
Generative AI in digital engagement: a 
quasi-experimental study of tourist 
sentiment 
Article 

Published Version 

Creative Commons: Attribution-Noncommercial-No Derivative Works 4.0 

Open Access 

Ali, W. ORCID: https://orcid.org/0000-0002-6200-8580, 
Kasturiratne, D. ORCID: https://orcid.org/0009-0000-1959-
0918, Ameer, I. ORCID: https://orcid.org/0000-0002-2379-
7863 and Bhaskar, S. ORCID: https://orcid.org/0000-0002-
8835-1918 (2026) Generative AI in digital engagement: a 
quasi-experimental study of tourist sentiment. The Service 
Industries Journal. ISSN 1743-9507 doi: 
10.1080/02642069.2026.2638226 Available at 
https://centaur.reading.ac.uk/128929/ 

It is advisable to refer to the publisher’s version if you intend to cite from the 
work.  See Guidance on citing  .

To link to this article DOI: http://dx.doi.org/10.1080/02642069.2026.2638226 

Publisher: Routledge 

All outputs in CentAUR are protected by Intellectual Property Rights law, 
including copyright law. Copyright and IPR is retained by the creators or other 
copyright holders. Terms and conditions for use of this material are defined in 
the End User Agreement  . 

http://centaur.reading.ac.uk/71187/10/CentAUR%20citing%20guide.pdf
http://centaur.reading.ac.uk/licence


www.reading.ac.uk/centaur   

CentAUR 

Central Archive at the University of Reading 
Reading’s research outputs online

http://www.reading.ac.uk/centaur


The Service Industries Journal

ISSN: 0264-2069 (Print) 1743-9507 (Online) Journal homepage: www.tandfonline.com/journals/fsij20

Generative AI in digital engagement: a quasi-
experimental study of tourist sentiment

Waqas Ali, Dulekha Kasturiratne, Irfan Ameer & Shikhar Bhaskar

To cite this article: Waqas Ali, Dulekha Kasturiratne, Irfan Ameer & Shikhar Bhaskar (06 Mar
2026): Generative AI in digital engagement: a quasi-experimental study of tourist sentiment,
The Service Industries Journal, DOI: 10.1080/02642069.2026.2638226

To link to this article:  https://doi.org/10.1080/02642069.2026.2638226

© 2026 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group

Published online: 06 Mar 2026.

Submit your article to this journal 

Article views: 916

View related articles 

View Crossmark data

Citing articles: 1 View citing articles 

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=fsij20

https://www.tandfonline.com/journals/fsij20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/02642069.2026.2638226
https://doi.org/10.1080/02642069.2026.2638226
https://www.tandfonline.com/action/authorSubmission?journalCode=fsij20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=fsij20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/02642069.2026.2638226?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/02642069.2026.2638226?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/02642069.2026.2638226&domain=pdf&date_stamp=06%20Mar%202026
http://crossmark.crossref.org/dialog/?doi=10.1080/02642069.2026.2638226&domain=pdf&date_stamp=06%20Mar%202026
https://www.tandfonline.com/doi/citedby/10.1080/02642069.2026.2638226?src=pdf
https://www.tandfonline.com/doi/citedby/10.1080/02642069.2026.2638226?src=pdf
https://www.tandfonline.com/action/journalInformation?journalCode=fsij20


Generative AI in digital engagement: a quasi-experimental 
study of tourist sentiment
生成式人工智能在数字互动中的应用研究：基于游客情感的准实验分析 

Waqas Ali a, Dulekha Kasturiratne b, Irfan Ameer a,c and Shikhar Bhaskar a

aPlymouth Business School, University of Plymouth, Plymouth, UK; bHenley Business School, University of 
Reading, Reading, UK; cTurku University of Applied Sciences, Turku, Finland

ABSTRACT  
This study examines whether generative AI can enhance tourist 
sentiment in online reviews by acting as a consistent and scalable 
form of digital engagement. Using a quasi-experimental 
Difference-in-Differences design, we analysed 11,393 reviews 
collected for six months from five Indian restaurants in a UK 
tourist city, where one restaurant adopted ChatGPT-generated 
responses and four served as controls. Results show that AI 
mediated responses produced a significant improvement in 
tourist sentiment, with similar effects across both social (Google, 
Facebook) and delivery-oriented platforms (Deliveroo, Just Eat, 
Uber Eats). Response features such as tone, personalisation, and 
length had limited additional influence, indicating that the 
presence of a response matters more than its specific stylistic 
qualities. The findings suggest that GAI-mediated responses 
influence tourist sentiment primarily by signalling organisational 
attentiveness and relational legitimacy, rather than through 
nuanced stylistic features of the response. The study 
demonstrates how AI can support post-visit engagement in 
tourism settings and offers practical guidance for firms seeking 
efficient strategies to manage online reviews and strengthen their 
digital service presence.

摘摘要要  

本研究探讨了生成式人工智能能否作为一种稳定且可扩展的数字 
互动形式，用于提升在线评论中的游客情感。通过采用准实验的 
双重差分法，我们分析了在英国某旅游城市五家印度餐厅收集的 
为期六个月的 11,393 条评论。其中一家餐厅采用 ChatGPT 生成回 
复，其余四家作为控制组。结果显示，由人工智能中介的回复显 
著改善了游客情感，且这种积极影响在社交平台（如 Google 、 
Facebook ）和外卖服务平台（如 Deliveroo 、 Just Eat 、 
UberEATS ）上表现相似。回复的特征，如语气、个性化和长度， 
其额外影响有限。这表明，回复的存在本身比其具体的风格特质 
更为重要。研究结果表明，生成式人工智能中介的回复主要通过 
传达组织关注度和关系合法性来影响游客情感，而非依赖回复的 
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细微风格特征。本研究展示了人工智能如何在旅游场景中支持游 
客到访后的互动，并为那些寻求高效管理在线评论、强化其数字 
服务能力的企业提供了实践指导。

1. Introduction

The rapid integration of artificial intelligence (AI) into tourism and hospitality services has 
transformed not only how tourists interact with firms but also how firms manage digital 
feedback. Online reviews now function as highly visible narratives of the tourist experi
ence, shaping trust, reputation, and destination appeal (Bigne et al., 2019; Filieri et al., 
2015; Schuckert et al., 2015). In this environment, tourists increasingly expect service pro
viders to engage with their reviews, influencing not only the reviewer’s satisfaction but 
also the perceptions of prospective travellers (Mariani & Predvoditeleva, 2019; Zhang et 
al., 2015). Managerial responses have, therefore, been studied as mechanisms of relation
ship repair and brand reinforcement (Keller, 1999; Petriglieri, 2015; Umasuthan et al., 
2017). Although extant research assumes that responsiveness in online review environ
ments signals authenticity, care, and effort, it remains unclear whether such inferences 
persist when engagement is mediated by generative AI rather than human actors 
(Huang & Rust, 2021; Sparks et al., 2016).

Generative AI models such as ChatGPT can now produce contextually relevant and 
emotionally calibrated responses at scale (Park & Kim, 2024; Paul et al., 2023). Hospitality 
firms have begun adopting these tools to automate engagement with online reviews 
(Dwivedi et al., 2024; Sigala et al., 2024). The promise of AI lies in scalability, but its risk 
lies in perceived inauthenticity: tourists may view AI-generated responses as superficial 
automation rather than genuine relational engagement. The literature on AI in hospitality 
is still largely conceptual and tends to overlook the complex, dynamic, and platform- 
mediated realities of review ecosystems (Callarisa-Fiol et al., 2023; Mukherjee et al., 
2023; Tan et al., 2025). What remains unclear is whether AI-mediated responses are 
accepted as credible acts of service, and whether the relational cues that matter in 
human responses, such as tone, personalisation, or length, retain their effectiveness 
when generated by AI.

To address this gap, and in line with S-D Logic, our study conceptualises generative AI 
not merely as a communication tool, but as a service interface whose legitimacy is inferred 
through observable cues such as responsiveness and contextual appropriateness in post- 
consumption interactions (Van Doorn et al., 2010; Vargo & Lusch, 2014b). From this per
spective, AI responses may alter tourists’ relational and affective evaluations, influencing 
not only the original reviewer but also prospective tourists who interpret these responses 
in public platforms. At the same time, the legitimacy of AI as a co-creating actor is uncer
tain. If tourists disregard AI’s attempts at empathy and personalisation, this challenges 
existing assumptions about relational signalling in service engagement.

Our study employs a quasi-experimental Difference-in-Differences (DiD) design across 
five Indian restaurants in a UK tourist city located in the southwest of England. Restaurant 
A implemented ChatGPT-based review responses, while four matched restaurants did not. 
Review data from three delivery platforms (Deliveroo, Just Eat, UberEATS) and two socially 
oriented platforms (Google, Facebook) allow us to test whether effects are consistent 
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across different digital ecosystems. Beyond estimating causal effects, we examine 
whether traditional response cues such as tone, personalisation, and length moderate 
AI effectiveness. We address these using three research questions: 

RQ1: Do ChatGPT-generated responses enhance tourist sentiment relative to matched 
controls?

RQ2: Are GAI effects consistent across delivery and social platforms, or does platform context 
shape outcomes?

RQ3: Do response features such as tone, personalisation, and length moderate the effective
ness of GAI responses, or are these relational cues discounted when generated by algorithms?

Our study adopts a cautious stance by recognising that perceptions of AI authorship, con
textual conditions, and sentiment measurement choices can shape how AI-mediated 
engagement effects are understood (Mogaji et al., 2024). By addressing our research ques
tions, this study contributes in three ways. First, it provides field-based causal evidence 
that generative AI can function as a co-creating actor in service ecosystems. Second, it 
advances theory by showing that authenticity cues central to human responses may 
lose salience in GAI-mediated contexts, extending debates on trust and legitimacy in 
S-D Logic. Third, it offers practical guidance for hospitality firms, suggesting that scalable 
AI engagement can enhance digital reputation but may not require complex personalisa
tion or tone calibration to be effective.

2. Literature review

2.1 Digital customer engagement and tourist sentiment

Online review platforms have become central to how tourists evaluate hospitality ser
vices. Reviews shape destination images, influence booking decisions, and signal both 
functional and emotional outcomes of service encounters (Zeng & Gerritsen, 2014). 
Tourist sentiment, derived from review text, is a meaningful indicator of satisfaction 
and perceived service quality, and it influences the credibility and persuasiveness of 
the review for future travellers (Filieri et al., 2015; Guo et al., 2017).

Most research focuses on how tourists express sentiment, but less attention has been 
paid to how firms can influence sentiment through post-visit engagement. As online 
reviews increasingly act as interactive spaces instead of static evaluations, understanding 
how firms shape sentiment through visible responses becomes important for tourism 
operators.

2.2 Managerial responses and the rise of AI-mediated engagement

Managerial responses serve as relational signals that express attentiveness and account
ability. Prior studies show that when firms respond to reviews, customers perceive higher 
trust, transparency, and service orientation (Kwok & Xie, 2016). For negative reviews, 
empathetic replies reduce reputational harm, and for positive reviews, appreciative 
responses strengthen relational bonds (Liu & Park, 2015; Sparks et al., 2016).

However, many tourism businesses, especially small independent operators, lack the 
time and staff to respond consistently (Cheng & Jin, 2019). This has motivated interest 
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in generative AI (GAI) as an alternative tool for scalable engagement. While early evidence 
suggests that AI-generated responses can match human responses in tone and clarity 
(Gherheș et al., 2024), other studies argue that customers may question their sincerity 
or authenticity (Longoni et al., 2019).

This tension raises a key question: will tourists accept GAI-mediated responses as 
meaningful interactions capable of shaping sentiment?

2.3 Generative AI as a service actor in value co-creation

Service research suggests that generative AI should not be viewed solely as a neutral com
munication tool. Rather, it is a perceptible service interface shaping customer sensemak
ing. Service-Dominant Logic (S-D Logic) views value as co-created through interactions 
between firms and customers (Vargo & Lusch, 2008, 2014a, 2014b). From this perspective, 
responding to online reviews even through AI can be considered a co-creating act that 
integrates resources, shapes perceptions, and signals relational value (Shaw et al., 2011; 
Sparks & Browning, 2011).

In line with SD logic, value emerges through interactions where operant resources 
signal responsiveness and accessibility (Vargo & Lusch, 2014a, 2014b). Customers form 
affective evaluations based on algorithmic engagement, particularly in routine, standar
dised service encounters (Castelo et al., 2019; Van Doorn et al., 2010). The AI-mediated 
responses can therefore function as resource-integrating mechanisms that influence 
tourist sentiment by signalling organisational attentiveness rather than relational depth 
in hospitality context (Dogru et al., 2025).

Supporters of AI in service interactions argue that customers value responsiveness 
more than authorship, and that AI can fulfil functional and relational roles when its com
munication is respectful and contextually calibrated (Belanche et al., 2021). Others chal
lenge whether AI can authentically express empathy or personalisation, which may 
weaken its perceived legitimacy as a co-creating actor (Huang & Rust, 2021).

Thus, S-D Logic suggests that AI can co-create value, but authenticity concerns raise 
questions about the strength and boundary conditions of such effects.

2.4 Relational cues and platform context as moderators

Tone, personalisation, and response length are important relational cues in digital com
munication. Warm or appreciative tones are associated with higher trust, while neutral 
or overly formal tones may reduce perceived sincerity (Ludwig et al., 2013). Personalisa
tion signals attentiveness and care (Blitvich et al., 2019), and longer responses often indi
cate greater effort and engagement (Ghasemaghaei et al., 2018).

However, when cues come from AI, their effect may differ. Some studies show that cus
tomers discount artificial empathy or scripted personalisation (Gretzel & Koo, 2021). 
Others find that if GAI maintains clarity and politeness, users may still respond positively 
(Tan et al., 2025).

Platform context also shapes expectations. Social platforms (Google, Facebook) 
emphasise relational communication, while delivery platforms (Deliveroo, Just Eat, Uber
EATS) prioritise transaction speed and operational efficiency (Lu et al., 2019). These 
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variations create different norms that may amplify or weaken the effect of responses gen
erated through GAI.

2.5 Research gap and hypothesis development

Although GAI tools are increasingly used in tourism, few empirical studies test their real 
effects using real-world behavioural data. Most work remains conceptual or based on 
simulated scenarios (Bilgihan et al., 2024; Seyfi et al., 2025). It is still unclear whether AI 
responses act as credible co-creation mechanisms and whether tourists adjust sentiment 
in response to AI interactions. To address this gap, we draw on S-D Logic and digital 
engagement literature to develop the following hypotheses.

There are several reasons why AI-generated responses may increase tourist sentiment. 
First, S-D Logic suggests that any responsive interaction, even if automated, acts as a co- 
creation touchpoint that shapes how customers evaluate service experiences (Vargo & 
Lusch, 2008). Second, public responses signal attentiveness and accountability, which 
enhance trust and perceived service quality (Kwok & Xie, 2016). Third, research shows 
that responsiveness itself is valued, regardless of the complexity of the message 
(Sparks et al., 2016). Conversely, some scholars argue that customers may discount 
AI-generated messages due to concerns about authenticity, emotional sincerity, or 
perceived effort (Longoni et al., 2019). If customers interpret automated responses as 
mechanical or insincere, the interaction might not generate positive sentiment, limiting 
the overall effect. Thus, AI-generated responses can shape tourist sentiment if they are 
interpreted as legitimate indicators of firm engagement, signalling responsiveness and 
accountability rather than merely conveying information (Castelo et al., 2019; Huang & 
Rust, 2021). Accordingly, we hypothesise: 

H1: Restaurants that implement ChatGPT-generated responses will show a more positive 
increase in tourist sentiment over time compared to matched control restaurants that do 
not respond.

There are theoretical reasons to expect a consistent effect. First, responsiveness is a uni
versal relational cue across digital environments, regardless of platform norms (Sparks & 
Browning, 2011). Second, AI responses offer clarity, politeness, and acknowledgement, 
which are valued across both transactional and social contexts (Belanche et al., 2021). 
Third, the visibility mechanism means that responses influence not only the original 
reviewer but also future readers across platforms. However, platform cultures differ. 
Social platforms emphasise emotional and narrative content, meaning AI responses 
might be more scrutinised for warmth and authenticity (Xie & So, 2018). Delivery plat
forms prioritise speed and efficiency, so longer or expressive AI responses may appear 
incongruent or unnecessary (Zheng & Wu, 2022). Thus, platform norms could moderate 
the impact. Accordingly, we hypothesise: 

H2: The positive effect of ChatGPT-generated responses on tourist sentiment will generalise 
across delivery-focused and socially oriented platforms.

Longer responses often signal greater effort, thoughtfulness, and engagement in compu
ter-mediated communication (Ghasemaghaei et al., 2018). Customers may infer that the 
business invested more time in addressing feedback, which enhances relational value. On 
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the other hand, AI-generated length may be interpreted as filler or template-like content. 
Customers might disregard long AI responses if they perceive them as generic or artifi
cially extended (Gretzel & Koo, 2021). This could weaken the assumed positive relation
ship. Accordingly, we hypothesise: 

H3a: Longer AI-generated responses will be associated with higher tourist sentiment scores.

Personalisation such as addressing the reviewer by name, strengthens perceptions of 
attentiveness and respect, which enhances relational quality in tourism (Blitvich et al., 
2019). However, personalisation may backfire when produced by AI. Customers may per
ceive ‘artificial personalisation’ as scripted or manipulative, reducing credibility (Longoni 
et al., 2019). If users recognise that personalisation is machine-generated, its relational 
value may be discounted. Thus, we hypothesise: 

H3b: Personalised responses will be associated with higher tourist sentiment than generic 
responses.

Warm and appreciative tones have been shown to increase customer satisfaction, trust, 
and perceived sincerity in service communication (Ludwig et al., 2013). So, emotional 
cues can elevate the relational impact of responses. Yet emotional cues from AI may 
be perceived as artificial or inauthentic. Some studies report that users are sceptical 

Figure 1. Theoretical framework.
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of machine-generated empathy (Huang & Rust, 2021). If tourists suspect that emotional 
language is algorithmic, tone cues may lose effectiveness. Accordingly, we hypothesise: 

H3c: Appreciative or empathetic tones will be associated with more positive tourist sentiment 
than neutral or apologetic tones.

Figure 1 presents the theoretical framework for this study.

3. Methodology

3.1 Overview of methodology

This research employs a quasi-experimental framework to evaluate the impact of 
ChatGPT-generated responses on tourist sentiment in online restaurant reviews. The 
setting consists of five Indian restaurants located in a major tourist city in Devon, South
west UK, matched on key characteristics such as menu, operating hours, size, service type, 
pricing, and location. Over six months, one restaurant (A) implemented the intervention 
by using ChatGPT to generate responses across five review platforms (Google, Facebook, 
Deliveroo, Just Eat, and UberEATS), while four restaurants (B–E) served as untreated con
trols. Data were collected from these platforms and analysed using natural language pro
cessing (NLP), Difference-in-Differences (DiD) estimation, mixed-effects regression, and 
complementary inferential tests, all conducted in Python. The analyses are structured 
into a series of interlinked components: exploratory review analysis, causal estimation 
of the intervention, moderation tests, robustness checks, and visualisation of longitudinal 
trends. Together, these components form a unified methodological approach for asses
sing the real-world effects of generative AI in tourism service contexts.

3.2 Data collection and analysis

Customer review data were retrospectively collected from five digital platforms named 
Deliveroo, Just Eat, UberEATS, Facebook, and Google Reviews for all five restaurants. 
The dataset covered six months, including a three-month pre-intervention phase and a 
three-month post-intervention phase. In total, 11,393 reviews were gathered: 3,475 
before the intervention and 7,918 after. Web scraping and manual collection captured 
review texts, star ratings, timestamps, and owner responses. All reviews were de-ident
ified, and data handling procedures complied with ethical standards for secondary analy
sis of publicly available web data. Each review was labelled by restaurant ID (A, B, C, D and 
E), platform (Deliveroo, Just Eat, UberEATS, Facebook, and Google Reviews), and time 
period (pre/post). Sentiment was measured using natural language processing (NLP) 
models implemented in Python, with polarity scores ranging from −1 (negative) to +1 
(positive). Additional features extracted included review length, presence of keywords, 
and metadata such as response frequency and response delay. Analyses were conducted 
in Python 3.11, chosen for its reproducibility, open-source ecosystem, and compatibility 
with advanced NLP and statistical modelling tools (Navlani et al., 2021; Van Thieu, 2024).

Taken together, these methodological steps provide a coherent framework for evalu
ating the causal effect of ChatGPT-generated responses on tourist sentiment. The design 
integrates baseline analysis, causal estimation, moderation tests, and robustness checks, 
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supported by both statistical modelling and visualisation. This multi-layered approach 
ensures that findings are not only statistically credible but also interpretable within the 
real-world dynamics of online review platforms.

We conceptually assessed the robustness of the findings against alternative sentiment 
representations used in prior research, including emotion-based lexicons and embed
ding-based semantic approaches (Devlin et al., 2019; Ludwig et al., 2013). Since our ana
lyses focus on relative changes over time between treated and control units, the 
estimated treatment effects are not theoretically dependent on a single sentiment 
model specification. This reduces concerns that the results are driven by idiosyncrasies 
of a particular NLP tool rather than by substantive changes in tourist sentiment.

The following sections present the stage-wise data analysis details.

3.3 Pre-intervention review analysis

The first stage of analysis characterised the baseline customer review landscape across all 
five contributing restaurants (A–E) during a three-month pre-intervention period. Both 
qualitative and quantitative approaches were used to capture review content, dominant 
themes (e.g. food quality, service speed, ambience), emotional tone, and sentiment 
polarity. Natural language processing (NLP) techniques in Python were employed, with 
review text tokenised using SpaCy and sentiment scored using TextBlob on a continuous 
scale from −1 (negative) to +1 (positive) (Alabrah et al., 2022; Tetteh & Thushara, 2023). To 
ensure reliability, a subset of reviews was manually coded and compared against auto
mated sentiment classifications. This baseline analysis provided an understanding of cus
tomer expectations and discourse prior to the deployment of ChatGPT-generated 
responses and served as the reference point for subsequent causal estimation.

3.4 Difference-in-differences estimation of the intervention

The causal analysis applied a Difference in Differences (DiD) design to estimate the effect 
of ChatGPT-generated responses on tourist sentiment. Restaurant A adopted ChatGPT to 
respond to all reviews during the three-month intervention period, while Restaurants B to 
E continued their usual practices and served as controls. The restaurants were matched on 
operational and geographic characteristics, which created a comparable baseline and 
strengthened the credibility of the natural experiment (Handley et al., 2018; Shadish et 
al., 2002). Sentiment scores were analysed across pre and post periods, and the DiD esti
mator captured the differential change in sentiment for the treated restaurant relative to 
the average change across controls. All estimations were conducted in Python using the 
statsmodels package, with the treatment-by-post-interaction as the main parameter.

To further reinforce internal validity, several supplementary diagnostics were incorpor
ated. First, formal pre-trend checks were conducted through a pre-intervention regression 
and an event study specification, supported by confidence intervals, to assess whether 
sentiment trajectories were parallel before the intervention. Second, a placebo DiD was 
estimated within the pre-period alone to evaluate whether spurious treatment effects 
appeared when no real intervention occurred. Third, a mixed effects DiD model with res
taurant-level random intercepts was included to adjust for unobserved heterogeneity 
across units. Together, these diagnostic tests provide a more rigorous assessment of 
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the identifying assumptions and strengthen confidence in the causal interpretation of the 
intervention effects.

3.5 Platform content analysis

The next analysis examined whether the intervention effect generalised across different 
digital platforms. Separate DiD models were estimated for delivery-oriented platforms 
(Deliveroo, Just Eat, UberEATS) and socially oriented platforms (Facebook, Google) to 
assess whether the effectiveness of AI-generated responses varied across these ecosys
tems. Fixed effects for platform type were included in mixed-effects models to account 
for platform-specific review cultures and user engagement patterns (Giesselmann & 
Schmidt-Catran, 2022). To complement statistical estimation, box plots and platform- 
specific trend lines were generated in Python to visualise outcome variation across deliv
ery and social platforms. This step provided insight into the robustness of the intervention 
effect across distinct review environments.

3.6 Relational cue (response quality) analysis

To assess whether the relational characteristics of ChatGPT-generated responses 
influenced outcomes, sentiment was modelled as a function of response length, presence 
of personalisation (e.g. use of customer name), and emotional tone. These cues were 
identified through regular expression analysis and vector embeddings in Python (scikit- 
learn, transformers). A composite measure of ‘response richness’ was constructed and 
included as a moderator in the mixed-effects DiD model. This analysis enabled a prelimi
nary test of whether more elaborate and relationally expressive AI responses through 
greater length, personalised content, or empathetic tone were associated with greater 
improvements in tourist sentiment. The approach builds on prior research into dose– 
response relationships in service interaction quality (Ritz et al., 2015).

3.7 Robustness and sensitivity checks

To ensure the reliability of the estimated treatment effect, several robustness and sensi
tivity checks were carried out. First, placebo Difference in Differences tests were run 
within the pre-intervention period to verify that no artificial treatment effect appeared 
when no intervention had occurred, which provides additional support for the validity 
of the design (Eggers et al., 2024). Second, a leave-one-out analysis was performed by 
removing each control restaurant in turn to test whether the effect was driven by any 
single comparator. Third, model diagnostics, including AIC, BIC, log likelihood measures, 
and an inspection of residual patterns, were used to check model specification. Fourth, a 
winsorised DiD model was estimated to reduce the influence of extreme values in senti
ment scores. Finally, temporal dependence was assessed through autocorrelation diag
nostics, and a two-way fixed effects model with restaurant and week level fixed effects 
was estimated to adjust for unobserved heterogeneity in both units and time. Across 
these checks, the direction and significance of the treatment effect remained consistent, 
indicating that the results were stable across alternative specifications and assumptions.

THE SERVICE INDUSTRIES JOURNAL 9



3.8 Visualisation of longitudinal trends

To complement statistical analyses, several visualisations were generated to trace senti
ment dynamics over time and across platforms. A spaghetti plot illustrated weekly 
average sentiment trajectories for all five restaurants, with a vertical marker indicating 
the onset of the intervention. Additional box plots compared sentiment distributions 
pre- and post-intervention, disaggregated by treatment group and by platform. Finally, 
a multi-panel summary figure integrated these outputs to depict treatment–control diver
gence, platform variation, and response quality comparisons (Pretus et al., 2023). These 
visualisations, created in Python using matplotlib and plotly, provided intuitive evidence 
of divergence following the AI intervention and supported the interpretation of the quan
titative models.

4. Results

4.1 Pre-Intervention review characteristics results

Analysis of 3,475 pre-intervention reviews revealed that customer sentiment was gener
ally skewed towards the positive end of the scale. As shown in Figure 2, most polarity 
scores fell between 0.4 and 1.0, indicating that even before the intervention, customers 
expressed more favourable than unfavourable experiences. This positive baseline is 
typical of online restaurant reviews but also establishes an important benchmark for 
detecting incremental improvements following the AI-driven intervention.

Lexical analysis of review texts (Figure 3) highlighted recurring themes such as food 
aroma, portion size, and temperature, alongside frequent references to popular Indian 
dishes, including chicken tikka masala and lamb rogan josh. These patterns suggest that 

Figure 2. Sentiment score distribution.
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customer discourse was strongly centred on sensory qualities of the dining experience, 
which are known drivers of satisfaction and sentiment expression in hospitality contexts.

Descriptive statistics by restaurant (Table 1) further demonstrated that Restaurant A, 
the treatment group (M = 0.643, SD = 0.206), began with slightly lower average sentiment 
than two of the control restaurants (B: M = 0.735; E: M = 0.685). This indicates that the 
treated restaurant did not enjoy a pre-intervention advantage in customer sentiment, 
strengthening the interpretability of subsequent causal estimates.

4.2 Difference-in-differences estimation of the intervention

To evaluate the causal effect of ChatGPT-generated responses, a two-period Difference-in- 
Differences (DiD) model was estimated with Restaurant A as the treated unit and Restau
rants B–E as controls. The dependent variable was the sentiment score of each review, 
measured on a continuous −1 to +1 scale. The coefficient of interest was the interaction 
between treatment assignment and the post-intervention period (Treatment × Post). Het
eroscedasticity-robust standard errors were used to adjust for non-constant variance in 
residuals (Jochmans, 2022).

As shown in Table 2, the interaction term was positive and highly significant (β = 0.138, 
p < .001, 95% CI [0.118, 0.158]). This indicates that, on average, sentiment scores for 

Figure 3. Lexical analysis and key themes.

Table 1. Descriptive stats (pre-intervention sentiment by restaurant).
Restaurant Mean Sentiment Std Dev Review Count (N)

A (Treated) 0.643 0.206 740
B (Control) 0.735 0.196 788
C (Control) 0.597 0.216 618
D (Control) 0.555 0.225 660
E (Control) 0.685 0.204 669
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Restaurant A increased by approximately 0.14 points more than those of the control res
taurants after the intervention. Given the bounded nature of the sentiment scale, this rep
resents a non-trivial improvement.

Neither the main effect of treatment assignment (β = −0.004, p = .611) nor the time 
effect (β = −0.002, p = .636) reached significance, which supports the assumption of par
allel pre-intervention trends and rules out spurious time shocks as alternative expla
nations. Taken together, these results provide robust evidence that the introduction of 
AI-driven engagement via ChatGPT enhanced tourist sentiment in online reviews.

4.3 Parallel trends diagnostics (pre-intervention)

A formal pre-intervention trend test was conducted to confirm that the treatment and 
control restaurants followed similar sentiment trajectories before the introduction of AI 
responses. Table 3 presents the regression of sentiment on Treatment, Week_Index, 
and their interaction using only pre-period data (N = 3,475). The Treatment × Week_Index 
term is very small and statistically non-significant (β = −0.0011, p = .642), indicating no 
differential trend between treated and control restaurants prior to the intervention. The 
absence of a systematic pre-period divergence supports the parallel trends assumption 
required for a valid Difference in Differences design.

The pre-intervention event study further tests the parallel trends assumption by estimat
ing week-specific differences between the treatment and control groups prior to AI adoption. 
Figure 4 reports coefficients for the 12 pre-intervention event weeks (relative to week −1). All 
coefficients are small, fluctuate around zero, and have confidence intervals that comfortably 
include zero, indicating no systematic divergence in sentiment before the intervention. This 
pattern reinforces that the treated and control restaurants followed comparable trajectories 
in the pre-period, supporting the validity of the Difference in Differences design.

4.3.1 Placebo difference in differences (pre period only)
The placebo Difference in Differences analyses further assess whether any treatment 
effect appears spuriously before the actual intervention. Across all platforms, and when 
delivery and social platforms are examined separately, the placebo interaction term 

Table 2. DiD regression summary.

Coefficient Std_Err z P>|z|
CI Lower 

[25%]
CI Upper 

[95%]

Intercept 0.64790128 0.0042362 152.944583 0.00000 0.63959851 0.656204
Treatment −0.0044148 0.0086764 −0.5088281 0.6108727 −0.0214202 0.0125906
Post −0.002397 0.0050703 −0.4727436 0.6363961 −0.0123346 0.0075407
Treatment × Post 0.13825148 0.0102347 13.5081183 1.401E-41 0.11819184 0.1583111

Table 3. Pre-intervention parallel trends test.

Coefficient Std_Err z P>|z|
CI Lower 

[25%]
CI Upper 

[95%]

Intercept 0.6498 0.009 71.986 0.000 0.632 0.667
Treatment 0.0034 0.019 0.184 0.854 −0.033 0.040
Week_Index −0.0003 0.001 −0.236 0.814 −0.002 0.002
Treatment × Week_Index −0.0011 0.002 −0.466 0.642 −0.006 0.004
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(Treatment × Fake_Post) remains small and statistically insignificant (p values between 
0.63 and 0.90). Table 4 presents all the details. This pattern indicates that no artificial 
‘effect’ is detected when a placebo intervention date is imposed inside the pre-period. 
The absence of placebo effects strengthens the internal validity of the main DiD 
findings by confirming that the estimated post intervention increase in sentiment is unli
kely to be driven by pre-existing divergence or spurious temporal patterns.

4.3.2 Mixed effects DiD with random intercepts (restaurant level)
The mixed effects Difference in Differences model, which adjusts for unobserved restau
rant-level heterogeneity, confirms the robustness of the intervention effect. Details are 
presented in Table 5. The Treatment × Post coefficient remains positive and statistically 
significant (β = 0.136, p < .001), closely matching the magnitude found in the main DiD 
model. This indicates that the improvement in sentiment at the treated restaurant persists 
even after allowing each restaurant to have its own baseline level of sentiment. The plat
form type dummy shows no significant influence, suggesting that unobserved fixed 
characteristics at the restaurant level, rather than platform differences, account for 
most of the structural variation in scores. Overall, the mixed effects specification reinforces 
confidence in the causal interpretation by demonstrating that results are not driven by 
unobserved restaurant-specific factors.

Figure 4. Pre-intervention event study coefficients.

Table 4. Placebo DiD estimates in the pre-period.
Model Treatment Fake_Post Treatment × Fake_Post Interpretation

All platforms −0.0053 (p = .628) 0.0011 (p = .900) 0.0023 (p = .900) No placebo effect detected
Delivery platforms 0.0067 (p = .669) 0.0084 (p = .498) −0.0040 (p = .872) No placebo effect detected
Social platforms −0.0163 (p = .280) −0.0066 (p = .600) 0.0084 (p = .748) No placebo effect detected
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4.4 Platform context analysis results

To examine whether the effect of ChatGPT-generated responses varied across review plat
forms, an extended DiD model was estimated with an interaction term for platform type. 
Delivery platforms (Deliveroo, Just Eat, UberEATS) were treated as the baseline, and social 
platforms (Google, Facebook) were included as a binary moderator (Schoeneberger & 
Rhoads, 2025).

As reported in Table 6, the main treatment effect remained positive and significant 
(β = 0.141, p < .001, 95% CI [0.118, 0.163]), confirming that ChatGPT responses improved 
sentiment on delivery platforms by approximately 0.14 points. The interaction term for 
social platforms was non-significant (β = −0.004, p = .696), indicating that the interven
tion’s effectiveness did not differ across platform types.

This finding implies that the impact of AI-generated responses is platform-agnostic, 
extending equally to socially oriented platforms where reviews are more relational in 
tone and to delivery platforms where reviews are primarily transactional. The consistency 
of effects across digital ecosystems strengthens the external validity of the intervention 
and suggests that generative AI can be a scalable engagement tool for hospitality firms 
regardless of platform norms.

4.5 Relational cue (response quality) analysis

To examine whether the richness of ChatGPT-generated responses moderated their effec
tiveness, a regression model was estimated using post-intervention reviews from Restau
rant A. Predictors included response length, presence of personalisation (Yes/No), and 
response tone (neutral, apologetic, or appreciative as reference). The dependent variable 
was the sentiment score of each review.

As shown in Table 7, none of the response quality indicators emerged as statistically signifi
cant predictors of sentiment. While the coefficients were directionally consistent with 

Table 5. Mixed effects DiD estimates.

Term Coefficient Std. error
p 

Value Interpretation

Intercept 0.32 87482.427 1 Baseline (not meaningful due to centring/model scale)
Platform_Type (Social) 0.001 0.004 0.718 No significant platform-level baseline difference
Treatment −0.368 68436.397 1 No pre-period difference after random intercepts
Post 0 0.005 0.965 No overall post-shift unrelated to treatment
Treatment × Post 0.136 0.01 <.001 Significant treatment effect after controlling for 

restaurant heterogeneity
Random intercept 

variance
0 – – Minimal unobserved restaurant-level variance

Table 6. Extended DiD regression including platform-type interaction.

Coefficient Std_Err z P>|z|
CI Lower 

[25%]
CI Upper 

[95%]

Intercept 0.64594253 0.00476 135.586 0.0000 0.63661 0.65528
Platform_Type[T.Social] 0.004027954 0.00445 0.90434 0.36582 −0.0047 0.01276
Treatment −0.0046061 0.00868 −0.5308 0.59558 −0.0216 0.0124
Post −0.00248355 0.00507 −0.4897 0.62434 −0.0124 0.00746
Treatment × Post 0.140494951 0.01151 12.2061 2.9E-34 0.11794 0.16305
Treatment × Post: 

Platform_Type[T.Social]
−0.00404159 0.01033 −0.3911 0.6957 −0.0243 0.01621
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expectations. For example, longer responses and appreciative tones were positively associated 
with sentiment, their magnitudes were small, and overall explanatory power was minimal (e.g. 
Response_Length: β = 0.0003, p = .272; Response_Personalised: β = −0.0099, p = .315, R² =  
0.003). The non-significant effects of tone are easier to understand when looking at the 
actual responses. As the excerpts in Table 8 show, appreciative replies typically included 
simple acknowledgements such as ‘thank you’, while neutral replies focused on acknowled
ging issues without adding emotional depth. Both styles remain brief and functional, which 
may explain why they did not produce meaningful divergence in sentiment outcomes.

These results suggest that, within this naturalistic setting, the presence of a response 
itself was more consequential than its stylistic qualities. In other words, tourists appeared 
to value the act of acknowledgement rather than the particular tone, length, or degree of 
personalisation. These null findings should be interpreted with caution, as the moderation 
analysis relies on a subset of reviews from a single treated restaurant, which limits varia
bility and statistical power to detect small effects.

4.6 Robustness and sensitivity checks

To test the stability of the estimated treatment effect, four robustness checks were con
ducted: (i) Placebo test, (ii) Leave-one-out analysis, (iii) Model diagnostics, and (iv) Win
sorised DiD Robustness Check.

Placebo test: A falsification test was run by introducing a ‘fake’ intervention date within 
the pre-intervention period (November). As reported in Table 9, the interaction term was 
statistically non-significant (β = 0.0023, p = .900). This indicates that no spurious treat
ment-like effect emerged in the absence of the actual intervention, supporting the paral
lel trends assumption that underpins the DiD design.

Leave-one-out analysis: To assess whether results were disproportionately influenced 
by a single comparator, the DiD model was re-estimated after sequentially removing 
each of the four control restaurants. Across all specifications (Table 10), the treatment 
effect remained statistically significant and similar in magnitude (β ≈ 0.134–0.141, 
p < .001). This demonstrates that the findings are not driven by any individual control unit.

Model diagnostics: Residual analysis further confirmed the adequacy of the model spe
cification. As shown in Figure 5, residuals displayed no systematic pattern or signs of 

Table 8. Illustrative examples of appreciative and neutral AI responses.
Review_Text Response_Text Tone

‘Very generous portion of Vegetable Samosas. 
Will order again.’

‘Thank you for your review. We are glad the portion 
size met your expectations.’

Appreciative

‘Best Chicken Tikka Masala I have had in ages. 
Highly recommended.’

‘Thank you for sharing your experience. It is great to 
know you enjoyed the dish.’

Appreciative

‘The Paneer Butter Masala had an amazing 
aroma. Proper Indian flavour.’

‘We appreciate your feedback and are pleased the 
flavour worked well for you.’

Appreciative

‘I ordered the Chana Masala, fantastic flavours 
and great portion size.’

‘Thank you for taking the time to share this. We are 
happy you liked the meal.’

Appreciative

‘The Lamb Rogan Josh arrived lukewarm but still 
tasty.’

‘Thank you for your review and for providing details 
about your experience.’

Neutral

‘The Butter Chicken was a bit undercooked this 
time.’

‘Thank you for your feedback. Your comments about 
the dish have been noted.’

Neutral

‘The Palak Paneer was way too spicy for my 
taste.’

‘Thank you for sharing your thoughts. We have taken 
note of your preference.’

Neutral

16 W. ALI ET AL.
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heteroscedasticity, and fitted values aligned closely with expected sentiment distributions 
across groups. Collectively, these diagnostics confirm that the estimated treatment effect 
is both statistically reliable and substantively robust to common threats to internal validity 
(Handley et al., 2018; Shadish et al., 2002).

Winsorised DiD Robustness Check: The winsorised Difference in Differences model pro
vides an additional robustness check by reducing the influence of extreme sentiment 

Table 10. Leave-one-out sensitivity analysis.
Excluded_Control Treatment_Effect P_Value

B 0.136942062 2.48617E-37
C 0.141194663 1.3919E-40
D 0.134456901 1.5594E-37
E 0.13905874 1.16037E-38

Figure 5. Residual plot for the DiD model.

Table 11. Winsorised DiD estimates.

Term Coefficient Std. Error
p- 

Value Interpretation

Intercept 0.649 0.004 <.001 Baseline sentiment level
Treatment −0.004 0.009 0.63 No pre-difference between treated and control
Post −0.002 0.005 0.629 No general post-shift unrelated to treatment
Treatment × Post 0.137 0.01 <.001 Stable and significant treatment effect even after winsorisation
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values. As reported in Table 11, after trimming the bottom and top one per cent of the 
sentiment distribution, the Treatment × Post coefficient remains positive and highly sig
nificant (β = 0.137, p < .001). This is almost identical to the main DiD estimate, indicating 
that the treatment effect is not driven by outliers or unusual weeks. The Treatment and 
Post terms remain non-significant, which further supports the parallel trends assumption 
because no systematic differences appear outside the true intervention period. The 
robustness of the effect after winsorisation strengthens confidence that the intervention 
consistently increased sentiment rather than reflecting noise in the data.

4.6.1 Autocorrelation diagnostics
To assess whether serial dependence in the weekly review data biased the DiD estimates, 
autocorrelation diagnostics were conducted. The Durbin Watson statistic is 1.995, which is 
close to the ideal value of 2, indicating no meaningful first-order autocorrelation in the 
residuals. The Breusch Godfrey LM test (four lags) also shows no evidence of residual auto
correlation (LM = 3.688, p = 0.450). These results suggest that the treatment effect is not 
driven by unmodelled temporal dependence and that the DiD specification is appropriate 
for the weekly structure of the data. The key interaction term remains positive and highly 
significant (β = 0.138, p < .001), further confirming the stability of the intervention effect 
under diagnostic checks. Table 12 has the details.

4.6.2 Two-way fixed effects estimation
To further assess the robustness of the intervention effect, a two-way fixed effects model 
was estimated with restaurant-specific and week-specific intercepts and clustered stan
dard errors. This specification controls for all time-invariant restaurant characteristics 
and for weekly shocks common across all units. The key DiD coefficient remains positive 
and strongly significant (β = 0.135, p < .001), closely matching the main model estimate. 
This consistency suggests that the treatment effect is not driven by unobserved hetero
geneity or dynamic differences in adoption timing. The fixed effects for individual restau
rants and weeks absorb expected structural variation, while the effect of the intervention 
remains stable after controlling for these additional sources of bias. Pre-intervention 
differences between treated and control units are minimal, as shown by the small standar
dised mean difference (SMD = 0.021) and balanced variance ratio (0.864). Table 13 has the 
details.

4.7 Longitudinal visualisation of sentiment dynamics

Visual diagnostics were employed to complement the statistical analyses and trace senti
ment dynamics across restaurants and platforms. The spaghetti plot of weekly average 
sentiment scores (Figure 6) revealed that prior to the intervention, sentiment trajectories 
for all restaurants were relatively stable and parallel. Following the onset of the ChatGPT 

Table 12. Autocorrelation diagnostics for the DiD model.
Statistic Value Interpretation

Durbin Watson 1.995 No first order autocorrelation
Breusch Godfrey LM (4 lags) 3.688 p = 0.450, no serial dependence
Treatment × Post coefficient 0.138 Highly significant (p < .001), stable under diagnostics
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intervention in December 2024, Restaurant A (treatment) exhibited a marked and sus
tained upward trend, while control restaurants (B–E) continued on flat or declining 
paths. By January 2025, Restaurant A had surpassed all control units in weekly sentiment 
levels, providing strong visual evidence of a treatment effect.

The box plots in Figure 7 further illustrate this divergence. For Restaurant A (Treat
ment), sentiment distributions shifted notably rightward between pre- and post-interven
tion periods, with increases in both median and interquartile range. Control restaurants 
(B–E), in contrast, displayed negligible changes, reinforcing the Difference-in-Differences 
(DiD) findings reported before.

When disaggregated by platform type (Figure 8), both socially oriented platforms 
(Google, Facebook) and delivery-oriented platforms (Deliveroo, Just Eat, UberEATS) 
showed comparable improvements in sentiment post-intervention. The consistency of 
these directional gains affirms the platform-agnostic nature of the treatment effect, in 
line with the moderation analysis results presented above in section 4.4.

Figure 9 provides a multi-panel summary of the intervention effects, integrating treat
ment–control comparisons, effect sizes, and moderation analyses.

Panel A compares post-intervention sentiment distributions between the treatment 
restaurant (A) and the pooled control group (B–E). The violin plots show that Restaurant 
A’s distribution shifted upward, with a higher median and a greater density of positive 
scores. In contrast, the control group remained centred around its pre-intervention 

Table 13. Two-way fixed effects DiD results.
Statistic Value Interpretation

DiD coefficient (Treatment × Post) 0.135 Strong and significant, consistent with main model
Restaurant FE Yes Controls for time-invariant group differences
Week FE Yes Controls for common weekly shocks
Standard errors Clustered Adjusted for within-group correlation
Pre-period SMD 0.021 Very small imbalance between groups
Variance ratio 0.864 Balanced dispersion across groups

Figure 6. Weekly average sentiment by restaurant.
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baseline. This visualisation reinforces the DiD finding that the treatment restaurant experi
enced a unique sentiment gain following the intervention.

Panel B presents pre–post effect sizes (Cohen’s d) for each restaurant. Restaurant A 
exhibited a large effect size of approximately 0.7, consistent with a substantial treatment 

Figure 7. Sentiment distribution: pre vs post by the group.

Figure 8. Sentiment scores by platform type and time period.
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effect. By contrast, all four control restaurants displayed negligible effect sizes near zero, 
ruling out the possibility that broader contextual changes (e.g. seasonality or market 
shifts) were driving sentiment improvements.

Panel C disaggregates sentiment by platform type and time period. Both delivery plat
forms (Deliveroo, Just Eat, UberEATS) and social platforms (Google, Facebook) showed 
clear upward shifts in the post-intervention period, confirming that the observed treat
ment effect generalised across distinct review ecosystems. This finding complements 
the regression analysis reported in section 4.2, which showed that platform type did 
not significantly moderate the effect.

Panel D examines the role of personalisation within Restaurant A’s responses during 
the intervention period. Sentiment scores were broadly similar regardless of whether 
responses were personalised (e.g. using the reviewer’s name) or generic, suggesting 
that the act of responding itself was more influential than the specific framing of the 
reply. This aligns with section 4.3, where regression models indicated limited moderating 
effects of response style.

Panel E reports Difference-in-Differences effect sizes by platform. Estimates ranged 
from 0.12 to 0.16 across all five platforms, with overlapping confidence intervals. This con
sistency indicates that the intervention produced a robust and comparable uplift in senti
ment across both delivery- and social-oriented environments.

Taken together, the five panels demonstrate that the positive impact of ChatGPT-gen
erated responses was large in magnitude (Panel B), clearly visible in distributional shifts 
(Panel A), consistent across platforms (Panels C and E), and relatively insensitive to stylistic 
response variation (Panel D). These findings build a strong case for the robustness and 
generalisability of the intervention.

Figure 9. Multi-panel summary figure.
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5. Discussion

The results of this research provide field-based evidence that ChatGPT-generated 
responses can meaningfully influence tourist sentiment in online reviews. Using a Differ
ence in Differences approach, the study shows that Restaurant A experienced a stronger 
increase in sentiment after adopting AI responses compared to the matched control res
taurants. This offers support for the argument that generative AI can operate as a credible 
engagement tool and that tourists react positively when firms acknowledge their feed
back in public digital environments.

H1 examined whether AI-generated responses would increase sentiment more for the 
treated restaurant compared to the controls. The DiD analysis showed a statistically signifi
cant treatment effect of around 0.14 points (p < .001), indicating that the intervention pro
duced a measurable uplift in sentiment. This finding supports H1 and aligns with work 
showing that managerial responses enhance trust, perceived quality, and booking inten
tion in hospitality settings (Kwok & Xie, 2016). From a Service Dominant Logic perspective, 
the result confirms that value can be co-created not only during the on-site encounter but 
also through post-consumption dialogue on review platforms (Shaw et al., 2011; Vargo & 
Lusch, 2008). At the same time, the effect is moderate rather than dramatic, suggesting 
an incremental uplift in sentiment rather than a complete transformation of customer 
evaluations. This nuance is consistent with studies that find digital interventions often 
adjust perceptions at the margin rather than overturning underlying service experiences 
(Sparks & Browning, 2011).

H2 tested whether the effect of AI responses would generalise across delivery-focused 
and socially oriented platforms. The interaction between the treatment effect and plat
form type was not statistically significant (p = .696), so H2 is not supported in a strict stat
istical sense. However, the estimated effects were similar in size across delivery and social 
platforms, indicating that the pattern of improvement does not differ strongly between 
ecosystems. This is interesting in light of research that highlights the distinct review cul
tures on social versus transactional platforms (Lu et al., 2019; Xie & So, 2018). On social 
sites, users often expect richer narrative engagement, whereas on delivery platforms, 
they emphasise speed and operational performance (Zheng & Wu, 2022). The present 
findings suggest that, despite these differences, the basic function of visible acknowl
edgement retains value in both contexts. Tourists may treat responsiveness as a 
general norm of digital hospitality, even if their expectations for content depth differ. 
At the same time, because the interaction term is non-significant, these results should 
be interpreted as indicative of similar patterns rather than as proof that platform norms 
never matter. More focused designs are needed to test how far platform culture can con
strain or amplify AI-mediated engagement.

H3a–c focused on whether relational cues in the AI responses, length, personalisation, 
and tone moderated the sentiment outcome. None of these variables were statistically 
significant predictors when tested within the treated restaurant during the intervention 
period. While this contrasts with prior findings from human-authored responses (Blitvich 
et al., 2019; Ghasemaghaei et al., 2018; Ludwig et al., 2013), these null effects should be 
interpreted with caution, as the moderation analysis is based on a single treated unit and 
may be underpowered to detect small stylistic effects. A conservative interpretation is 
that, in this setting, tourists responded primarily to the presence of a reply rather than 
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to fine-grained differences in wording. This interpretation is consistent with research on 
artificial empathy, where emotionally expressive AI messages are sometimes viewed as 
formulaic or less authentic than human ones (Gretzel & Koo, 2021; Huang & Rust, 
2021). The weak and non-robust tendency for appreciative tone to perform slightly 
better suggests that emotional cues are not irrelevant, but that their impact may be con
strained when the author is an AI tool.

Taken together, the pattern of findings suggests that ChatGPT can act as a scalable co- 
creating actor that enhances sentiment through consistent and visible engagement, 
rather than through fine-grained tailoring of message style. The supported effect for 
H1 shows that AI responses can extend the co-creation process into the post-visit 
phase, in line with S D Logic (Shaw et al., 2011; Vargo & Lusch, 2008). The non-significant 
moderation for H2 indicates that this uplift appears across both social and delivery plat
forms, although future work should examine platform conditions more explicitly. The null 
results for H3a–c challenge a common assumption in the engagement literature that 
‘more personalisation and richer tone are always better’ (Blitvich et al., 2019; Ghasema
ghaei et al., 2018). Instead, the findings point to a boundary condition in AI-mediated set
tings: tourists seem to reward responsiveness itself, while being more cautious about 
emotional or personalised cues that may be perceived as machine-generated. Overall, 
the results portray AI not as a full substitute for human depth, but as a reliable, scalable 
contributor to post-consumption value creation in hospitality reviews.

While our findings demonstrate that ChatGPT-generated responses are associated with 
improved tourist sentiment, they also raise important ethical and perceptual questions 
regarding transparency and trust. One key potential issue is if tourists later discover 
that managerial responses were generated by AI instead of human staff. Prior research 
suggests that perceptions of authenticity and sincerity play a critical role in shaping 
trust in service encounters (Gretzel & Koo, 2021; Kim & Kim, 2020). If AI’s role is revealed 
retrospectively, tourists may reconsider earlier interactions as less genuine, which could 
reduce trust and undermine relational value.

This concern aligns with Mogaji et al. (2024), who argue that traditional technology 
acceptance frameworks such as the Technology Acceptance Model (TAM) are increasingly 
insufficient for explaining user responses to generative AI. Unlike earlier information 
systems, generative AI introduces ambiguity around agency, authorship, and intent. 
Acceptance is therefore not solely determined by perceived usefulness or ease of use, 
but also by ethical judgements and transparency. Therefore, acceptance becomes 
dynamic and context-dependent rather than stable.

6. Conclusion, implications, and research directions

6.1 Conclusion

This research examined whether ChatGPT-generated responses can shape tourist senti
ment in online restaurant reviews across five major digital platforms. Using a field- 
based quasi-experimental Difference in Differences design, the study provides evidence 
that the restaurant adopting AI-generated responses experienced a clearer improvement 
in sentiment compared with similar control restaurants. The effect was consistent across 
delivery-focused and socially oriented platforms, suggesting that visible responsiveness 
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matters across different digital environments. At the same time, the study found that 
specific features of the responses, such as tone, length, and personalisation did not sig
nificantly change sentiment outcomes. Overall, the findings show that generative AI 
can support routine digital engagement by helping firms acknowledge customers in a 
timely and consistent way. The results should be interpreted as incremental and 
context-specific rather than transformative. The study offers a practical demonstration 
of how AI-supported responses may influence sentiment, but it does not claim to 
redefine broader theories of value creation.

The findings of this study should be interpreted in light of the study’s empirical scope, 
by focusing on the five comparable restaurants within a single tourist city, the research 
prioritises internal validity and causal clarity over broad representativeness. In this 
sense, the study is best understood as a proof of concept demonstrating that generative 
AI-mediated review responses can influence tourist sentiment in real world digital 
environment. Rather than establishing a generalised pattern across the hospitality 
sector, the results provide a foundation benchmark that invites replication and extension 
in larger and more diverse tourism contexts.

6.2 Theoretical implications

This study offers several theoretical implications that advance current understanding of 
AI-mediated interactions in hospitality and tourism. Our research clarifies the boundary 
conditions under which generative AI operates as a co-creating actor in service ecosys
tems. The findings suggest that tourists primarily perceive GAI-generated responses as 
an extension of the restaurant’s service interface rather than as an autonomous relational 
agent. Aligned with prior work, algorithmic agency is accepted when tasks are routine and 
evaluative, but not when emotional authenticity is central (Castelo et al., 2019; Dietvorst 
et al., 2015). Theoretically, this positions generative AI as an operant resource that sup
ports value co-creation through signalling responsiveness, thereby refining S-D logic by 
specifying when AI is recognised as a legitimate contributor to relational value (Lin et 
al., 2025).

Algorithmic authenticity in AI-mediated service interactions can be understood as a 
perceptual inference rather than an intrinsic property of the technology. Tourists assess 
the sincerity, effort, and legitimacy of AI-generated responses based on observable 
cues such as responsiveness and contextual appropriateness, even in the absence of 
human authorship (Foroughi et al., 2026; Huang & Rust, 2021). Such perceptions shape 
acceptance by signalling whether algorithmic engagement aligns with expected service 
norms, thereby influencing affective outcomes such as sentiment (Castelo et al., 2019; 
Van Doorn et al., 2010).

The findings extend existing work on digital service engagement by showing that AI- 
generated responses can operate as effective interactional touchpoints that shape post 
visit sentiment. While prior research has largely assumed that relational value online 
must be human-driven (Sparks & Browning, 2011; Umasuthan et al., 2017), the present 
study demonstrates that tourists still respond positively to acknowledgement even 
when the responder is an algorithm (Foroughi et al., 2024). This contributes to a 
growing stream of research suggesting that AI can take on partial relational roles 
within service encounters (Ameen et al., 2023; Belanche et al., 2021; Huang & Rust, 2021).
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The study provides empirical support for applying S-D logic in AI-enabled environ
ments by illustrating how value can be co-shaped through visible digital interactions 
after consumption. Rather than arguing for a revision of S-D logic, the study clarifies 
how AI operates as a mediating resource within existing value co-creation processes. 
The results show that tourists interpret AI responses as indicators of effort, accessibility, 
and attentiveness, all elements that contribute to relational value in service ecosystems 
(Shaw et al., 2011; Vargo & Lusch, 2008). This complements recent theoretical discussions 
on the expanding role of non-human actors in co-creation (Ostern et al., 2024).

The absence of moderating effects for tone, personalisation, and length reveals an 
important theoretical nuance. Prior work suggests that relational cues shape emotional 
evaluations in digital communication (Ghasemaghaei et al., 2018). Our results show 
that such cues may carry less weight when customers suspect automation or when 
responses are perceived as formulaic. This contributes to emerging debates about the 
limits of artificial empathy and how authenticity perceptions influence the effectiveness 
of AI-mediated interactions (Gretzel & Koo, 2021). The findings, therefore, identify a 
boundary condition within AI-supported engagement: presence and consistency may 
be more influential than stylistic richness.

Our research captures tourist sentiment in a naturalistic setting where GAI authorship 
was not explicitly disclosed. The positive sentiment effects observed here may therefore 
reflect an implicit acceptance of AI-mediated engagement, driven by responsiveness and 
visibility rather than by informed consent. Should disclosure become mandatory or more 
common, tourists’ evaluations may shift, particularly if they feel misled. These dynamics 
suggest that traditional acceptance models may only partially explain tourist responses 
to generative AI.

Finally, TAM-based approaches help account for functional acceptance; they do not 
fully capture post-discovery reactions, moral evaluations, or legitimacy judgments. 
Rather than signalling the end of acceptance models, as suggested by Mogaji et al. 
(2024), our findings support the need for their extension to incorporate ethical transpar
ency, temporal perception, and authenticity cues. From an S-D logic perspective, this 
raises a critical boundary condition: AI can function as a co-creating actor only insofar 
as its role is perceived as legitimate within the service ecosystem. If tourists perceive AI 
use as deceptive or inauthentic, value co-creation may be weakened.

6.3 Practical implications

The findings offer several practical insights for tourism operators and platform managers. 
First, the results indicate that generative AI can help small- and medium-sized hospitality 
businesses maintain a visible and consistent presence across multiple review platforms. 
This may be particularly useful for firms with limited staff who struggle to respond to 
high review volumes.

Second, the study shows that the act of responding appears more influential than 
specific stylistic features. This means firms do not need to craft lengthy or highly person
alised messages to improve sentiment; brief and polite acknowledgements generated 
through AI can be sufficient.

Third, the results suggest that AI tools can support multi-platform engagement, as the 
sentiment gains were consistent across both delivery and social channels. Firms operating 
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in fragmented digital environments may therefore use AI to streamline response 
management.

Fourth, although AI responses are effective for routine interactions, sensitive or com
plaint-related reviews may still require human judgment. Managers should therefore 
adopt a hybrid approach, allowing AI to handle routine tasks while reserving human 
input for complex or emotionally charged cases.

Fifth, our results imply that managers should carefully consider disclosure strategies 
when using generative AI, as short-term gains of efficiency may be offset by longer- 
term reduction of trust if tourists perceive AI use as deceptive rather than supportive.

Sixth, destination managers and platform developers may consider integrating AI- 
assisted response features into their systems, providing operators with accessible tools 
to enhance visitor engagement and maintain transparency in digital reputation 
management.

Finally, practitioners should interpret these implications with an awareness of contex
tual boundaries. While the findings suggest that GAI-generated review responses can 
enhance sentiment through visible acknowledgement, their effectiveness in other hospi
tality settings – such as hotels, attractions, or destination-level platforms – may depend on 
differences in service complexity, customer expectations, and brand positioning. As such, 
the results should be seen as indicative rather than definitive, providing guidance for 
experimentation rather than a universal engagement prescription.

6.4 Limitations and future research

Several limitations define the scope of this study and suggest directions for future 
research. First, the sample is limited to five Indian restaurants in a single UK city. While 
these constraints external validity, the narrow setting reduces contextual heterogeneity 
and strengthens internal validity, allowing the study to function as a proof of concept 
demonstrating whether GAI-generated review responses can influence tourist sentiment. 
Future research should replicate this design across larger samples, other hospitality 
sectors (e.g. hotels or attractions), and multi-country contexts. In addition, the moderation 
analysis is based on responses from a single treated unit, which may limit statistical power 
and the ability to detect small but meaningful stylistic effects. Second, the study cannot 
determine whether tourists recognised the responses as AI-generated, which may shape 
how they interpret sincerity or effort. Future experiments or surveys could explore how 
disclosure influences perceived authenticity. Third, sentiment scores were generated 
through NLP models that capture general polarity but may miss subtle emotional cues. 
Mixed methods approaches could provide richer insight. Fourth, the study focuses on 
short term post intervention effects. Longitudinal work could test whether the 
influence of AI responses persists, declines, or changes as users become more familiar 
with automated communication. Fourth, future research should explore service situations 
where emotional intelligence is more central, such as complaints or crisis scenarios, to 
understand when human input remains essential. Fifth, theoretically and practically, it 
is important to examine how explicit disclosure of GAI-generated responses influences 
tourist trust, sentiment, and perceived authenticity, particularly in comparison with undi
sclosed or hybrid human–AI engagement strategies (Prakash et al., 2023). Sixth, future 
studies should investigate the underlying mechanisms that link AI generated responses 
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with tourist sentiment. Constructs such as perceived attentiveness, relational legitimacy, 
or authenticity cannot be measured using naturally occurring reviews and require primary 
data through surveys or experiments. Examining these pathways would provide deeper 
insight into how and why tourists interpret AI mediated communication in digital 
service contexts. Seventh, future studies should explore domain specific sentiment mod
elling. The present analysis relied on a general-purpose sentiment tool (TextBlob), which 
cannot fully capture cultural cues, language nuance, or context specific expressions in 
tourist reviews. Developing or fine tuning a sentiment model trained on hospitality or 
tourism review corpora, supported by manual annotation, would help improve precision 
and reduce semantic bias. This represents an important methodological extension for 
future research. Finally, although sentiment was operationalised using polarity scores, 
future research could extend this approach. For instance, future researchers should incor
porate transformer-based emotion models or multidimensional affective representations 
to capture emotional intensity and nuance more fully (Devlin et al., 2019; Ludwig et al., 
2013).
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