated contents, which in turn increases 

the willingness to buy thanks to the greater familiarity with the platform and social presence. Research on 

the same social network employed the Technology Acceptance Model (TAM) to demonstrate the efficiency 

of this platform as a tool to support consumer choices. It was found that ease of use increases purchase 

intention through perceived usefulness and attitude, with a positive moderating effect of perceived 

enjoyment during the process (Di Pietro & Pantano, 2012). 

Enough research has been analysed to state that e-WOM is undoubtedly a primary source for consumers 

seeking information for future purchases. More specifically, as seen, the factors most considered in assessing 

the effectiveness of online reviews are the valence, credibility and quality of the information provided, 

which significantly improve behavioural intention both directly and indirectly through several intermediate 

factors such as perceived credibility, trust and perceived usefulness. In addition to these general dimensions, 

there are also contextual characteristics such as the type of product (e.g. search or experiential, low or high 

involvement), consumer characteristics (e.g. gender, culture, cognitive engagement) and contextual elements 



(platform, source or device used). Finally, psychological mechanisms such as social influence, perceived 

risk, homophily, and information overload further modulate consumer responses, generating an even more 

varied and differentiated picture of possible purchase scenarios. 

In conclusion, it can be safely affirmed that online reviews are not simply a supporting factor in consumer 

decision-making, but a crucial information tool that consumers actively rely on to reduce uncertainty, 

compare alternatives and ultimately justify their purchases. Thanks to its easy and immediate accessibility, 

breadth of content and sense of authenticity, it is particularly useful to counteract the great complexity and 

quantity of content in today's digital environments and, ultimately, for increasing consumers' purchase intent. 

Having said this, the next research phase concerns the analysis regarding a much more up-to-date 

information source, namely the Generative AI-driven product recommendations, which undoubtedly 

represent the most cutting-edge technology for this purpose right now. Several papers will be analysed to 

understand whether, and to what extent, these emerging technologies replicate, enhance, or disrupt the 

degree of influence exerted by e-WOM on the dependent variable. Before doing so, the topic will be 

introduced in general, emphasising the usefulness of this tool in supporting consumers in their purchasing 

choices, as done before with online reviews. 

Artificial Intelligence has dramatically transformed the way consumers gather product information and make 

purchasing choices (Kim et al., 2023d). In recent years, technological progress in the field of Natural 

Language Processing (NLP) has led to the creation of AI conversational agents capable of understanding 

and producing language similar to human communication (Paul et al., 2023). In fact, thanks to the advent of 

Generative Artificial Intelligence, and in particular Large-Language Models (LLMs), of which ChatGPT is a 

part, product recommendation systems have undergone an enormous metamorphosis. These tools have 

already shown remarkable potential, outperforming by far traditional algorithms in enhancing the user 

shopping experience (Hermann & Puntoni, 2023).  

As a matter of fact, possessing tremendous capabilities in language understanding, reasoning, planning, and 

generation, these cutting-edge technologies represent a valuable help during the consideration and evaluation 

phases of the consumer journey, offering more intelligent user-system interactions, enhancing the 

personalization of content generation, improving data representation (it can generate texts, images and 

videos as output) and achieving generative item recall and ranking (Wang et al., 2023; Al-Hasan et al., 

2024). 

As stated in the past chapters of this research, the main problems related to the traditional recommendation 

systems were the cold start (new users or products), the lack of context (mood, seasonality, natural 

language), the poor explanatory capacity, and the “black box effect” that led to a decrease in user trust in the 

long term (Malikireddy, 2024). Despite everything, these algorithms have been efficiently applied in many 

fields, such as e-commerce, social networks and streaming platforms. However, compared to these older 



systems, the main feature of the new GPT-based chatbots is that they can engage in human-like 

conversations, representing an important opportunity for technological advancement in the field of 

personalized product recommendations (Al-Hasan et al., 2024).  

There is a considerable amount of fresh research that has documented the development of recommendation 

algorithms based on generative AI. These innovative technologies show great promise and seem to exceed, 

according to the results, traditional models in terms of accuracy, predictive capability and understanding user 

intent (Mukande et al., 2024).  

As specified before, classical collaborative filtering, used by traditional algorithms, relied only on past 

interactions and similarities between users, not capturing deeper individual tastes or contextual purposes. 

Instead, new generative models learn the distribution of user data and generate new realistic 

recommendations, delivering increased engagement, a higher average order value (AOV), and more 

effective upselling and cross-selling strategies (Mishra et al., 2025). They are found to have many 

advantages such as the generation of realistic synthetic data, improved coverage, diversity and 

personalisation, and the ability to learn hidden structures in data. These are important steps forward 

compared to traditional systems, which instead presented cold start, data sparsity and diversity (repetitive 

suggestions and minor variation) (Deldjoo et al., 2025; Mishra, 2025; Ayemowa et al., 2024). According to a 

study by Aggarwal, (2025), due to improved explainability, multimodality, and personalization of 

recommendations, algorithms based on Generative AI generate +42.5% user trust, +35.8% acceptance of 

recommendations, +35% overall satisfaction, and +32% conversion rate compared to conventional systems. 

Furthermore, an integration of ChatGPT with traditional recommendation systems has been shown to 

generate more personalized, contextual and engaging recommendation messages to stimulate upselling in the 

hospitality industry. It increased message quality, engagement and conversion rate (Remountakis et al., 

2023). Finally, a study conducted by Malikireddy (2024) showed that GenAI-based recommendation 

systems have a prediction accuracy (the system's ability to correctly recommend products that the user is 

really interested in buying, clicking on or exploring) on average 27% higher than traditional algorithms, with 

peaks of 29% and 34% respectively for the electronics and fashion sectors. 

It should be specified that the recommendation algorithms just discussed do not specifically constitute the 

object of the present study, which is instead represented by LLMs (and in particular ChatGPT), i.e. a specific 

category of Generative AI with which it is possible to engage in conversation. The mention of these results 

was only meant to highlight the objective superiority of generative AI over traditional AI, typically defined 

as predictive, in creating useful content for users. 

From now on, however, the analysis of the literature will only concern papers dealing with this specific 

category of AI, and particularly the effectiveness of these tools in affecting consumers' purchasing decisions. 

This body of research, as already mentioned, will be compared with the analyses just conducted on e-WOM 



and online reviews, and then a research hypothesis regarding the most effective source of information will be 

formulated. 

It is important to emphasise that the significantly smaller number of sources attesting to the usefulness of 

this tool compared to those concerning e-WOM can mainly be attributed to the fact that it is a particularly 

recent technology, which only became widespread among Internet users in the last few years. For this 

reason, the number of papers thoroughly analysing consumers' habit of obtaining product-related information 

from ChatGPT or other GenAI chatbots is not considerable, but large enough to draw conclusions regarding 

its usefulness. 

As in the case of e-WOM, the mediating value exerted by perceived usefulness and trust has also been 

attested for recommendations provided by GPT-based chatbots. Iranmamesh et al. (2024), using both 

Technology Acceptance Model (TAM), which focuses on perceived usefulness and ease of use, and 

Elaboration Likelihood Model (ELM), showed that the accuracy, completeness, and diagnosticity of 

ChatGPT's responses influence the intention to adopt this tool to obtain information about products and 

services. Similarly, Silalahi et al., (2024), using the ELM model, observed that the perceived quality of 

information and perceived usefulness influence trust through deep cognitive processing (central route), 

while anthropomorphism and the quality of interaction strengthen the same variable through emotional and 

heuristic shortcuts (peripheral route). Trust, in turn, as observed in other studies, increases the intention to 

adopt the information. However, the perceived risk and complexity of information have significantly 

undermined trust and hindered the adoption of these technologies. In another study on tourism in Egypt 

using the Technology Acceptance Model, it was seen that perceived usefulness, perceived ease of use and 

attitude toward ChatGPT have a significant effect on intention to use, both directly and indirectly through 

perceived enjoyment (Abou-Shouk et al., 2025) 

On the other hand, research by Gupta & Mukherjee (2024) shows that the adoption of product-related 

information offered by GenAI is the result of a chain of mediations among: technology readiness (made up 

of innovativeness and technological anxiety), technology characteristics (split into personalization, 

anthropomorphism, search experience), information characteristics (authenticity and credibility), Unified 

Theory of Acceptance and Use of Technology (UTAUT) variables (perceived usefulness and ease of use, 

social influence and facilitating conditions) and finally trust and attitude towards GenAI.  

A subsequent study, building on the same theoretical model (UTAUT) and extending it by including the 

negative moderating effect of trust and technology anxiety, showed that all variables, except social influence 

and technology anxiety have a direct positive effect on behavioural intention, which is the intention to adopt 

information provided by ChatGPT. Also, in this model trust acts as a negative moderator, which can be 

explained as a substitution effect: paradoxically, a high level of this variable makes less relevant the impact 

of psychological and functional elements related to the usefulness of this technology (Foroughi et al., 2024). 



Similarly, Pathak et al., (2024) demonstrated that ChatGPT's usage intention for purchase purposes is 

significantly correlated to its perceived efficiency, which is divided into attitude toward chatbots, AI service 

quality, perceived anthropomorphising, and the “feeling of awe”, i.e. the amazement felt by consumers as a 

result of the answers given by the GenAI.  

Another crucial feature in influencing the adoption of the information provided by these chatbots is also 

represented by the familiarity of the users about this technology. According to Arce-Urriza et al., (2024) this 

factor increases the willingness to adopt ChatGPT information both directly and indirectly through perceived 

usefulness, trust and human-likeness, already mentioned in the previous paper. The only negative mediator, 

on the other hand, is privacy risk, which as will be seen in the second section of this chapter represents the 

biggest deterrent and obstacle to the use of these tools. At the same time, prior use experience significantly 

increases intention to use ChatGPT through a higher perceived ease of use and perceived usefulness. In 

addition, exposure to positive information on this tool has the same effect, whereas the opposite situation 

occurs when the user is exposed to errors in responses (Kim et al., 2023c). 

The artificial nature of ChatGPT seems to be a significant factor in making it appear to users as an impartial 

source, free from commercial bias. A study compared the effect of Bing Chat (an algorithm that uses the 

same technology as ChatGPT) recommendations and traditional AI recommendation systems (Amazon) on 

the formation of the consumer consideration set, i.e. the shortlist of products that a customer considers for 

purchase. According to the results, the perceived better performance of the new GenAI-based technologies 

generated a higher intention to adopt the information provided compared to Amazon through a mediated 

effect of trust in recommender (ChatGPT) and trust in recommended product. According to this model, trust 

in ChatGPT, seen as a neutral source free from marketing purposes, transfers trust to the suggested products 

(Chang & Park, 2024).  

This emerging technology also appears to be particularly effective in mitigating the effects of choice 

overload, a common psychological challenge faced by consumers when exposed to many purchasing 

options. According to Kim et al., (2023a), when the advice comes from ChatGPT, the number of 

recommended options and purchase intention are positively correlated (contrary to what happens in the case 

of human recommendation agents, as found in the literature review on e-WOM), through the mediation of 

perceived information accuracy. However, the same effect has been studied by Shin et al., (2023) for the 

tourism sector. It has been proven that in the context of choice overload, the reduction of choices made by 

AI negatively impacts users' visit intention, due to the mediated effect of lower trust and satisfaction. This 

happens because users on average don’t trust ChatGPT when it filters and reduces options on its own, 

perceiving that they lose control within the selection and purchasing process. This negative effect becomes 

even more pronounced when the initial number of options is high. Conversely, when the reduction in options 

is carried out independently or by a trusted peer, the negative impact of product skimming on visit intention 

is drastically reduced (Shin et al., 2023). 



As already pointed out, trust represents a fundamental factor regarding this information source and is a 

variable closely correlated with the intention to interact with it and adopt the information provided. Ali et al. 

(2023) and Abou-Shouk et al. (2024) deepened this relationship through the Affordance-Actualization 

Theory to show the usefulness of this tool for obtaining personalized travel recommendations. Ali et al., 

(2023) demonstrated that the so-called “affordances”, which are relevance, credibility, usefulness and 

intelligence, have a significant positive effect on the intention to use the suggestions provided by ChatGPT 

through the mediation of trust. Even more interestingly, the same conceptual model, was expanded by 

introducing the moderating effect of the risk to data privacy and security, which was found to significantly 

decrease the impact of trust on the adoption of information, more markedly in Omani than in UAE travellers 

(Abou-Shouk et al., 2024). 

The linguistic style employed by ChatGPT, along with the precision in showing numerical results, also have 

an impact on users’ behavioural outcomes. Baek et al., (2025) studied the tourism sector using these tools, 

and found that for experiential services an informal chatbot language style generates more positive 

responses, through increased trust, perceived anthropomorphising, and decreased social distance. In contrast, 

it works best for tourism boards to converse with a formal style, as it is consistent with their role. Similarly, 

a Korean study on ChatGPT showed that trust on the tool, anthropomorphising and media richness (the 

perceived communicative richness of a message, i.e., how vivid, interactive, and engaging it is through text 

and images) have a significant positive effect on purchase intention (Kim et al., 2024b). Zhu et al., (2023), 

have shown that in more utilitarian purchasing contexts, consumers prefer ChatGPT over human advice, 

especially when it presents answers with high numerical accuracy. When this combination of factors is 

present, the matching effect exponentially increases purchase intention and consumer adoption of the 

recommendations. These results are in line with those of Kim et al., (2024a), who demonstrated that in the 

context of tourism, personalized recommendations offered by ChatGPT generate a greater intention to visit 

than humorous ones. Instead, this relationship is reversed when advice comes from human sources. As 

evidenced by the findings, the preference for AI over human sources depends on the interplay between 

linguistic style and the specific consumption context. 

The level of psychological closeness perceived with the chatbot during interaction is equally important in 

determining consumers' response to recommendations provided by ChatGPT. Factors influencing this 

variable, already examined in the current literature, include parasocial interaction, perceived warmth, and 

perceived social distance from the algorithm. Doung et al., (2024) have shown that in the tourism sector the 

first variable significantly enhances continuation usage of ChatGPT, both directly and indirectly through an 

increased customer satisfaction. Another study conducted in the same field used the Stimulus-Organism-

Response theoretical model (SOR) to show that both objective utility and external influence are crucial in 

enhancing the dependent variable. Specifically, the Stimulus, composed of social influence and perceived 

value, affected the Organism, defined by trust, perceived competence and parasocial interaction. These 

factors, in turn, positively influenced the final Response, represented by the intention to use ChatGPT for 



obtaining information (Xu et al., 2024). The same framework was used by Pham et al., (2024) with 

Vietnamese tourists, revealing that perceived warmth, perceived competence and communication speed 

significantly increase the continuance usage intention via trust and attitude, while technology anxiety 

moderates these effects negatively. 

Demographic and psychographic factors also influence the willingness to follow advice provided by 

generative AI. In this regards, Alizadeh & Kashani (2024) note that personalization, accuracy, and 

convenience of these tools are more influential for women, young users, and those with master’s degrees. In 

the same way, research conducted on Israeli tourists used Technology Acceptance Model and found that 

perceived ease of use impacts the intention to adopt the information received from ChatGPT through the 

mediation of perceived usefulness and trust. This effect was more pronounced in young individuals than in 

older people (Solomovich & Abraham, 2024). Kim & Koo (2024), on the same wave, demonstrated that the 

perceived novelty associated with ChatGPT significantly enhances users’ intention to act upon its advice 

with personal innovativeness positively moderating this relationship. 

An interesting study analysed the impact of errors or ethical issues present in ChatGPT's trip planning 

scenarios. These two factors have greatly diminished the satisfaction and acceptance of the chatbot 

responses, due to a decline in trust. However, many participants exhibited a behaviour called “moral 

decoupling”, ignoring negative ethical aspects when the output provided was useful and detailed. 

Interestingly, the presence of obvious errors paradoxically mitigated the effect of negative premises on trust 

in some participants. This suggests that humans react better when they personally experience ChatGPT’s 

fallibility, compared to when they are exposed to negative news and opinions about the tool (Kim et al., 

2023b). 

Duwadi & Cautinho (2024) have enriched the literature with a far-sighted study offering valuable marketing 

perspectives. Their study tested the effectiveness of physical kiosks placed in front of stores, equipped with a 

ChatGPT-based product recommendation system designed to help and personalize customers' shopping 

experience. Participants noted ease of use of the interface, accuracy of recommendations, and a naturally 

interactive purchasing process. As well as providing further evidence regarding the notable usefulness of 

GenAI within the consumer purchasing process, they also suggested a possible practical application of these 

tools by companies in their retail stores. 

Finally, the last three articles that will be analysed in this section before formulating the research hypotheses 

are currently the only scientific studies that have compared the effectiveness of these two sources of 

information in increasing purchase intention. The first was written by Mladenović et al., (2024). While it is 

not empirical research, this work represents a conceptual exploration of an innovative information tool 

accessible to all contemporary consumers with Internet access. The paper in fact refers to synthetic WOM 

(syWOM), generated by Generative Artificial Intelligence tools, such as ChatGPT, applied to the travel and 



hospitality sector (as seen above, this tool has been widely used to the advantage of tourists, but it is 

potentially useful to consumers interested in any product category), using information contained in other 

sources and platforms (e-WOM) as input.. According to the authors, it is an enhancement of the traditional 

WOM and e-WOM due to advanced customisation, massive scalability, real-time interactivity and greater 

consistency and traceability. In fact, this kind of word of mouth can generate better reviews being useful 

both in the pre-trip phase, for the search of information, and post-trip for the sharing of experiences useful 

that will be useful for future tourists. 

The second paper was written by Choi et al., (2024), who conducted an experimental investigation to 

compare these two sources. The purchasing area is still tourism, where e-WOM and recommendations based 

on Generative AI were compared to test the difference in generating the intention to book Airbnb 

accommodation. In general, it seems that online reviews generate more intention to stay because of the 

greater trust. However, it was found that the moderation relationships performed by the accommodation's 

psychological social distance (near vs. far) and product type (basic vs. deluxe accommodations) paint a more 

nuanced picture. For near accommodations, e-WOM is perceived as “socially closer” as users seek more 

personal and authentic experiences. Conversely, if the accommodation is far away, ChatGPT's greater 

versatility and responsiveness is preferred. Following the same logic, for basic accommodations, online 

customer reviews are preferred as they are more useful in providing reassurance about practical and basic 

aspects, while ChatGPT works better for more luxurious accommodations thanks to the more objective and 

professional tone of AI (Choi et al., 2024). 

Finally, Christensen et al., (2025), analysed the preference between Generative AI-based recommendations 

and traditional sources (e.g. TripAdvisor) for Gen Z/Millennials seeking advice for their travel plans. 

Despite frequent algorithm hallucinations, many consumers in this case preferred ChatGPT 

recommendations. The main reasons included the perception of greater impartiality, a sense of 

personalisation and originality, distrust of traditional sources (TripAdvisor and official corporate sites) and 

the absence of commercial interests. 

To summarize the most significant findings of the literature review regarding the usefulness of ChatGPT, as 

previously done with e-WOM, it is essential to emphasize several advantages of this technology. Among its 

key strengths there are a high degree of personalization, real-time interactivity, and the perception of 

impartiality. It would not be an overstatement to say that, at least regarding these three parameters, the utility 

of GenAI exceeds that of online reviews. Additional undoubted merits include its accuracy, completeness 

and usefulness in the context of complex decisions or decisions characterized by a high number of options, 

thanks to its ability to reduce uncertainty and streamline decision processes. 

Nonetheless, there are also clear limitations associated with the use of this technology, which will be 

examined in more detail in the following paragraph of this research. The most prominent deterrent to 



adoption is the fear for security and the use of personal data, especially in cultural contexts that are more 

sensitive to privacy and characterized by a low technological maturity. Additional inhibitors are 

technological anxiety, low familiarity with this tool and the perceived lack of “relational authenticity” 

which may lead to feelings of disorientation and unwillingness to follow such advice due to the perceived 

high social distance. Finally, the presence of errors and hallucinations in the responses, which are not 

infrequent, can further discourage the user from adopting the information. 

In view of the considerations made and the results obtained from the literature review conducted so far, it 

would be premature to define ChatGPT as a flawless and perfect tool. However, it clearly represents a very 

promising technology which, if further developed and refined, has the potential to replace all the other 

sources of information sources studied in this research. However, as things stand today, confidence in it is 

still fragile due to the limitations outlined above. 

Therefore, while recognizing the future potential of GenAI and ChatGPT, the current state of research 

supports the conclusions that e-WOM and online reviews remain more effective in generating purchase 

intention. Hypothesis H1 of this research can therefore be formulated as follows: 

H1: Online reviews have a stronger positive influence on the intention to purchase technological devices 

than ChatGPT recommendations. 

2.1.2. The Mediating Effect of Perceived Risk Between Information Source and Purchase Intention 

This section will examine in greater depth the indirect effect carried out by perceived risk on the relationship 

between online reviews, ChatGPT-based recommendations and purchase intention. The aim is to identify 

which type of online content triggers a greater decrease in perceived risk, thereby leading to a more positive 

effect on purchase intention. The scientific evidence regarding the two distinct parts of the mediation effect 

will then be formalized in hypotheses H2 and H3, which will reflect the key insights emerging the current 

literature on this topic. 

It is important to note that many papers used to investigate H2 identify purchase intention as the dependent 

variable in their models. Therefore, these studies were also taken into consideration to examine the second 

effect of mediation (i.e., the relationship between perceived risk and purchase intention) and to formulate the 

related research hypothesis (H3). Furthermore, as already mentioned, this relationship is widely documented 

in the current literature. However, in addition to the studies mentioned above, more research was cited that 

specifically focuses on the relationship between the mediator and the dependent variable, providing 

additional support for that specific part of the proposed mediation model. 

The distant and impersonal nature associated with using a global, open-to-everyone platform like the Internet 

makes the perception of risk a vital component of online shopping for today's consumers (Pavlou, 2003; Lee 



& Turban, 2001). As a matter of fact, this feeling is significantly higher in online shopping than in physical 

shopping, which is why it is crucial for consumers to implement strategies to decrease the degree of 

uncertainty (Lee & Tan, 2003; Laroche et al., 2005; Lee & Turban, 2001; O’Cass & Fenech, 2003). 

Based on the results of many papers analysed so far, searching for product information online is a process 

that significantly reduces these psychological discomforts. When there is no opportunity to judge product 

quality and seller truthfulness in person, many consumers rely on online costumer reviews to get a better 

idea about the products they are interested in, listening to a generally impartial source (Yaylc & Bayram, 

2012; Peterson & Merino, 2003; Bai et al., 2015). Through these contents, consumers can share with anyone 

their experiences with the products they have purchased. In addition to all the other reasons they are useful 

in improving consumers' consumer journey, as has already been said, they serve to decrease the level of 

perceived risk associated with the purchasing decision-making process (Hussain et al., 2017; Park et al., 

2007; Akroush & Al-Debei, 2015; Han & Windsor, 2011; Lam et al., 2023). Indeed, before finalizing a 

purchase, many individuals seek out opinions from other customers who have previously purchased the 

product and provided a review accessible to all Internet users (Almana & Mirza, 2013; Gibreel et al., 2018). 

Compared with the traditional WOM, which is restricted to well-defined geographic boundaries, the e-WOM 

manifests itself with a considerably larger number of participants, active and passive, and with a 

significantly greater quantity and quality of information cues (text, pictures and videos), thus presenting the 

ability to reduce the level of risk associated with purchasing more than the previous one (Zhao et al., 2017). 

However, despite the undeniable convenience and immediacy of searching for information and purchasing 

products online, its use raises new issues that can be summarized as the perceived risk of online consumers, 

including fraud, misuse of personal data, partial inability to evaluate products, and many others (Ventre & 

Kolbe, 2020). 

According to Ko et al., (2004) perceived risk is defined as “the potential for loss in pursuing a desired 

outcome from online shopping” (p.21). Likewise, Dowling and Staelin (1994) defined this concept as "the 

consumer's perceptions of the uncertainty and adverse consequences of buying a product or service" 

(p.119). In other words, it is the possibility, manifested within the consumer's mind, that something could go 

wrong in the context of purchasing a product (Featherman & Pavlou, 2003). 

With regard to hypothesis H3, which concerns the second part of the mediation effect, there are now 

countless studies that have confirmed the inverse relationship between the mediating variable (perceived 

risk) and the dependent variable (purchase intention) of the proposed model (Miyazaki & Fernandez, 2001; 

Pelaez et al., 2017; Bhatnagar et al., 2000; Farivar et al., 2017; Chiu et al., 2014; Singh & Srivastava, 2018; 

Hong & Cha, 2013; Liu & Wei, 2003; Kim & Lennon, 2013; Akhlaq & Ahmed, 2015; Han & Kim, 2017; 

Pavlou, 2003; Kim et al., 2008; Van der Heijden et al., 2003; Soleimani et al., 2017; Park & Tussyadiah, 

2017). This body of research has consistently demonstrated that lower levels of perceived risk are associated 



with a greater intention to purchase and vice versa. However, even during the examination of the less 

intuitive part of the mediation effect (hypothesis H2), which explores the relationship between the 

independent variable (information source) and the mediating variable (perceived risk), numerous papers that 

also employ purchase intention as the dependent variable will be cited. These studies offer further empirical 

support and reinforce the validity and the rationale behind H3. 

At this stage, it is necessary to conceptualize the variable perceived risk, providing its definition and 

outlining the structural dimensions that it has been given over time by the existing literature. Then, the 

primary focus of this paragraph will concern the analysis of the studies that have incorporated perceived risk 

as a mediator variable within the relationship between online reviews/ChatGPT recommendations and 

purchase intention. In doing so, this section builds on the scientific insights reported and discussed in the 

previous paragraph, expanding on them with key findings that highlight the potential modifying role of 

perceived risk within this correlation. 

Mitchell (1999) spoke of perceived risk as a “multidimensional phenomenon” which can manifest itself in a 

variety of ways and circumstances, and for this reason must be segmented into different components. A 

well-known framework that has been used for analysing the concept of perceived risk is that conceptualised 

by Ariffin et al., (2018), which divides it into six dimensions: financial risk, product risk, security risk, time 

risk, social risk and psychological risk. In turn, this model was created from previous research that 

demonstrated the validity and importance of the single components (Dai et al., 2014; Masoud, 2013; Jacoby 

& Kaplan, 1972). Below are the definitions of each: 

 Financial risk: the probability borne by the consumer of suffering a loss of money or that the 

good purchased is not worth the price paid (Featherman & Pavlou, 2003). 

 Product risk: the likelihood that the product purchased online will not meet expectations in 

terms of quality and features (Zheng et al., 2012). 

 Security risk: the possibility of the online user being a victim of fraud, hacking, and any 

improper disclosure of their personal or financial data (Soltanpanah et al., 2012). 

 Time risk: includes the expected time to perform all actions related to the online purchase, 

from browsing of product information, making the purchase to waiting for products to be delivered to 

your home (Dai et al., 2014; Ko et al., 2004). 

 Social risk: the consumer's perceived possibility that the product will cause dissatisfaction 

among friends and family (Dowling & Staelin, 1994). 

 Psychological risk: the possible post-purchase frustration arising from the knowledge that one 

has chosen the wrong product (Ueltschy et al., 2004). 

According Ariffin et al., (2018), only social risk was found to be not significant in influencing purchase 

intention in the context of clothing, while security risk was the most influential dimension (Ariffin et al., 



2018). Based on much research that has investigated in depth the impact of perceived risk on the dependent 

variable, it appears that the first three dimensions mentioned (financial, product and security risk) are the 

most crucial in shaping consumers' purchase intention (Bhatnagar et al., 2000; Chen & Barnes, 2007; Kim et 

al., 2008; Dai et al., 2014; Ariff et al., 2014; Senecal 2000; Borchers 2001; Zheng et al., 2012; Featherman & 

Pavlou, 2003; Forsythe & Shi, 2003; Masoud, 2013; Paluch & Wunderlich, 2016; Bhatnagar et al., 2000).  

Indeed, among the various risk categories, concern for one's sensitive data and privacy emerges as a key 

issue for most consumers. It is not uncommon for consumers to refrain from using certain web sites or 

making online purchases to keep their data safe (Tsai & Yeh, 2010). This situation is extensively 

documented in today's literature, considering also the previously mentioned studies. Conversely, social risk 

consistently emerges in many of the studies reviewed as a less critical component, compared to the other 

dimensions of perceived risk. However, according to the study by Shang et al., (2017), fear of judgment 

from others (family members, friends, etc.) inhibits purchase intention, both behaviourally and 

neurologically, showing that this factor is crucial in influencing the dependent variable and deviating to 

some extent from the rest of the literature. 

According to Hong & Cha, (2013), the perception of product risk, financial risk, psychological risk and 

security risk, exert a direct and negative effect on purchase intention. In the context of online apparel 

shopping, Almousa (2011) identified product risk, time risk and privacy risk appear to be the most important 

dimensions in reducing consumers' purchase intention. Similarly, in the sector of private labels in India, 

Bhukya & Singh (2015) analysed three dimensions of risk (product, financial and psychological), all of 

which were all found to be significant in decreasing consumer purchase intention (Bhukya & Singh, 2015). 

The perception of risk and the importance attributed to individual dimensions varies significantly based on 

the demographic and cultural characteristics of consumers. Park & Jong-Kun (2003) have proven that 

Korean consumers are more risk-tolerant than American consumers (they showed higher levels of purchase 

intention with the same level of perceived risk). Most probably this happens because of the so-called 

“cushion effect”, which can be defined as the social protection perceived by individuals living in collectivist 

cultures (such as Korea) that would explain the greater propensity for risk. Furthermore, Ko et al., (2004), 

have demonstrated that American consumers are more sensitive to financial and time risk, whereas Koreans 

are more sensitive to psychological and social risk. Instead, Liebermann & Stashevsky (2002) found that 

Israeli consumers focus more on privacy and financial risk, while American consumers prioritize time risk. 

The analysis of these initial papers was intended to identify the dimensions of perceived risk that most 

impact the purchase intention, with particular emphasis on highlighting the negative correlation between the 

mediating variable and the dependent variable of the model. This preliminary study will be crucial when 

hypothesis H3 will be formulated. In contrast, the examination of the first part of the indirect effect (namely, 

the relationship between the independent variable, distinguished in its two variants, and the mediator), 



represents a more challenging research question to examine, as it is less straightforward and less addressed 

in the literature as the previous one. 

Consumers are seeking to minimize the level of perceived risk when shopping online, and both reviews 

found on the Internet and advice offered by Artificial Intelligence, particularly ChatGPT and the new Large 

Language Models, have been shown to help the user in this regard. As in the preceding paragraph, the 

review will begin with papers that focus on the influence of perception of risk on the relationship between e-

WOM and purchase intention, followed by the analysis related to AI-based recommendations. This 

breakdown will necessarily be much briefer, due to the greater specificity of the relationship to be studied 

and the significantly smaller number of papers that investigated this topic compared to the previous one. 

Zhao et al., (2017), in their study on the Chinese online agricultural products market, demonstrated that the 

breadth and media richness of online customer reviews have a positive impact on the reader's purchase 

intention by reducing their perceived level of risk. Within the same context, a Korean study measured the 

impact of online reviews on the consumers’ intention to visit a restaurant for the first time (T1) and for a 

subsequent time (T2), considering the impact of performance risk (a concept similar to product risk) and 

financial risk. The reviews proved to be especially useful in stimulating a first visit through a significant 

reduction in performance risk. Conversely, financial risk had a more pronounced effect in encouraging a 

second visit. This suggests that in the first stages consumers are more concerned about the service quality, 

instead the repeat consumers are more concerned about a potential monetary loss. These findings highlight 

the evolving nature of the perceived risk across the consumer journey (Huifeng & Ha, 2021). This research 

extended an earlier paper by Huifeng et al., (2020), which had found that only financial risk negatively 

impacts visit intention. 

Gender differences also emerge as a key variable in influencing perceived risk levels and consequently 

purchase intention. As already seen in the previous paragraph, Bae & Lee (2010) have shown that women 

perceive more risk in online shopping than men, and that e-WOM is particularly useful for reducing this 

elevated level of uncertainty. This happens because women attribute greater importance to the judgment of 

others to reduce uncertainty and validate their choices, which coincides with the so-called social risk, 

analysed previously. More specifically, it seems that women's purchasing intention is more susceptible than 

men's to both positive and negative reviews, with negative reviews having a greater impact on both genders 

than positive ones, the “negativity effect”. A study examining the role of e-WOM in generating purchase 

intention among female travellers in India has shown that this effect exists only when there is a reduction in 

perceived risk. This discovery supports earlier research by highlighting the importance of the mediating 

effect of this variable is shaping behavioural outcomes, especially for women (Islam et al., 2024). 

A third body of research investigates the perceived credibility and informational value of e-WOM content, 

and how these attributes interact with the feeling of risk. As mentioned in the last paragraph, Hussain et al., 



(2017) proved the significance of the credibility of the e-WOM source (divided into the 4 dimensions: 

experience, reliability, objectivity, homophily) in promoting information adoption by lowering the level of 

perceived risk. In support of these results, two studies conducted in Indonesia have shown that the perceived 

informational value derived from online customer reviews enhances purchase intention by lowering 

perceived risk (Helfiyana et al., 2024; Sembiring & Nisa, 2024). By contrast, the work of Bathar & Muda 

(2016), despite sharing some similarities with the previous ones, represents a stand-alone case. As a matter 

of fact, they found that User-Generated Content (UGC) on Instagram has a substantial impact on increasing 

user purchase intention through a mediated effect of perceived credibility and usefulness. However, in this 

case the perceived risk seems to have a negative effect, the opposite of that found in other studies, indicating 

the complexity of the relationship between perceived risk and e-WOM in certain digital contexts. 

Other scholars have shown how the structure and clarity of reviews are key factors in influencing risk 

perception. For example, in the context of online marketplaces, the absence of feedback (missing reviews 

following a transaction) seems to raise the perception of risk associated with the purchase, which in turn 

causes a lowering of purchase intention (Hwang & Han, 2023). In the same way, confusion resulting from 

online reviews, divided into ambiguity confusion (vague or unclear reviews) and similarity confusion 

(reviews that are too similar to each other), is significantly correlated with an increase in online shopping 

cart abandonment via an increase in perceived risk (Roy & Shaikh, 2024). On the other hand, contrary to 

what Roy & Shaikh (2024) demonstrated about the effect of ambiguity in online reviews, Yang et al., (2016) 

came to the conclusion that the balance between positive and negative reviews regarding a product seems to 

significantly increase the intention to purchase among online buyers through a reduction in perceived risk 

(composed of performance risk, the most influential, financial risk, psychological risk and social risk). 

This conceptual model has also been extensively validated using theoretical frameworks already seen in 

previous sections of this research. A study in Vietnam demonstrated via the Information Acceptance Model 

(IACM) that the four dimensions of perceived usefulness of e-WOM (quality, credibility, need for 

information and attitude towards information) significantly increase purchase intention in e-commerce 

platforms (Shopee and Lazada) through a decrease in perceived risk (Cuong et al., 2024). Instead, Using the 

Stimulus-Organism-Response model, Yadav et al., (2024), analysed the impact of online costumer reviews 

(S) in increasing travel behavioural intentions (R) through lowering perceived risk (O). As expected, all 

hypotheses of the mediation model were confirmed, providing further evidence of the usefulness of e-WOM 

in lowering online consumers' feelings of risk. 

One last confirmation comes from the paper by Gavilan et al., (2019), which investigates how online 

numerical evaluations influence the movie selection process. It emerged that in this context rating 

significantly helps decision making and intention to enjoy content through a decrease in perceived risk, 

divided into global, temporal, financial, and experiential. Additionally, the study highlights the moderating 

role of an individual’s susceptibility to interpersonal influence (SRI). Participants more prone to social 



influence perceived even greater value from ratings in terms of both ease of decision-making and risk 

reduction, especially for global and temporal risk. 

Overall, the literature clearly shows that perceived risk plays a crucial mediating role in the relationship 

between e-WOM and purchase intention. In most studies, e-WOM reduces various dimensions of perceived 

risk, such as performance, financial, social and psychological risk, which in turn increase consumers' 

willingness to buy, although some articles highlight exceptions or context-specific nuances. 

Moving on to the influence of perceived risk on the relationship between generative AI, in particular 

ChatGPT, and purchase intention, this variable has emerged as a critical issue in the current literature on this 

topic, even though it is a very recent technology and therefore an equally recent line of research. 

One of the most consistent and recurrent concerns regarding the use of this technology to obtain information 

about products and services is represented by the fear of privacy and data security violations. Arce-Urriza et 

al. (2025) highlight that, despite the greater usefulness of chatbots following the advent of Generative AI, 

these risks negatively influence users' willingness to adopt ChatGPT for product-related information. 

Similarly, Silalahi (2024) confirms that privacy risk significantly weakens the effect of trust on information 

adoption, particularly in the context of sustainability recommendations. The same conclusions are drawn by 

Zhou & Wu, (2024) and Hu et al., (2024). Finally, earlier research highlights that women are significantly 

more concerned than men about online data privacy and security (Sheehan, 1999). 

The study conducted by Abou-Shouk et al., (2024), already referenced in the previous paragraph, represents 

further confirmation of how concerns about privacy and personal data constitute a crucial deterrent to the 

intention of using tools like ChatGPT. Indeed, elements such as the usefulness, credibility and perceived 

intelligence of this technology are not enough to cancel out the negative effect of these factors. This cross-

cultural investigation, conducted between Oman and the UAE, showed that Omani users are more sensitive 

to these issues than Arab ones, thereby highlighting the impact of the different degrees of digital maturity 

and trust in technological systems across industrialized and non-industrialized countries. Although not 

specifically emphasized in the paper, such fears coincide with the conceptualization of perceived security 

risk proposed by Ariffin et al., (2018), whose validity in mediating the relationship between ChatGPT 

recommendations and purchase intention has been widely proved. 

In addition to issues related to data security and privacy, ethical issues (Alamri, 2025) and the perceived risk 

of receiving incorrect information (Kim et al., 2023c) also appear to significantly hinder the use of GenAI 

for purchasing purposes. 

Another set of studies focuses on a specific technology-related psychological discomfort, called technology 

anxiety. This is defined as the feeling of apprehension and nervousness that is perceived when interacting 

with a technology whose reasoning and functioning is unknown. According to research by Seyfi et al., 



(2025), this factor significantly reduces the intention to use ChatGPT to receive travel recommendations. 

Likewise, a study conducted on UAE university students, found that the attitude and intention to use 

ChatGPT for educational purposes significantly decreases in the presence of high perceived risk and 

technology anxiety (Sallam et al., 2024). In addition, according to Murshidi et al., (2024), a complete 

knowledge regarding ChatGPT, including its benefits and risks, can lead to greater user’s caution and a 

lower probability of adopting the tool. 

Beyond psychological and security-related concerns, a broader analysis of risk dimensions was carried out 

by Han et al. (2024), who employed the model proposed by Ariffin et al. (2018) and confirmed the negative 

impact of five out of six dimensions of perceived risk, i.e., all except social risk, on the intention to adopt the 

information provided by ChatGPT in the tourism sector. Similarly, the study conducted by Sefa & Yilmazel 

(2025) found that the use of GenAI significantly increased levels of time, privacy, social, psychological, and 

security risk, discouraging the use of these tools. On the other hand, product and financial risk were not 

found to significantly influence the dependent variable. This result testifies to how users generally trust the 

rationality and technical reliability of GenAI, yet usage is heavily deterred due to broader socio-ethical 

implications. 

Another dimension of perceived risk that psychologically hinders the use of ChatGPT to obtain product 

recommendations is so-called transparency anxiety, conceptualized and explored in depth in the paper by 

Huang et al. (2025). It represents the fear stemming from an inability to understand how this technology 

generates its recommendations, which are often perceived as opaque, inexplicable or arbitrary. The authors 

have shown that this feeling negatively mediates the relationship between the anthropomorphism of the 

chatbot and the acceptance of recommendations, proving to be another important deterrent to the usage of 

these algorithms. 

Although most of the studies analysed showed that ChatGPT triggers various components of perceived risk, 

one exception is represented by the research conducted by Ramrath et al. (2024). The authors showed that 

ChatGPT's perceived proficiency in solving objective tasks, such as mathematical problems, actually has the 

ability to increase the intention to use this tool by decreasing the feeling of risk. Although such findings are 

more limited, they suggest that under specific conditions, specifically when the task is perceived as logical 

or numerical, ChatGPT may help mitigate perceived risk rather than amplify it. 

In conclusion, the literature clearly shows the significance of perceived risk as a mediating factor within the 

relationship between the recommendations of generative AI, more specifically from tools such as ChatGPT, 

and users' intention to purchase or adopt information. However, unlike to the previous case, this mediation 

turned out to be almost always negative and inversely proportional: in most of the studies analysed, concerns 

about privacy, data security, ethical doubts, misinformation, technological and transparency anxiety emerge 



as strong inhibiting factors. These factors weaken trust and greatly constrain information adoption, 

especially in more sensitive contexts and characterized by lower levels of technological education. 

Overall, perceived risk tends to have a robust negative mediating effect, dampening the persuasive power of 

GenAI-generated recommendations across various areas and user groups. Without going into too excessive 

detail, it is clear from the current research on the subject that e-WOM and online reviews generally lead to a 

decrease in perceived risk, while Generative AI technologies and ChatGPT produce the opposite effect, 

increasing perceived risk, which becomes a significant barrier to adoption. As previously highlighted, 

despite the innovativeness, undoubted capabilities and immense potential of ChatGPT, trust in this tool is 

still precarious compared to more established peer-based sources of information like e-WOM. 

Based on the formulation of hypothesis H1, and the additional discoveries coming from this second literature 

review, hypothesis H2 and H3 can be articulated as follows: 

H2: Perceived risk mediates the relationship between the source of information (online reviews vs. ChatGPT 

recommendations) and purchase intention, with online reviews decreasing perceived risk more than 

ChatGPT recommendations. 

H3: Perceived risk mediates the relationship between the source of information (online reviews vs. ChatGPT 

recommendations) and purchase intention, with lower levels of perceived risk leading to a higher intention 

to purchase technological devices. 

2.2. Conceptual Framework 

The primary objective of this experimental study is to investigate how distinct types of information sources 

used to obtain product advice (specifically, online reviews vs. ChatGPT recommendations) influence 

consumers’ purchase intention of electronic devices in the technology sector. To test this relationship, it was 

decided to fill the conceptual framework through the indirect effect represented by the mediating factor 

perceived risk generated by the information source. Accordingly, the developed research model includes 

perceived risk as a mediator, information source as a dependent variable and purchase intention as a 

dependent variable. 

For the development of the conceptual framework, Model 4 from Andrew F. Hayes' (2017) PROCESS 

macro was adopted, which is characterized by the presence of an independent variable (X), a dependent 

variable (Y), and a mediator (M). 

Considering the results discussed in the last two paragraphs and the formulation of the corresponding 

research hypotheses, the conceptual model of the research can be illustrated as follows: 

 



 

 

 

 

 

 

 

 

  



Chapter 3 - Experimental research 

3.1. Methodological approach 

3.1.1. Methodology and study 

The present experimental study consists of a conclusive causal Between-subjects 2x1 research design. The 

results of the experiment are represented by responses to a questionnaire obtained through a self-

administered survey conducted in Italy during April and May 2025 using the online platform Qualtrics XM. 

Specifically, survey participants were selected by adopting a non-probabilistic sampling methodology. It was 

decided to use a convenience method thereby taking advantage of the ease and speed of accessing and 

selecting elements of the target population. As a matter of fact, this technique implies no economic costs and 

results to be advantageous in terms of high speed of data collection and high response rate. Considering the 

target sample, it was chosen to include respondents from all age groups and belonging to all genders, as it 

was not expected that demographic variables could affect the results of the experiment in a statistically 

significant way. 

3.1.2. Participants and sampling procedure 

The survey was distributed to 198 individuals of whom 191 respondents fully participated in the 

experimental study by answering all the questions within the questionnaire structure. The remaining 7 

incomplete responses were first selected and later discarded from the dataset during the data cleaning 

procedure. Specifically, respondents were contacted through an anonymous link generated by the Qualtrics 

XM online platform and subsequently sent through instantaneous messaging applications and social media 

networks as main distribution channels (WhatsApp, Instagram). The sample of the target population reached 

by the survey included mainly university students and newly hired workers but also a non-negligible number 

of adults located in different cities in Italy. Therefore, following this assumption, the average age of the 

respondents was found to be 34.42 years, although the age range fluctuated between a minimum of 18 and a 

maximum of 67 years. As can be seen, the average age is higher than the most representative age group in 

the sample (22-26 years, which includes 49.2% of participants, with 94/191 responses) due to the presence 

of a modest amount of people over the age of 50, which significantly increases the average. Regarding the 

gender of the respondents, the prevailing gender was female, represented by 54.5% (104/191), while males 

accounted for 41.9% (80/191). The remaining 3.7% (7/191) of respondents selected the third gender/non-

binary option (2.1%; 4/191) or preferred not to identify with a specific gender (1.6%; 3/191). 

3.1.3. Data collection and questionnaire composition 

To conduct the experimental study, a questionnaire consisting of eight questions was developed, six of 

which were specific and two were demographic. 



To manipulate the independent variable (Information Source: Online reviews vs. ChatGPT 

Recommendations), it was essential to create two visual stimuli, each different from the other. The first 

scenario is represented by an image depicting the user interface of an unidentified e-commerce website 

showing a ranking of laptops based on numerical reviews (from 1 to 5 stars) submitted by hypothetical 

online users who have previously purchased those products. 

Regarding this picture, although it does not technically show an example of e-WOM, it is important to 

clarify the rationale behind its layout to avoid potential misinterpretations. An alternative depicting 

individual user reviews and comments (which, by definition, represent e-WOM) would likely have generated 

higher levels of risk and lower purchase intentions. This is because these images would have failed to 

capture the intrinsic and aggregated nature of a tool such as e-WOM, which includes the total amount of 

available opinions posted on the Internet about a given product.  

In contrast, the image used to represent ChatGPT, which is displayed later, represents a ranking, which 

implies a preliminary analysis of a series of data, thereby being typically perceived as more useful than 

isolated reviews. To ensure the perception of equal usefulness and analytical robustness of the two visual 

stimuli, it was decided to show, for the e-WOM condition, an interface that theoretically represents an output 

of an algorithm. However, this ranking is entirely based on fictional user reviews, being conceptually 

consistent with the definition of e-WOM. 

For this reason, and in order to provide both visual stimuli with a perception of “equal usefulness,” it was 

decided to show an interface that represents under a theoretical level a ranking made by an algorithm, but 

that in reality is based only and exclusively on simulated user reviews, and thus be considered a tool that 

represents e-WOM and cumulates its individual manifestations. This clarification was necessary to prevent 

any misinterpretation of the image as something that conceptually deviates from e-WOM and the opinions of 

human users. 

 



 

The second scenario consists of an image showing a simulation of a response provided by ChatGPT that 

presents the same ranking shown in the previous image, replicating its structure. Specifically, the stimulus 

simulates a typical AI-generated response in relation to a specific question, namely a hypothetical consumer 

asking for a ranking of the five best laptops available within a predetermined budget. 



 

In this regard, additional clarification is needed regarding the visual stimuli presented to properly 

contextualize their meaning and to better understand the research objectives. Both scenarios were 

specifically designed to minimize the likelihood of the manifestation of cognitive biases and any brand-

related sentiment conditioning during the participants' completion of the survey. To achieve, visual 

conditions were artificially and arbitrarily created through the Canva application. 

The first scenario represents a mock-up of a user interface from an undefined and fictitious e-commerce 

website. More in detail, it shows a section of this hypothetical platform dedicated to displaying users' 

numerical reviews regarding the products in question. The interface portrays no references to existing 

applications or recognizable design elements, to avoid cognitive constraints related to brand recognition. 

Equally, in the second prompt, although the content clearly resembles a typical answer of an artificial 

intelligence (evident from certain features, such as the presence of a logo, the beginning of the response that 

echoes part of the user's hypothetical question, the use of emoticons, and the accuracy of the answer), there 

is no specific mention that it is ChatGPT. Again, it was decided to minimise brand-specific bias while 



preserving the recognisability of AI-generated content. Furthermore, it is essential to emphasize that the 

ranking of computer brands is completely the same regardless of the scenario displayed. This graphical 

choice was made with the sole intention of isolating and testing the possible preference for one source of 

information over another (i.e., online review vs. ChatGPT) regardless of the content provided by each. The 

purpose was to ensure that the choice depended as much as possible on the stimulus displayed rather than on 

the analytical consistency of the ranking. Finally, in order to further reduce the impact that the actual content 

of the two rankings could have on the mediator and the dependent variable, and in order to conceptually 

highlight the sources of information displayed (i.e., online review vs. ChatGPT), the content of the rankings 

is plausible, but many different sources of information, both human and artificial, were used as references 

for their composition. 

Returning to the data collection methodology, as mentioned above, responses were collected using a 

questionnaire, whose structure can be divided into four main parts. 

At the beginning of the questionnaire, participants are shown a brief introduction that contextualizes the 

topic and explains the academic purpose of the experimental research they will be participating in. In 

addition, after mentioning the university's credentials, respondents were guaranteed full compliance with 

privacy regulations regarding anonymity in data collection and processing. 

The second part of the survey consists of a randomized block comprising two distinct scenarios, which have 

been described and commented on above. Specifically, the inclusion of the randomization process was 

fundamental to the structure of the questionnaire to obtain a uniform number of exposures to both visual 

stimuli. 

The third part of the survey is shown to respondents after they have been exposed to one of the two 

scenarios. Specifically, this section of the questionnaire comprises six questions: the first three concern the 

mediator (perceived risk) and the other three relate to the dependent variable (purchase intention). All 

questions were evaluated using a seven-point Likert scale. 

The first scale, used to measure the mediating variable, comes from the scale validated by Cox, A. D., Cox, 

D., & Zimet, G. (2005). Understanding consumer responses to product risk information. Journal of 

Marketing, 70(1), 79–91.  

The second scale, relating to the dependent variable, derives from the scale validated by Dodds, W. B., 

Monroe, K. B., & Grewal, D. (1991). Effects of price, brand, and store information on buyers’ product 

evaluations. Journal of Marketing Research, 28(3), 307-319. 



Both scales were adapted to the needs of the experimental research. For this reason, the three items 

considered most useful and relevant to the purposes of the experiment were selected and shown to the 

participants. 

Finally, the fourth and last part of the questionnaire consists of demographic questions, in which the gender 

and age of the respondents were requested. 

3.2. Experimental results 

3.2.1. Data analysis 

The data collected through the questionnaire created using the Qualtrics XM platform was exported to SPSS 

(Statistical Package for Social Science), a statistical software program for analysis. 

Initially, it was decided to perform two exploratory factor analyses to examine and validate the items of all 

scales used in the conceptual model structure of the experimental research. Specifically, a principal 

component analysis was performed as the extraction method, applying Varimax as the rotation technique. To 

decide how many factors to extract, the table of total variance explained was observed, verifying that, 

according to Kaiser's rule, the eigenvalues were greater than 1 and the cumulative variance in percentage 

was greater than 60%. In addition, both the table of commonalities and the component matrix were observed. 

Specifically, all items showed an extraction value greater than 0.5 and a loading score greater than 0.3. 

Therefore, considering the results obtained, it was decided to keep all the items that make up the scales, 

thereby validating them. 

After validating both scales, two reliability tests were conducted to verify the level of reliability of the scales 

considered. Specifically, the Cronbach Alpha value of both constructs was observed, ensuring that it was 

above 60%. Regarding the first scale of the mediator (perceived risk), a value of 0.928 was found, while for 

the second scale belonging to the dependent variable (purchase intention), a value of 0.955 was recorded. 

Therefore, in view the results obtained, both scales were considered reliable. 

Finally, the KMO (Kaiser-Meyer-Olkin) test was performed to measure the adequacy of the sampling. For 

the first mediator scale (perceived risk), a value of 0.748 was reported, while for the second scale of the 

dependent variable (purchase intention), a value of 0.766 was registered. Therefore, in both cases, the level 

of adequacy was more than adequate (> 0.6). Subsequently, Bartlett's sphericity test was performed, which 

was statistically significant, finding a p-value less than 0.001 in both cases (p-value < α = 0.05). 

3.2.2. Hypotheses results 

After performing both factor analyses and reliability tests, the main assumptions of the conceptual model 

were examined to confirm or reject its statistical significance and, therefore, its relative success. 



H1 

To verify the statistical significance of the direct hypothesis (H1), a comparison of means was performed 

using a One-Way ANOVA to verify the effect of the independent variable (source of information: online 

reviews vs. ChatGPT recommendations) on the dependent variable (purchase intention). Specifically, the 

independent variable (X) is nominal categorical and is divided into two different conditions coded as 0 

(ChatGPT recommendations) and 1 (online reviews), while the dependent variable (Y) is continuous metric.  

After conducting the ANOVA, observing the descriptive statistics table, it was possible to note that the 

group of respondents subjected to the scenario coded with 0 (96 people) recorded an average Y of 3.4444, 

while participants exposed to the visual condition labelled with 1 (95 people) recorded an average Y value 

equal to 5.2246. Furthermore, considering the ANOVA table, a p-value for the F-test less than 0.001 

emerged, which is statistically significant (p-value < α = 0.05). Therefore, a statistically significant 

difference was found between the group means, thus confirming the effect of X on Y. The direct hypothesis 

H1 (main effect) was therefore proven. 

H2-H3 

To test the statistical significance of the indirect hypothesis (H2-H3), a regression analysis was conducted 

using Model 4 of the SPSS Process Macro extension (version 4.0) developed by Andrew F. Hayes, in order 

to verify the mediating effect caused by perceived risk on the relationship between the independent variable 

(source of information: online reviews vs. ChatGPT recommendations) and the dependent variable (purchase 

intention). Specifically, the independent variable (X) is nominal categorical and is separated into two 

different conditions coded as 0 (ChatGPT recommendations) and 1 (online reviews), while both the mediator 

(M) and the dependent variable (Y) are continuous metric. To demonstrate the success of the mediation 

effect, it was necessary to divide it into two individual components: a first effect between the independent 

variable and the mediator (H2) and a second effect between the mediator and the dependent variable (H3). 

H2 

About the first part of the indirect effect, observation of the SPSS results shows a p-value of 0.0000, a 

favourable confidence interval (LLCI = -2.2939; ULCI = -1.3355) and a negative regression coefficient β of 

-1.8147. Therefore, this section of the indirect effect was statistically significant, thus confirming hypothesis 

H2. 

H3 

As regards the second section of the indirect effect, observation of the SPSS output shows a p-value of 

0.0000, a favourable confidence interval (LLCI = -0.7739; ULCI = -0.5378) and, again, a negative 

regression coefficient β of -0.6559. Therefore, this section of the indirect effect was also statistically 



significant, demonstrating the inversely proportional correlation between MED and Y and thus confirming 

hypothesis H3. 

In light of the results obtained, since both sections of the indirect effect were statistically significant, it is 

possible to declare the overall success of the mediation effect, i.e., the indirect effect between the 

independent and dependent variables. Furthermore, observing the statistical significance of the direct effect 

analysed in the regression analysis, it was possible to establish that this is a partial mediation. 

 

 

 

 

 

 

 

 

  



Chapter 4 - Discussion and Conclusions 

4.1. Theoretical contributions 

The findings of this study provide a significant and original theoretical contribution to the body of research 

related to consumer behaviour and the effectiveness of different recommendation sources during the today’s 

consumer decision-making process. In addition to validating the underlying theoretical model, the empirical 

support of the three tested hypotheses helped to address a notable research gap. This was represented by the 

lack of a direct comparison between electronic word-of-mouth (e-WOM) and recommendations created by 

generative artificial intelligence systems, more specifically ChatGPT, particularly in a utilitarian purchasing 

context such as electronics. The decision to put into contrast these two information sources in the context of 

this specific and relatively underexplored sector of the consumer economy has allowed the investigation of 

new research avenues and has challenged some of the assumptions arose in existing literature. 

The two sources under examination, e-WOM and ChatGPT, were previously selected due to their 

representativeness and effectiveness within their respective categories: human-based and AI-generated 

recommendations. Next, they have been analysed in greater depth through the experimental study just 

conducted. This comparison aligns with a more comprehensive reflection, discussed from the introductory 

chapter onward, on the global debate concerning the difference in effectiveness between human and artificial 

information sources in providing product recommendations. Given the increasing number of people asking 

product-related information to Generative AI-based chatbots, comparing the efficacy of e-WOM and 

ChatGPT in reducing perceived consumer risk and enhancing purchase intention represents a particularly 

innovative and challenging contribution. This examination enables a direct assessment of the influence of a 

well-established human source against an emerging technology that is increasingly relied for consumption 

choices. 

A careful re-reading of the second chapter, which reviewed the literature related to the key relationships of 

the suggested conceptual model, reveals that this study has both confirmed and challenged prior findings on 

the topic. One of the most important theoretical contributions consists in having demonstrated that, despite 

the growing diffusion of generative artificial intelligence, advice originating from human sources, 

specifically electronic word of mouth, remains more effective in stimulating purchase intention than 

recommendations provided by ChatGPT. This discovery is particularly noteworthy considering the current 

global context marked by growing enthusiasm for AI adoption in decision-making processes, where the 

persuasive power of technological efficiency and output accuracy is often overlooked (De Bruyn et al., 2020; 

Haenlein & Kaplan, 2019; Kozinets & Gretzel, 2020; Alexander et al., 2018; Davenport et al., 2019). 

Thanks to its ability to handle huge volumes of data, reply in natural language and offer quick, accurate and 

personalized recommendations, generative AI has been widely promoted as a revolutionary tool in this 

context over the past few years (Statista, 2023; Capgemini, 2023; Lebow, 2023; Wong et al., 2023; Ali et al., 



2023; Abou-Shouk et al., 2024). However, the results of this experimental research highlight a factor that is 

sometimes disregarded in the quest for innovation: the importance, centrality and resilience of the human 

component in fostering trust and inspiring purchase decisions. Indeed, human sources of information 

maintain a long-lasting competitive edge, because they are capable of evoking trust and eliciting 

authenticity, qualities that even the most advanced AI systems still find difficult to replicate (Bickart & 

Schindler, 2001; Sulthana & Vasantha, 2019; Court et al., 2009; Cheong & Morrison, 2008). This supports 

the assumption that the effectiveness of informational sources depends not only on the quality of content, but 

also from the attitude and trust towards the source of the recommendation (Fu et al., 2020; Huang & Chen, 

2006; Mauri & Minazzi, 2013; Xu et al., 2024). Theoretically, this finding reinforces the view that the 

human aspect of recommendations is still hard to replace and will probably always represent a fundamental 

reference point for consumers. Although AI can work alongside humans throughout this process, it is 

unlikely to emulate their relational and psychological impact, which constitute a crucial factor in decision-

making dynamics. 

A second major theoretical contribution from this research consists of the identification and validation of 

perceived risk as a key mediating factor within the relationship between the type of information source and 

purchase intention. Even though ChatGPT’s outputs are coherent, detailed, and well-presented, they are not 

able to reassure the consumer and reduce uncertainty to the same extent as e-WOM, which benefits from 

perceptions of spontaneity, authenticity, and trustworthiness (Wien & Peluso, 2022; Huang & Chen, 2006). 

Thus, the risk-reducing function performed by e-WOM is a key element of its persuasive effectiveness, 

prompting new directions for theoretical models that embed perceived risk as a structural mediator in the 

relationship between information sources and purchasing behaviour.  

The final, but equally important, contribution of this experimental study is represented by the demonstration 

that even within a utilitarian context like electronics, where rationality, precision, and efficiency in 

displaying information should theoretically prevail, e-WOM still performs better than ChatGPT in leading to 

a positive behavioural outcome. As observed in the papers discussed in the previous sections, numerous 

reviewed studies have already demonstrated across various sectors that e-WOM is generally more effective 

than GenAI-based recommendations in reducing the perception of risk and increasing purchase intention 

(Chen et al., 2015; Kour et al., 2024; Kirmani & Ferraro, 2017 ; Yang, 2022; Zhu et al., 2012; Fu et al., 

2020; Hussain et al., 2017; Park et al., 2007; Akroush & Al-Debei, 2015; Han & Windsor, 2011; Lam et al., 

2023; Zhao et al., 2017; Islam et al., 2024). 

While this research confirms that dynamic, it also contextualises and applies it to a consumer sector where 

AI seemed to have a greater persuasive capacity. In fact, a large body of prior research has testified that in 

high-cognitive and logic-driven scenarios consumers tend to perceive AI characteristics as more suited to 

handling such tasks (Dietvorst & Bharti, 2020; Osborne & Bailey, 2025; Ramrath et al., 2024; Xie et al., 

2022; Xu et al., 2024; Kim & Duhachek, 2020; Kim et al., 2021; Zhu et al., 2023; Osborne & Bailey, 2025; 



Ruan & Mezei, 2022). According to this perspective, the findings of these studies indicate that the precision, 

rationality, speed and logical capabilities possessed by AI should compensate for its lack of empathy, 

human-likeness or perceived authenticity. By contrast, the experimental results of this study overturn this 

theoretical prediction, offering an original and innovative contribution by questioning one of the most 

widespread assumptions in the recent literature regarding consumer behaviour: that artificial intelligence, 

especially generative models like ChatGPT, is perceived as the most fitting source of advice in rational and 

logical consumption settings. 

These findings carry theoretical relevance for several reasons. In the first place, they enrich the discussion 

regarding the social acceptance of AI in decision-making processes. The study strengthens the idea that, 

despite undoubted technical and logical skills in producing its output, artificial intelligence is not yet 

perceived as sufficiently “human” to completely replace conventional informational channels. This 

corroborates the existence of psychological phenomena such as the human black-box effect (Haenlein & 

Kaplan, 2019; Chen et al., 2024; Rese et al., 2020; Leung & Chan, 2020; Go & Sundar, 2019; Ali et al., 

2023; Wong et al., 2023; Gupta & Mukherjee, 2024; Bonezzi et al., 2022), which is defined as the 

consumers’ tendency to place more trust in human judgement, since it is perceived as more transparent and 

comprehensible. Second, the study includes perceived risk as a structural mediating variable in assessing the 

most valuable information sources for obtaining product-related recommendations. Based on this 

assumption, the preference for online reviews can be ascribed to its tangible ability to reduce uncertainty, 

rather than attributed solely to familiarity or habit. This questions the conceptualization of the traditional 

dichotomy between cognitive trust (associated with AI) and affective trust (associated with e-WOM), 

showing that even in logic-oriented contexts, psychological and emotional dimensions play a key role in 

dictating consumer preferences. Lastly, this research challenges a well-established evidence present in the 

literature regarding AI in utilitarian purchasing contexts. Despite having a strong ability to produce highly 

coherent and customised responses, ChatGPT doesn’t generate the same degree of perceived credibility or 

psychological reassurance as human advice. Even in situations where efficiency should theoretically provide 

a competitive advantage, efficiency alone does not suffice to produce persuasion. 

4.2. Managerial implications 

In addition to enriching the theoretical knowledge of consumer behaviour, the empirical findings of this 

paper offer several practical insights that managers and companies may use to help them formulating 

effective marketing strategies in today’s digital and interconnected consumer landscape. In particular, the 

comparison between online reviews and ChatGPT as sources of product recommendation, in the context of a 

functional and utilitarian product category such as technology, provide pragmatic managerial implications. 

These breakthroughs are especially relevant in an environment characterized by information overload, 

growing popularity of Generative AI, and consumers’ constant demand for trust, reliability, and reassurance 



during their costumer journey (Scheibehenne et al., 2010; Chernev et al., 2015; Mittal, 2016; Agnihotri et al., 

2024; Kim et al., 2023a; Foroughi et al., 2024; Banker & Khetani, 2019; Rhee & Choi, 2020). 

The first and probably most significant managerial takeaway emerging from this research is that, despite 

remarkable technological developments in recent years, online reviews remain more effective than 

recommendations provided by cutting-edge artificial intelligence tools, such as ChatGPT, in providing 

reassurance to costumers and increasing their willingness to buy. As mentioned above, even in rational and 

functional purchasing contexts such as electronics, consumers prefer opinions from people and not from 

algorithms, as they are perceived as more reliable and authentic. This implies that businesses should consider 

automated marketing solutions as complementary to “human” communication channels rather than rushing 

to replace them. 

From a strategic standpoint, managers ought to keep investing in the development and reinforcement of 

word-of-mouth ecosystems centred on the human element of product recommendations. Specifically, 

promoting and encouraging the publication of reviews and consumer-to-consumer interactions on digital 

platforms (e.g. e-commerce websites, social networks, forums), companies can increase consumer 

engagement and positively influence conversion rates. Being perceived as one of the most reliable, authentic 

and effective forms of advocacy, marketing and brand initiatives should incentivize satisfied customers to 

share their experiences in detail. In fact, in a reality increasingly dominated by automation and where the 

race to generate synthetic and massive artificial content is ever fiercer, human voices become an asset. For 

this reason, companies that successfully keep strong relationships with their consumers, through 

transparency, interaction, and genuine engagement, will experience a competitive advantage. Therefore, 

now, managers should prioritize authenticity over automation, especially when building consumer trust is the 

aim. 

A second critical managerial implication regards the function of perceived risk as a crucial mediator in the 

relationship between information source and purchase decision. The present research demonstrates that e-

WOM’s enhanced efficacy can be traced back to its ability to reduce consumer’s degree of uncertainty. This 

evidence opens new avenues for communication design, particularly for brands operating in industries where 

product complexity, price, or novelty may hinder purchasing decisions due to an excessively prominent level 

of perceived risk. Managers should be aware that, even in utilitarian purchasing contexts, effective 

communication aims to alleviate costumer anxieties and uncertainties in addition to just describing product 

features and benefits. Reporting previous customers’ experiences, highlighting satisfaction rates, integrating 

the possibility of giving real-time feedback, or creating active user communities represent feasible strategies 

that can help remove psychological barriers that slow down or hinder purchases. 

Moreover, the tone and the structure, representing key elements of product-related recommendations, 

directly influence the perception of risk. Watching content generated by real users, especially when it comes 



to reviews accompanied by images, detailed descriptions, and balanced evaluations, has a positive impact on 

a consumer's emotions and thoughts. Despite being quick and logical, AI-generated suggestions often 

struggle to elicit the same level of reassurance and credibility. Therefore, companies should conceive 

communication strategies aiming to reassure consumers and not just inform them, placing consumer-to-

consumer interactions at the heart of brand experiences. 

Going on with the implications, the outcomes of this empirical research invite deep reflection from 

companies that are rapidly integrating generative artificial intelligence into their consumer communication 

processes. Despite the relative advantages of this breakthrough technology, such as important levels of 

personalization, speed, and accuracy, its attractiveness is still heavily hampered by widespread scepticism 

regarding the quality of the outputs offered by artificial information sources. This observation suggests that, 

at least in the short to medium term, AI should be considered as a valuable operational support tool, rather 

than a real replacement of creativity and human intuition. In the same vein, companies should adopt strict 

policies regarding transparency in AI usage, outlining clearly the characteristics and constraints of such 

systems, and incorporate them into hybrid communication and marketing processes that combine human and 

artificial content. 

An effective application of the insights gained from this experimental research could consist in offering, 

within the same e-commerce interface, both ChatGPT-generated recommendations and a curated selection of 

the best human reviews, allowing consumers to choose freely what kind of source to use for product 

information. Hybrid recommendation systems can thereby maximize the perceived reliability of the 

information provided, as consumers will choose the source that they personally consider most accurate. 

Additionally, companies should invest in activities aimed at overcoming barriers to trust in AI, such as 

explainability of outputs, customer education regarding AI efficacy, and the integration of external 

endorsements (e.g., expert evaluations, quality certifications). Only in this way can the full potential of AI be 

exploited without jeopardizing the relation capital that has been established with costumers. 

Another significant implication is related to the need to adapt communication tactics to accommodate 

consumers’ varying levels of trust. Even though younger generations are more inclined to rely on AI, 

because of their greater familiarity with technology, many segments of the population still place greater trust 

in human recommendations. This indicates that trust in artificial intelligence is not a factor that manifests 

itself homogeneously, and that companies should segment their consumer base according to this assumption. 

For this reason, marketing and communication plans should be tailored according to varying degrees of 

consumers’ propensity to trust artificial versus human sources. CRM data and behavioural analytics can help 

identify which users are more likely to trust human-generated reviews and which are more receptive to AI-

mediated suggestions. 



The dynamic customisation of e-commerce product pages, automatically showing more human evaluations 

to users characterized by preference for texts perceived as authentic and real and AI-based suggestions to 

those more oriented toward efficiency could be an effective application of the empirical results of this 

research. In this way, firms can create more adaptable, agile, and high-performing recommendation 

templates. 

4.3. Limitations and future research 

This experimental research yielded interesting theoretical and managerial results, providing a new 

perspective regarding the comparative effectiveness of human (e-WOM) and artificial intelligence-generated 

(ChatGPT) sources in stimulating the intention to purchase electronic products. Besides the insights and 

practical applications, several limitations must be recognised. In addition to reinforcing the interpretative 

rigor of the study, a critical examination of these elements provides fertile ground for future research aimed 

at expanding or refining the proposed model. 

A first significant limitation is represented by the composition of the sample. As a matter of fact, the 

convenience sampling method was used for research purposes, which is based mainly on the participation of 

individuals belonging to the same geographical and cultural context. Although this sampling method 

significantly facilitated the speed and ease of data collection and ensured a certain degree of internal 

consistency, it also limited the external validity of the study. As evidenced by some of the studies mentioned 

in this research, countries may have very different attitudes regarding artificial intelligence, risk perceptions 

in purchasing situations, and trust dynamics due to several factors, including cultural values and degree of 

technological maturity (Peña-García et al., 2020; Christodoulides et al., 2012; Abou-Shouk et al., 2024). For 

the reasons mentioned above, the findings cannot be considered immediately applicable to international 

contexts, particularly in non-Western areas or countries with lower levels of familiarity with digital tools and 

new generation technologies. 

An additional constraint pertains to the heterogeneity of the sample. Although the inclusion of participants 

belonging to all genders and various age groups allowed for a global and diversified view regarding the 

effectiveness of the two sources of recommendation, this diversity may have hidden more subtle and specific 

effects. For instance, many studies have demonstrated that gender is a key variable in shaping psychological 

responses to perceived risk, trust and preference for specific sources of information (Prendergast et al., 2016; 

Doh & Hwang, 2008; Bae & Lee, 2010; Chen et al., 2022; Alizadeh & Kashani, 2024; Islam et al., 2024; 

Sheehan, 1999). Age also represents a crucial factor, as generally, even looking at the empirical results of 

this study, younger people tend to exhibit higher degree of openness, understanding and acceptance of AI 

outputs (Statista, 2023; Chen & Chang, 2018; Alizadeh & Kashani, 2024; Solomovich & Abraham, 2024). 

Having said this, future research could carry out the same research, applied on more homogeneous and 

restricted samples (such as women only, individuals over 50, or exclusively digital natives), to examine 



whether and how these demographic characteristics have a significant impact in determining the perceived 

effectiveness of the information source in bringing closer consumers to buy. 

Moving forward, the experimental design and the nature of the proposed visual stimuli constitute a third 

limitation of the proposed research. Indeed, to ensure comparability, the recommendation messages, whether 

produced by human (e-WOM) or artificial sources (ChatGPT) were presented in a textual form and having 

some features in common, including the tone, length, general layout of the messages and usefulness of the 

content. However, this standardization introduced a certain degree of artificiality, creating visual scenarios 

that are not so similar in digital contexts. In real-world scenarios, consumers are impacted by significant 

contextual factors such as the different content of the recommendation (in turn divided into length, structure 

and accuracy of the review, presence or absence of images), visual interface or the reputation of the 

platform. The absence of these multimodal elements may have simplified the process of both designing and 

responding to the survey, focusing more on the type of recommendation as such rather than on the key 

elements of each. These graphic characteristics, as already mentioned, limited the external validity of the 

simulated context. Future studies could incorporate more realistic digital environments, enriched with visual 

and dynamic stimuli, to better replicate the everyday consumer experience. 

The choice of product category also represents a significant constraint. Consumer electronics is a sector 

typically associated with high cognitive involvement, rational evaluations, high perceived risk, and strong 

attention to information reliability. This may have influenced the interaction with the sources and the 

observed outcomes. It is not guaranteed that the same effects would occur in more emotional, hedonic, or 

impulsive contexts (such as fashion, dining, or tourism) where the dynamics of trust, risk, and credibility 

assume different characteristics. For this reason, it is advisable that future research replicate this study across 

different product categories to test the robustness of the conceptual model in alternative consumption 

contexts. 

Another limitation of the study concerns the fact that the psychological dynamics underlying the perceived 

risk of respondents were not directly measured but rather inferred through mediating variables. Although this 

approach has been based on several research studies in the existing literature, it leaves broad room for future 

research for a more in-depth analysis of the mental mechanisms that generate greater risk perception. In this 

regard, future papers could include more specific metrics related to emotional involvement, social distance, 

perceived warmth, cognitive and affective trust in the source, to discover any unconscious precursors which 

may be correlated to the feeling of risk. In an even more insightful and interesting way, these measurements 

could be made through qualitative tools (interviews, focus groups) or biometric techniques (eye-tracking, 

physiological measurements), to discover prospects which do not emerge from the purely numerical results 

of this research. 



The high impact of the temporal dimension on the empirical findings should also be considered. In fact, the 

experiment offers a snapshot of the current situation, at a time when AI is quickly developing but still 

struggling to be understood, accepted, and more particularly to be considered by the average consumer as a 

reliable information means through which making better informed purchasing choices. At the same time, it is 

plausible that, over time, technological advancements and users' increased familiarity with platforms such as 

ChatGPT will alter perceptions of risk and trust, potentially reversing the scenario inferred from this 

research. It is therefore desirable that future studies track the evolution of AI acceptance and investigate 

whether and how consumer preferences for this revolutionary tool change over time. 

Due to these intrinsic constraints, the present research provides a broad wealth of opportunities to numerous 

avenues for future investigation. A first natural development could be characterized by the emulation of the 

study in other cultural contexts, especially in non-Western markets, to observe how cultural variables such as 

risk aversion, collectivism, or technological maturity influence the relationship between type of information 

source, consumer trust, and behavioural response. 

Secondly, it could represent a noteworthy extension of this paper to consider specific samples, homogeneous 

in terms of age, gender or other socio-demographic variables, to identify any systematic differences in 

psychological reactions. A comparison between digital natives and consumers over 60, or between 

individuals belonging to different income strata, for example, could reveal the existence of demographic 

variables that have a significant impact on the perception of AI and the effectiveness of human 

recommendations. 

Further development for future investigation is offered by the opportunity to conduct research using 

alternative visual stimulus formats. Future studies may use voice-based stimuli, or images of known 

platforms and interfaces, or interactive simulations to assess whether the communication channel affects 

perceived credibility, emotional commitment and purchase intent. This would also allow researchers to 

simulate a more realistic buying scenario that is easier for participants to understand. 

Furthermore, the integration between human sources and AI is undoubtedly a factor that can be deepened to 

further extend the findings of this research. Indeed, rather than analysing them separately and treating them 

as alternatives, future studies could examine hybrid recommendation models. An example of visual stimulus 

might be displaying ChatGPT which synthesizes human reviews or uses them to comment and compare 

them with its results. This more dynamic and comprehensive approach could provide new insights into how 

overlapping and interaction between information sources influence consumers’ purchase intention. For 

example, researchers may find that regarding product recommendations consumers prefer a mix of the two 

diverse sources as they meet unique needs and together generate low levels of uncertainty associated to the 

purchasing process. 



In conclusion, although this research offers a valuable contribution to the existing literature, both from a 

theoretical and managerial point of view, to better figure out the different role of the main sources of 

information available to the contemporary consumer in reducing risk perception and stimulating purchase 

intention, it also leaves open a series of issues which future research could address. Deepening the identified 

limits and developing proposed research scenarios could further enrich the theoretical and practical literature 

landscape, enabling companies to create marketing, communication, CRM and design techniques which are 

effective and attractive in the era of convergence between human and artificial intelligence. 
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