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Abstract
This study explores the scope of NWOM research using bibliometric analysis to guide future research direction. 
The researcher followed a systematic data analysis procedure, which resulted in 553 articles after applying the pre-
defined research string. Bibliometric coupling and keyword analysis were used to get a comprehensive overview 
of the current state of the NWOM domain. The researcher used Vos-viewer and R Studio for data analysis and 
visualisation. The results highlight the most influential authors, journals, nations, and organisations in the field of 
NWOM. The chronological publication trend shows a significant increment after 2020 in the domain of NWOM. 
Findings show that the USA ranks first among countries publishing the highest number of articles in this domain. 
Keyword analysis provides a roadmap for future research. This study will provide helpful insight to academics and 
marketers and will also help marketers make important decisions regarding brand management.
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Introduction

Word of mouth has long been known as a powerful 
driver that shapes brand perception from the consumer 
perspective. Over a few decades, word of mouth has 
been widely studied online and offline (Mirbabaie 
et al., 2023). The commercialisation of social media 
has created a feedback loop among customers and 
entrepreneurs (Mirbabaie et al., 2023). When customers’ 
expectations are unmet, dissatisfied customers resort 
to negative word-of-mouth communication (Barber et 
al., 2011; Romani et al., 2012). Research shows that 
unsatisfied customers are more likely to respond to 
negative word of mouth than those who complain about 
a company (Ferguson & Johnston, 2011). Two types 
of negative communication have been identified in the 
market literature. One is “private complaining”, and 
the other one is “public complaining” (Christodoulides 
et al., 2012; Presi et al., 2014; Nguyen, 2021). Private 

complaints involve negative discussions about a 
brand with family and friends (Zeithaml et al., 1996; 
Fetscherin, 2019). Public complaints occur mainly 
through social media platforms such as social networks 
or websites (Fetscherin, 2019). Negative word of 
mouth often significantly impacts the consumer more 
than online complaints (Curina et al., 2020). 

The existing literature has focused on the word of mouth 
and electronic word of mouth without differentiating 
between positive and negative aspects. The overlap 
between word of mouth and negative word of mouth 
has created ambiguities, raising questions such as: Is 
NWOM distinctive enough to be considered a separate 
theme? What are the significant themes of negative 
word-of-mouth studies, intellectual structure, and 
research groups? 

The study addresses this gap by conducting a 
comprehensive bibliometric analysis of NWOM 
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research, examining these trends, patterns, and 
intellectual structures. This study identifies the most 
influential authors using the bibliometric mapping 
technique. Institutions, journals and countries 
contributing to negative word-of-mouth research. The 
study contributes in three ways: Firstly, it provides 
theoretical insights into how NWOM has been 
conceptualised and operationalised and gives direction 
regarding less explored areas and opportunities 
for future research. Thirdly, it provides managerial 
relevance by demonstrating how understanding the 
NWOM can help companies design more effective 
crisis management strategies.

The following research questions have been developed 
to examine the intellectual structure and emerging 
trends in this area:

Research Questions

•	 RQ 1: What are the publication trends of research 
on negative word of mouth over the specified 
period?

•	 RQ2: Who are the most influential authors in the 
field of NWOM?

•	 RQ3: What are the most contributing journals in 
the field of NWOM?

•	 RQ3: What are the countries contributing the most 
to the domain of NWOM?

•	 RQ4: What are the most cited articles in the domain 
of NWOM?

•	 RQ5: Which institutions are leading in NWOM 
research?

•	 RQ6: What are the key relationships between the 
most contributing country, research theme and 
leading journal?

•	 RQ7: What are the most frequently occurring 
keywords in NWOM research?

Theoretical Background

The concept of word-of-mouth marketing has evolved 
dramatically over the years. With the mass adoption 
of the Internet and social networking sites, word of 
mouth’s impact has intensified. Marketing word of 
mouth dates back to the 1970s when psychologist 
George Silverman led teleconferenced peer-influenced 
groups to shape opinions about pharmaceutical products 
(Scott, 2023). Harrison‐Walker (2001) defines word of 

mouth as informal person-to-person communication 
concerning organisations, products, and services.

Richin (1983) described how dynamic interpersonal 
communication among consumers contributes to 
generating “negative word of mouth”. In the era of Web 
2.0, “negative word of mouth” can severely damage 
a company’s “brand reputation”, primarily due to its 
rapid dissemination on “social media” (Cassidy et al., 
2021).

Methodology

The data used in this study were obtained from the 
Scopus database on 15 January 2025. The Scopus 
database provides comprehensive information and 
broader coverage than other databases, making it 
more convenient for practical use. The performance 
indicators provided by the Scopus database are better 
than those of the Web of Science (Pranckutė, 2021; 
Ejaz et al., 2022). This systematic literature review 
follows a straightforward approach to collecting data 
from multiple databases (Jain et al., 2021).

Recently, bibliometric analysis gained popularity 
for evaluating scientific output (Donthu et al., 2021; 
Jain et al., 2021; Batra et al., 2022). This analysis 
quantitatively examines the content and identifies 
leading authors, articles, and journals in the domain 
of NWOM. It consists of two major components: (i) 
performance analysis, and (ii) scientific mapping, 
which work together to form the bibliometric analysis.

Defining Search Terms

A precise and clear methodology should be employed 
for “bibliometric analysis” (Khatib et al., 2021; Batra et 
al., 2022). The initial search for the sample extraction 
was conducted on December 25, 2025. The researcher 
selected keywords after reviewing the existing 
literature. Based on this review, the chosen keywords 
were (“Negative word of mouth” OR “NWOM”). 

Screening and Selection Procedure

“Web of Science” and “Scopus” are widely recognised 
databases in academic literature. Scopus is considered 
a more comprehensive database compared to Web of 
Science (Farooq, 2022; Kumar et al., 2021; Zainuldin 
and Lui, 2021; Batra et al., 2022; Pranckutė, 2021; 
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Farooq, 2022). Therefore, the researcher selected the 
Scopus database to extract the data. 

During the initial search, 757 documents were 
retrieved. The data must be clean, clear, and transparent 
to minimise spurious results. To refine the results, the 
researcher applied inclusion and exclusion criteria. The 
documents were narrowed down in the second step 
through year filtration, resulting in 740 papers. Next, 
subject filtration was conducted in the third step, which 
reduced the number of documents to 648. In the fourth 
step, document filtration was applied, yielding 560 
papers. Finally, in the fifth step, language and source 

filtration were used to arrive at the final count of 553 
papers (Figure 1 illustrates all filtration steps).

Results and Analysis

Performance Analysis

 These findings show the annual increase of documents 
from 5 in 2001 to 66 in 2025. In the NWOM domain, 
only 69 articles were published in the first decade, 
2001- 2010. The number of documents published 
between 2011 and 2020 was 261, about four times that 
of the previous period. In the remaining years, 2021 to 
2025, the number of papers published in this domain 
was 228. The graph shows the increasing trends in 
published documents in the NWOM domain.

Table 1: Most Profile Authors on the Topic

Authors Articles Articles Fractionalized
Antonetti P 8 4.00
East R 8 2.50
Mattila AS 8 2.83
Baghi I 7 3.33
Liu Y 5 1.28
Romaniuk J 5 1.50
Talwar S 5 1.05
Bagozzi RP 4 1.42
Balaji MS 4 1.37
Brady MK 4 1.33

Figure 3 shows the most influential authors in the 
field of NWOM. The findings revealed that Antonetti 
P stood at the top with eight documents, followed by 
East, R and Mattila As, with eight papers each. 

Table 2: Most Profile Institutions

Affiliation Articles
Pennsylvania State University 14
University of Modena and Reggio Emilia 12
Griffith University 10
University of Vienna 10
Florida State University 9
Ghent University 9
Kingston Business School 9
University of New South Wales 9
Auburn University 8
Kyung Hee University 8

Figure 4 shows those institutions that have made 
significant contributions to the field of NWOM. 

Figure 1: Process of Article Filtration 
Source: Author’s Elaboration

Figure 2
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Figure 3: Most Profile Authors in the Field of NWOM

Figure 4: Most Profile Institutions in the Field of NWOM

Pennsylvania State University, the University of 
Modena, and Reggio Emilia are in the top position 
with 14 and 12 documents, respectively. Other 
institutions that made significant contributions are 
Griffith University and the University of Vienna, with 
10 papers each.

Table 3: Most Profile Countries

Country Freq Country Freq
USA 466 Germany 52
China 175 South Korea 47
Australia 108 Italy 40
UK 73 Brazil 37
India 64 Canada 28
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Figure 5: Most Contributing Countries on the Topic of 
Negative Word-of-Mouth 

Figure 5 presents the countries that contribute the most 
to the NWOM domain. Table 3 shows that America 
is in the top position with 466 documents, followed 
by China with 175 papers and Australia with 108 
documents. 

Figure 6 presents the most cited document in the field 
of the NWOM domain. Citation analysis is an essential 
component of bibliometric analysis. Citation analysis 
is one of the approaches of bibliometric analysis used 
to see how one article cites another.

Table 4: The Most Cited Document in the Field of the NWOM Domain

Paper DOI Total Citations TC per Year
WIRTZ J, 2004, INT J SERV IND MANAGE 10.1108/09564230410532484 498 23.71
SON J-Y, 2008, MIS QUART MANAGE INF SYST 10.2307/25148854 474 27.88
EAST R, 2008, INT J RES MARK 10.1016/j.ijresmar.2008.04.001 420 24.71
PFEFFER J, 2014, J MARK COMMUN 10.1080/13527266.2013.797778 389 35.36
WEUN S, 2004, J SERV RES 10.1108/08876040410528737 376 17.90
GELBRICH K, 2010, J ACAD MARK SCI 10.1007/s11747-009-0169-6 373 24.87
WARD JC, 2006, J CONSUM RES 10.1086/506303 351 18.47
LACZNIAK RN, 2001, J CONSUM PSYCHOL 10.1207/15327660152054049 349 14.54
GRAPPI S, 2013, J BUS RES 10.1016/j.jbusres.2013.02.002 339 28.25
ALEXANDROV A, 2013, J ACAD MARK SCI 10.1007/s11747-012-0323-4 328 27.33
VAN NOORT G, 2012, J INTERACT MARK 10.1016/j.intmar.2011.07.001 322 24.77
LEONIDOU CN, 2015, J BUS ETHICS 10.1007/s10551-015-2829-4 319 31.90
KAU A-K, 2006, J SERV RES 10.1108/08876040610657039 305 16.05

Figure 6: The Most Cited Documents on the Topic of Negative Word-of-Mouth
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Table 5: The Most Relevant Journals in the Field of 
Negative Word-of-Mouth

Sources Articles
“Journal of Business Research” 29
“Journal of Product and Brand Management” 18
“Journal of Services Marketing” 18
“Journal of Retailing and Consumer Services” 17
“Psychology and Marketing” 17
“European Journal of Marketing” 15
“Journal of Consumer Marketing” 13
“International Journal of Hospitality Management” 11
“Journal of Service Research” 10
“Public Relations Review” 9

Figure 7 presents the most profiled journal that publishes 
the maximum number of articles with negative word of 
mouth. The table shows the journals that contributed 
most significantly to it. “The Journal of Business 
Research” is the most contributed to journal with 29 

documents, followed by the “Journal of Product and 
Brand Management” (18), and the “Journal of Retailing 
Consumer Service” (17) are in the top position. Most 
journals are included in the Australian Business Dean 
Council (ABDC) and are ranked A*, A, and B.

Three-Field Plot

Figure 8 displays three field plots involving the 
country, keywords, and journals. This figure is based 
on the popular Sankey diagram (Riehmann et al., 
2005). The thickness of the lines illustrates the strength 
or frequency of these connections. It represents the 
geographical distribution of research, highlighting the 
USA, China, Australia, the UK, and India as prominent 
contributors. Notable journals such as the “Journal of 
Business Research”, “Journal of Service Marketing”, 
and “Psychology and Marketing” are frequently linked 
with contributors from various countries, indicating 
their significant impact and relevance in the academic 

Paper DOI Total Citations TC per Year
JONES MA, 2007, J SERV RES 10.1177/1094670507299382 292 16.22
WETZER IM, 2007, PSYCHOL MARK 10.1002/mar.20178 289 16.06
GEBAUER J, 2013, J BUS RES 10.1016/j.jbusres.2012.09.013 286 23.83
DONTHU N, 2021, J BUS RES 10.1016/j.jbusres.2021.07.015 263 65.75
SOSCIA I, 2007, PSYCHOL MARK 10.1002/mar.20188 256 14.22
LUO X, 2009, MARK SCI 10.1287/mksc.1080.0389 248 15.50
HEGNER SM, 2017, J PROD BRAND MANAGE 10.1108/JPBM-01-2016-1070 246 30.75

Figure 7: Presents the Most Relevant Journals in Negative Word of Mouth
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field. The rightmost section focuses on key research 
themes or keywords, including “negative word of 
mouth”, “service failure”, “brand hate”, and “purchase 
intention”. 

The relationship between these three factors is shown 
through lines, in which the intensity of the relationship 
signifies the strength of the relationship. For instance, 
the diagram indicates that the USA has a strong link to 
journals such as “The Journal of Business Research” 
and themes such as “NWOM” and “service failure”. 
The UK shows a strong connection with the “Journal 
of Business Research” the “European Journal of 
Marketing” and the “Journal of Service Marketing” 
and themes such as “brand hate”, consumer behaviour” 
and “service Recovery “. China exhibits a strong 
connection with the journals such as “Journal of 
Consumer Marketing” “Journal of Service Research” 
and “Sustainability”, and themes like as CSR, social 
media, negative emotion and customer satisfaction.

Bibliographic Coupling Analysis

Bibliometric analysis reflects many dimensions 
of a specific topic (Nilashi et al., 2022). A strong 
coupling between two publications is indicated when 
a substantial number of citations are anticipated 
between them (Jain et al., 2021; Donthu et al., 2021; 

Figure 8: Three Field Plots
Bharti et al., 2023). It provides a dynamic approach 
to examining a subject area’s “intellectual structure” 
(Koseoglu, 2016; Zainuldin and Lui, 2021; Batra 
et al., 2022). That’s why we have used bibliometric 
analysis to learn about clusters in the NWOM domain. 
Since the documents were cited in large amounts, 
our threshold limit is 50 of the minimum number of 
citations; we got 123 qualifying items. But some of 
these items are not connected. In the final, 6 clusters  
were formed. 

Cluster – 1: Consumer Word-of-Mouth Dynamics 
and Impact

The red colour cluster represents the largest category 
of consumer word-of-mouth dynamics, as shown in 
Figure 9. Consumers often aim to warn others about 
“negative experiences” with brands (Alexandrov et al., 
2013). “Negative word-of-mouth” communication on 
social media platforms significantly affects individuals’ 
intentions to engage in further “negative word-of-
mouth” behaviours (Balaji et al., 2016; Chakravarty et 
al., 2010). 

Complaints and negative reviews can negatively 
influence consumer behaviour (Lau & Ng, 2001; Von 
Wangenheim, 2005). Negative word of mouth can 
affect the company’s stock return and increase stock 
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volatility (Luo, 2009). Research indicates that the 
impact of “negative word of mouth” is greater than 
that of positive word of mouth (Nam et al., 2010). 
Gender also influences how positive and “negative 
word of mouth” is transmitted (Zhang et al., 2014). 
To minimise these effects, companies can strengthen 
brand relationships (Weitzl & Hutzinger, 2017: Tsai et 
al., 2014).

Cluster – 2: Strategies for Minimising Negative 
Word of Mouth After Service Failure

Most articles focus on reducing negative word of 
mouth in this cluster. “Service recovery” influences 
the consumer purchase decision (Barber et al., 2011; 
Blodgett & Anderson, 2000). Building a strong rapport 
with the customer can enhance customer satisfaction 
and minimise negative word-of-mouth behaviour 
(DeWitt & Brady, 2003). By understanding customer 
expectations, a company can effectively manage 
service recovery (Holloway et al., 2005). Customer 
satisfaction with service recovery increases customer 
trust and builds brand loyalty (Ah-Keng & Loh, 
2006). Service failure considerably impacts customer 
trust, commitment, and satisfaction (Weun et al.,  
2004).

Cluster 3 – Consumer Responses to Service Failure 
and Recovery Strategies

The blue cluster primarily discusses consumer 
responses to brands following a “service failure”. 
Such failures often lead to significant consumer anger 
and negative word-of-mouth (Wirtz & Mattila, 2004; 
Gelbrich, 2009; Harmeling et al., 2015). 

Negative emotion is the result of service failure, 
which can lead to “customer dissatisfaction” or further 
“negative word of mouth” (Barari et al., 2020). The 
negative relationship between the customer and the 
brand can trigger retaliatory behaviour (Johnson et al., 
2011; He & Harris, 2014; Hogreve et al., 2017)

Cluster – 4: Factors Influencing Negative  
Word-of-Mouth

The yellow cluster highlights the factors responsible 
for “negative word of mouth”. Previous studies show 
that service failure significantly influenced “negative 
word-of-mouth behaviour”(Cheng et al., 2005; Li et 
al., 2016). Brand hate within the service context also 
plays a significant role in the spread of negative word-
of-mouth (Curina et al., 2020). Social media plays an 
essential role in the spread of negative word-of-mouth 
(Einwiller & Steilen, 2015). Customer dissatisfaction is 

Figure 9: Bibliometric Coupling Among Documents
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also a primary reason for disseminating negative word-
of-mouth communication (Nyer & Gopinath, 2005). 
A collectivist prioritising social harmony is likelier to 
spread negative word of mouth and complain about 
service failure (Wan, 2013).

Cluster – 5: Managing Negative Word of Mouth in a 
Service Context

The cluster in purple highlights the strategies for 
managing “NWOM” to mitigate the negative emotions 
of consumers. In the context of service failure, 
greenwashing also significantly affects consumer 
trust, affecting customer intention to revisit, which 
can lead to NWOM (Jones et al., 2007). The company 
can address the negative emotions of the consumers 
through effective communication, employee support, 
and soliciting feedback (Ranaweera & Menon, 2013; 
Van Vaerenbergh et al., 2014).

Cluster – 6: Consumer Responses and Behavioural 
Outcomes in Service Failure

The cluster in the sky-blue colour shows the behavioural 
outcome of service failure. When customers experience 
service failure, they show their negative emotions in 
anger, regret, Frustration, and disappointment. These 
emotions can lead to various behavioural outcomes 
such as “brand switching” and “negative word of 
mouth” (Wetzer et al., 2007; McColl-Kennedy et al., 
2009; Tuzovic, 2010; Harrison-Walker, 2012, 2019).

Keyword Analysis

Keyword co-occurrence analysis clarifies each thematic 
cluster’s content and offers guidance for further study 
(Donthu, Kumar, Mukherjee, et al., 2021; Batra et al., 
2022). 

Keywords within the same cluster are more likely to 
have similar meanings. This analysis helps researchers 
identify high-frequency keywords in a specific area 
after evaluating the existing literature (Bharti et al., 
2023).

Figure 10 illustrates the literature’s most commonly 
used “keywords” and their interconnectedness. The 
size of each node reflects the number of times that 
keyword has appeared, while the colour indicates the 
keyword’s frequency of use over the years.

The yellow nodes represent emerging keyword trends 
that are less frequently searched. Recent areas of 
research that have been notable include “consumer 
forgiveness,” “sharing economy,” “artificial 
intelligence,” “avoidance,” “brand hypocrisy,” and 
“brand hate.” These topics present opportunities for 
significant research contributions.

Figure 10: Threshold Limit: 3, Qualifying Amount: 203, 
Keyword Co-occurrence Analysis

Future Research Agenda

Consumer-Related Factors and Negative Word of 
Mouth

Various studies indicate that when a brand fails to meet 
consumer expectations, customers may spread negative 
word of mouth (NWOM) (Barber et al., 2011; Romani 
et al., 2012; Liao et al., 2023). However, several 
factors, including consumer characteristics such as age, 
gender, income level, education level, and behaviour, 
can influence the dissemination of “negative word of 
mouth. Future researchers are encouraged to explore 
the relationship between consumer characteristics and 
the spread of negative word of mouth.

Negative Word of Mouth as an Antecedent or 
Outcome of Brand Hate

Some studies show that negative word of mouth is an 
antecedent of brand hate (Bryson et al., 2021; Jabeen 
et al., 2022), whereas some argue that it is an outcome 
of brand hate (Nguyen, 2021; Pinto & Brandão, 2020). 
Thus, some future studies can explore this relationship.
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Practical Strategies to Mitigate the Effects of 
Negative Word of Mouth

The literature shows that “NWOM” can damage the 
brand reputation, which can lead to adverse effects 
such as “brand dilution” and erosion of “firm value” 
(Bambauer-Sachse & Mangold, 2013; Verhagen et al., 
2013; Balaji et al., 2016). The studies on strategies to 
reduce “negative word of mouth” are limited. Thus, 
there is a need to investigate further the practical 
insights for addressing NWOM online and offline.

Impact of Negative Word of Mouth on Brand Love

“Negative word of mouth” impacts the “company’s 
brand reputation” (Cassidy et al., 2021; Bambauer-
Sachse & Mangold, 2013; Verhagen et al., 2013; Balaji 
et al., 2016). Very few studies are available to examine 
how NWOM affects company brand loyalty. Future 
studies can explore this area.

NWOM and Brand Switching/Brand Avoidance:

“Negative word of mouth” and “brand switching” are 
interconnected phenomena in consumer behaviour 
(Rahimah et al., 2022). “Future studies” should 
examine the relationships between negative word of 
mouth, brand avoidance, and brand switching.

Conclusions / implications / 

limitations

Conclusions

This study highlights the growing significance of 
research on “negative word-of-mouth” (WOM) and 
its continued relevance in today’s “digital age”. It 
discusses the evolution of negative WOM research, 
transitioning from traditional concepts to the modern 
landscape where social media facilitates the rapid 
spread of negative feedback.

The researcher employs bibliometric analysis to 
examine annual publication trends, leading institutions, 
international collaborations, and key articles within 
the negative WOM domain. The findings indicate a 
substantial surge in research related to the “negative 
word of mouth” domain between 2021 and 2025.

The analysis reveals that the “Journal of Business 
Research” is the most influential, publishing 29 articles, 
followed by the “Journal of Service Marketing” with 

18 articles, and the “Journal of Product and Brand 
Management” with 18 articles. Most of these journals 
are published by Emerald and Elsevier. Antonetti P is 
identified as the leading author, with eight published 
documents.

The United States is the leading country in this field, 
with 466 published documents, followed by China 
with 175 and Australia with 108. Pennsylvania 
State University is a prominent institution in terms 
of negative WOM research, having published  
14 papers. 

The most cited article in the domain of NWOM 
research is Wirtz and Mattila (2004) with 498 citations. 
The researcher also used keyword analysis to suggest 
emerging areas for further studies, including artificial 
intelligence, brand hypocrisy, consumer forgiveness 
and brand hate.

Implications

This study provides a comprehensive overview 
of existing literature in “negative word-of-mouth 
research” and identifies the top authors, countries, 
journals, and institutions. Keyword analysis gives 
the emerging theme in that area, which would help 
future researchers explore unexplored regions. With a 
complete understanding of negative word-of-mouth, 
marketers can develop effective strategies to mitigate 
the impact of negative word-of-mouth. Marketers can 
use this study for crisis management, improving service 
quality, and strategically engaging with customers. 
This study serves to identify current trends in the 
domain of “NWOM” and suggest potential avenues for 
future studies.

Limitations

This study has many limitations. Firstly, this study is 
solely based on the Scopus database. Future studies 
can use multiple databases for better output. Secondly, 
this study includes an article and a review article only 
during the document filtration. Future studies could 
include book chapters or conference papers. Lastly, the 
bibliometric analysis in this study was conducted using 
Vos Viewer and R-studio software. Future researchers 
might consider utilising other software tools such as 
CiteSpace, PoP, or BibExcel to enhance their analysis. 
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Abstract
This study looks at how K.L. Business School MBA students in Andhra Pradesh feel about voice-activated chatbots 
like Siri, Google Assistant, Amazon Alexa, and Bixby. It addresses the paucity of research on user assessments 
of chatbots performance by examining perceived efficacy, responsiveness, and overall value. Assessing general 
efficacy perceptions, comparing efficacy across chatbots kinds, determining user preferences, and examining the 
impact of demographics (gender, place of residence, and location) on perceptions and usage are the goals. A cross-
sectional survey of 321 students chosen by proportionate stratified random sampling was utilized to gather data for 
the exploratory design. JASP, Excel, and R were utilized to analyse responses obtained via Google Forms.

The results show that consumers’ opinions about chatbots efficacy are constant across chatbot types and 
demographic groups. Nonetheless, use patterns indicate brand domination, with Siri, Alexa, and Google Assistant 
becoming more popular. This implies that user choice may be influenced more by marketing, ecosystem integration, 
and brand exposure than by perceived performance.
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Introduction

Chatbots, also known as conversational agents, are 
programs created to communicate with users using 
natural language via text, voice, or multimodal 
interfaces (Jalawadai, 2024). Processing user input and 
producing pertinent answers to voice or text enquiries 
is their main duty (Ghazala Bilquise, 2022). As 
artificial intelligence (AI) develops quickly, chatbots 
are using machine learning (ML) and natural language 
processing (NLP) more and more to mimic human 
interaction and improve communication accuracy. 
Large language models like GPT and Gemini have 
further changed chatbots from rule-based programs 
to context-aware, adaptive systems that can have 
dynamic, personalised discussions (Reddy, 2025).
Voice-activated assistants, like as Google Assistant, 
Amazon Alexa, Siri, and Bixby, are now incorporated 
into smart phones, smart homes, and larger digital 
ecosystems, greatly impacting customer behaviour and 
service provision (Martin Adam, 2020). Depending on 

earlier studies, conversational AI systems with human-
like characteristics increase user responsiveness and 
engagement (Ying Xu, 2022). Nevertheless, user 
opinions of chatbot efficacy continue to differ despite 
advancements in technology. Perceived performance 
and sustained engagement are still influenced by 
elements like trust, dependability, personalisation, and 
anthropomorphic design (Najaf & Ding, 2024).

Need of the study

Assessing how consumers see chatbots’ efficacy 
is crucial as businesses use them more and more on 
digital channels. While technology developments have 
improved chatbot capabilities, sustained adoption 
and value are determined by user assessments of 
responsiveness, usefulness, dependability, and overall 
performance. In order to strategically improve chatbot 
design and interaction quality, it is imperative to 
comprehend these perceptions. In order to improve 
brand relationships, lower operating expenses, and 
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foster loyalty, customer pleasure is essential. While 
dissatisfied customers are more inclined to escalate to 
human agents and utilise self-service less frequently, 
satisfied users are more likely to trust, stick with, and 
refer chatbots. According to research, consistent and 
human-like chatbot interactions promote favourable 
brand perception and sustained engagement (Xu et 
al., 2022).On the other hand, unfavourable encounters 
lower returns on technology investments and erode 
trust in AI systems. Therefore, to improve user 
experience and guarantee long-term organisational 
results, a methodical evaluation of perceived chatbot 
performance is required.

Literature review

According to (Adamopoulou, 2020), a chatbot 
is a computer software created to mimic human 
communication through spoken or typed exchanges, 
giving consumers automatic access to information 
and help. In general, chatbots can be divided into 
two categories: artificial intelligence-driven systems 
that employ machine learning and natural language 
processing (NLP) to comprehend user intent and 
provide adaptive responses, and rule-based systems 
that use rewritten scripts and decision trees (Dale, 
2016). A more sophisticated type of these is voice-
controlled systems, often known as voice assistants, 
which combine natural language processing (NLP) and 
automatic speech recognition (ASR) to enable smooth 
spoken communication between people and machines 
(Hoy, 2018). Prominent instances including Apple Siri, 
Google Assistant, Amazon Alexa, and Samsung Bixby 
show notable advancements in ecosystem integration, 
contextual awareness, and usability (Lopatovska, 
2018).

Voice-activated chatbots have developed over the last 
ten years from simple speech-to-text tools to complex 
conversational agents with contextual awareness 
and tailored responses. More natural and dynamic 
interaction has been achieved by developments in ASR 
and NLP, which have also improved speech accuracy 
and cross-device interoperability. Important turning 
points in this history are marked by platforms like Siri, 
Alexa, Google Assistant, and Bixby, which are now 
essential components of smart speakers, smart phones, 
and connected home ecosystems (Darda, 2020). 

Their position in routine digital encounters has been 
reinforced by their extensive integration.

Depending on systematic reviews, voice assistants have 
become widely used because speech-based interaction 
is more convenient and intuitive than text input (Darda, 
2020). These systems have revolutionised digital 
service access by allowing users to carry out tasks like 
scheduling, information retrieval, navigation, and home 
automation through natural voice. However, a large 
portion of the material now in publication places more 
emphasis on system performance, usability metrics, 
and technological architecture than on users’ subjective 
evaluations of efficacy across platforms. As a result, 
nothing is known about how consumers compare the 
performance of the most popular commercial voice 
assistants in realistic settings.

According to research on user perceptions, interaction 
quality, personalisation, and trust have a significant 
effect on perceived efficacy. Perceptions of utility and 
credibility are influenced by conversational design 
characteristics like tone, responsiveness, clarity, and 
anthropomorphic qualities. Customer satisfaction 
ratings are generally greater for chatbots that react 
quickly, precisely, and contextually. These assessments 
are also influenced by demographic factors. While 
older users place greater emphasis on task efficiency 
and functional dependability, younger users frequently 
place more value on interactive elements and 
convenience. These variations underline the necessity 
of investigating how background, age, and experience 
affect opinions on chatbot efficacy (Pušnik, 2025).

Comparative research also shows that user expectations 
and usage context affect perceived performance. 
Voice assistants are exploited by many users for 
repetitive tasks, and opinions on their responsiveness 
and dependability differ depending on the user’s 
familiarity with the device and past experiences 
(Sziron, 2022). People often personify their assistants, 
giving them human characteristics that influence their 
propensity to trust them and delegate difficult jobs. 
Despite these revelations, there is always a dearth of 
direct comparative studies across Siri, Alexa, Google 
Assistant, and Bixby across various demographic 
groups.

There are still significant gaps in the literature, despite 
the fact that chatbot evolution and usability models 
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are covered in great detail. Instead of concentrating 
only on voice-activated assistants, numerous studies 
also examine text-based systems or overall interaction 
quality. There aren’t many comparative studies of the 
main viable platforms, especially in formal academic 
settings. Furthermore, rather than being a direct result 
of perceived efficacy across platforms, demographic 
factors are frequently associated with adoption. In 
order to address these gaps, the current study integrates 
demographic data to provide a thorough understanding 
of how effectiveness is defined and assessed across 
platforms and user groups. It also looks at user 
perceptions of chatbot effectiveness across top voice 
assistants within a single framework.

Research gap

The majority of studies on voice-activated chatbots, 
including Samsung Bixby, Apple Siri, Google 
Assistant, Amazon Alexa, IBM Watson, and others, 
have mostly concentrated on usability, user adoption, 
and technological advancement. Few research, 
nevertheless, thoroughly investigate how users 
perceive chatbot efficacy. It is unknown how chatbot 
type affects perceived performance because existing 
research frequently assesses specific platforms rather 
than comparing several assistants within a single 
analytical framework. While demographic factors like 
age, gender, and education are often associated with 
adoption, they are rarely examined in terms of perceived 
efficacy. Furthermore, neither the distinction between 
platform-specific and common user experiences nor 
the analysis of the ways in which various demographic 
characteristics interact to influence impressions have 
received ample attention. There are still insufficient 
comparative analyses of the leading commercial 
voice assistants. Therefore, a systematic assessment 
integrating platform comparison and demographic 
impact is necessary, which this study aims to provide 
from a consumer perception perspective.

Objectives of the study

The following are the objectives formulated from the 
gaps identified by the study. 

1.	 To assess users’ perception towards chatbot 
effectiveness.

2.	 To examine the effect of type of chatbots onchatbot 
effectiveness from consumers’ perception. (Unique 
Responses)

3.	 To analyse chatbot effectiveness among all the 
chatbots. (Repeated Responses)

4.	 To study the influence of consumers’ demographics 
on chatbot effectiveness.

5.	 To examine the association between respondents’ 
demographics and their choice of chatbots.

Hypotheses

The following are the alternative hypotheses formulated 
in-line with the above stated objectives.

H11: Users perception towards chatbot effectiveness is 
positive.

H12: Users’ perception towards chatbot effectiveness 
varies by type of chatbot.(Where respondents’ response 
to the most preferred chatbot is considered – Single 
Response)

H13: The preference of consumers towards choosing 
chatbots is not the same. (Where respondents’ response 
for all chatbots is considered – Repeated response)

H14: There is a significant impact of demographics on 
chatbot effectiveness.

H15: There is an association between chosen 
demographic variables (Gender, Location and 
Residential status) and their choice of chatbots.

There are sub-hypothesis for 4th and 5th hypothesis, 
they are mentioned in results and discussion section. 

Methodology

This section helps in meeting the objectives one by one 
to understand the respondents’ perception on Chatbots 
Effectiveness. So, this includes the Research Design, 
Sample Design, Data Collection and Data Analysis 
adopted by the study. 

Research Design

The study has used mixed methodological research 
design including Exploratory Research Design and 
Descriptive Research Design, wherein Literature 
review method of Exploratory Research Design is 
used for understanding the theoretical and empirical 
studies on the research topic and helps in identifying 
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the research gap & Cross-Sectional Survey method of 
Descriptive Research Design is used in collecting the 
data. 

Sample Design and Data Collection

In this design of study, target population are youngsters 
using voice-activated chatbots to know their perception 
on their effectiveness, particularly MBA pupils at 
KL Business School, KLEF. A sample of 175 from a 
sample frame of 321, is collected using a structured 
Questionnaire with likert items along with demographic 
variables including Gender, Location and Residential 
Status through Google Forms from randomly selected 
students using Proportionate Stratified Random 
Sampling (Singh, 2014). 

Table 1: Sample Determination Table using Cochran 
Formulae

Section Population Population% Sample% Sample
Sec A 79 24.61 24.61 43
Sec B 68 21.18 21.18 37
Sec C 47 14.64 14.64 26
Sec D 59 18.38 18.38 32
Sec E 68 21.18 21.18 37
Total 321 100 100 175

To determine the sample elements from each section, 
sample () in R is used, which is from the base package.

Data Analysis

The study includes two phases of analysis including 
pilot study and final study. Initially, Questionnaire, 
a survey instrument is tested for its validity and 
reliability as a part of Pilot study. Under validity, face 
validity of instrument is conducted by two industry 
professionals and five academic members to guarantee 
the questionnaire’s relevance and intelligibility. In 
addition, Construct validity is also conducted to check 
the factor validity of Chatbots Effectiveness. To check 
the reliability of Instrument, Cronbach’s alpha is 
analysed. Response bias is examined by using a chi-
square test after data cleaning was completed in R.

As a part of final study, several statistical tools are 
adopted by the study. For the first objective, Wilcoxon 
Signed Rank Test is used to measure the Chatbots 
Effectiveness (i.e., Users’ satisfaction scores), as the 
data is not-normally distributed (Nahm, 2015). 

To meet the second, One-way ANOVA is used 
to examine the effect of type of chatbots (five – 
AmazonAlexa, Apple Siri, Samsung’s Bixby, IBM’s 
Watson and Google’s Google Assistant) on Users’ 
Satisfaction score towards Chatbots Effectiveness, 
being type of chatbots is acting as Independent variable 
with five categories and Chatbots Effectiveness as 
dependent variable (María José Blanca, 2017).

For the third, the Friedman Test is used as the data 
is ranked across the five chatbots (Nahm, 2015).In 
the fourth Objective, the influence of respondent’s 
demographics on their Satisfaction score towards 
Chatbots effectiveness is assessed using respective 
statistical tools namely Mann-Whitney U test for Gender 
and Residential Status, One-Way ANOVA for location 
and choice of chatbots on time-spent by respondents 
(Nahm, 2015). Finally, the fifth objective assess the 
association between respondents’ demographics (i.e., 
Gender, Residential Status and Location) and their 
Chatbots Selection (McHugh, 2013) using Chi-square 
test. 

Results and discussion

After conducting pilot study analysis, the study further 
proceed with final study with 16 statements and the 
conducted reliability analysis is as follows,

Table 2: Reliability Score

Measure Value Remarks
Raw Alpha 0.96 >0.5, reliable.

Table 3: Threshold Values

Method Alpha
Feldt 0.96
Duhachek 0.96

Source: R
Package: psych
Function: alpha ()

From the above Table 3, “Cronbach’s alpha of 0.96, 
the questionnaire exceeded the 0.90 level for excellent 
internal consistency, indicating outstanding reliability” 
(Nunnally, 2016). The questionnaire is a very 
trustworthy tool because of its narrow 95% confidence 
intervals from Feldt’s and Duhachek’s methodologies 
(0.95–0.97), which validate the stability and accuracy 
of the reliability estimate (Nunnally, 2016).
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Overall, the results establish that the questionnaire is a 
highly reliable instrument. With these results, the study 
further proceed for final study.

For data cleaning the study has usedthe following 
packages and functions in R:

Base Package- colSums(),sum(),is.na()
VIM Package-irmi()

The descriptive analysis of data for this study is as 
follows:

•	 Categorical Data:
	 Gender (2) – Male, Female
	 Location (4) – Vijayawada, Guntur, Tenali, Others
	 Residential status (2) – Dayscholar, Hosteler
	 Chatbots (4) – Amazon_Alexa, Google_Assistant, 

Siri, Bixby
•	 Continuous Data:
	 Score – Satisfaction from the Likert scale
	 Time – No. of hours spent on the selected chatbot.

Bias Justification for data collected:

Ho: Proportions are equal.
H1: Proportions are not equal.

1.	 Gender

P-value is 0.8145 greater than 0.05, acceptnull 
hypothesis can conclude that there is no bias (Stefanos 
Bonovas 1, 2023).

2.	 Location

P-value is 2.2e-16 less than 0.05, reject null hypothesis 
and conclude that proportions are not equal (Stefanos 
Bonovas 1, 2023).

3.	 Are you a

P-value is 1.973e-09 less than 0.05, reject null 
hypothesis and can say that proportions are not equal 
(Stefanos Bonovas 1, 2023).

4.	 From the following Voice Activated Chatbots, 
choose the best option:

For analysis the study removed Samsung’s Voice 
Assistant (Bixby) and IBM Watson Assistant for some 
tests to remove bias. P-value is 0.1197 greater than 
0.05,accept null hypothesisand can say that there is no 
biasin Voice activated chatbots which are Amazon_
Alexa, Apple_Siri, Google_Assistant. (Stefanos 
Bonovas 1, 2023)

5.	 Rank the following Voice Activated Chatbots:

P-value is 2.518e-10 less than 0.05,reject null 
hypothesis and can say that proportions are not equal 
(Stefanos Bonovas 1, 2023).
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For analysis the study removed Samsung’s Voice 
Assistant (Bixby) and IBM Watson Assistant for some 
tests to remove bias.

P-value is 0.8712 greater than 0.05,accept null 
hypothesisand can say that there is no bias in Voice 
activated chatbots which are Amazon_Alexa, Siri, 
Google_Assistant (Stefanos Bonovas 1, 2023).

The analysis shows no bias in the selection of the main 
chatbots or in gender distribution. Some bias appears in 
location and when less prominent chatbots are included, 
leading to their exclusion from certain assessments. 
Overall findings remain consistent, and future research 
should use larger, more geographically balanced 
samples.

The following results are in-line with the above-stated 
objectives.

From Objective 1

H01: Users perception towards chatbot effectiveness 
(Score) is not positive. [mu <= 3 (shows dissatisfaction)]

H11: Users perception towards chatbot effectiveness 
(Score) is positive. [mu>3 (shows satisfaction)]

Code Snippet (Source: R)
> shapiro.test(Score)
p-value = 0.0002847

As the p-value is < 0.05, proceed for wilcoxon signed 
rank test (Nahm, 2015).

Table 4: Wilcoxon Signed Rank Test Results 

Variable_name Test p Remarks
Score Wilcoxon 0.123 > 0.05, accept null 

hypothesis
Source: Jeffreys’s Amazing Statistics Program (JASP)

Interpretation

From the above table 4, as the p-value is greater than 
0.05, accept null hypothesis and can say that users are 
dissatisfied with all the functions of chatbots (Stefanos 
Bonovas 1, 2023).

Murray (2024) reports a sharp fall in trust, with usage 
dropping from 73% to 60% in just over a year. This 

decline confirms that current chatbots fail to meet user 
expectations of reliability and performance.

From Objective 2

H02: Users’ perception towards chatbot effectiveness 
does not vary by type of chatbot. [(meanScore(Amazon 
Alexa)=meanScore(AppleSiri)=meanScore(Google 
Assistant)]

H12: Users’ perception towards chatbot effectiveness 
varies by type of chatbot. [(meanScore(Amazon 
Alexa)#meanScore(AppleSiri)#meanScore(Google 
Assistant)]

Table 5: ANOVA Results

Variables Test p Remarks
Dependent Variable 
– Score
Independent Variable 
– Chatbots

ANOVA 0.938 > 0.05, accept 
null hypothesis

Source: JASP

Interpretation

From the above table 5, as the p-value is 0.938 greater 
than 0.05,accept null hypothesis and conclude that 
Users’ perception is not influenced by type of chatbot 
(Stefanos Bonovas 1, 2023).

Customers rated Amazon Alexa, Google Assistant, and 
Siri similarly for user pleasure and chatbot efficacy, 
suggesting that platform or brand differences have 
little bearing on perceived performance. Customer 
perceptions are influenced more by performance 
expectations and trust than by brand identity, and 
competitive advantages are instead provided by 
elements such ecosystem integration, marketing, and 
value-added features (Joshi, 2021).

From Objective 3

H03: The preference of consumers towards 
choosing chatbots is same. [median(Amazon_
Alexa)=median(Google_Assistant)=median(Siri)= 
median(Bixby)=median(IBM)]

H13: The preference of consumers towards choosing 
chatbots is not the same. [median(Amazon_Alexa)  
#median(Google_Assistant)#median(Siri)#median  
(Bixby) #median(IBM)]

Code Snippet (Source: R)
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>friedmanTest(y=outcome, groups=treatment,blocks= 
participants)
(Nahm, 2015)
 p-value = 2.2e-16

Interpretation

As the p-value is less than 0.05, reject null hypothesis 
which concludes that median of all the chatbots are 
different (Stefanos Bonovas 1, 2023).

Post-Hoc Test

Code Snippet (Source :R)
>frdAllPairsMillerTest(y=outcome,groups=treatment, 
blocks=participants)
(Nahm, 2015)
1 2 3 4 
2 1 - - - 
3 1 1 - - 
4 1.6e-08 1.2e-08 1.1e-09 - 
5 < 2e-16 < 2e-16 < 2e-16 2.9e-07

Interpretation

As group-wise clear differences are visible,there 
were no discernible differences between the Google 
Assistant-Amazon Alexa, Siri-Amazon Alexa, Bixby-
Amazon Alexa, and Siri-Google Assistant groups. 

But Bixby was very different from Siri, Google 
Assistant, and Amazon Alexa.

When IBM was compared to all other chatbots 
(Amazon Alexa, Google Assistant, Siri, and Bixby), 
the differences were extremely noticeable.

User evaluations of efficacy are consistent across 
chatbot kinds, indicating that performance expectancy 
and trust are more important than brand labels (Joshi, 
2021).

Bixby/IBM lags behind because of chatbots that have a 
bad communication style or a limited social presence, 
as demonstrated by (Na Cai, 2024).

From Objective 4

Gender on Users’ perception on chatbots 
effectiveness (Score)

H04.1: Gender does not affect the Score. [(median 
Score(f)=medianScore(m)]

H14.1: Gender affects the Score. [medianScore(f)  
#medianScore(m)]

Code Snippet (Source :R)
> f<-subset(Score,Gender==’Female’)
> m<-subset(Score,Gender==’Male’)
> shapiro.test(f)
p-value = 0.002011
> shapiro.test(m)
p-value = 0.05369

As the p-value for independent variable Gender in which 
female is 0.002011 which is less than 0.05,conclude 
that data is not normal, proceed for Mann Whitney U 
Test (Nahm, 2015).

Table 6: Mann Witney U Test Results 

Variable_name Test p Remarks
Score Mann-Whitney 0.347 > 0.05, accept 

null hypothesis
Source: JASP

Interpretation: From the above table 6, as the p-value 
is 0.347 greater than 0.05, accept null hypothesiswhich 
says that Gender does not affect the Score (Stefanos 
Bonovas 1, 2023). Users of both sexes have comparable 
opinions about chatbots. Companies can concentrate 
on creating and promoting gender-neutral services. 
Language and technology traits have a bigger influence 
on satisfaction than demographics (Kokošková, 2023).

Location on Users’ Perception on Chatbots 
Effectiveness (Score)

H04.2: The Score does not vary by location. 
[(meanScore(Vijayawada)=meanScore(Guntur)= 
meanScore(Tenali)]

H14.2: The Score varies by location. [(meanScore 
(Vijayawada)#meanScore(Guntur)#meanScore 
(Tenali)]

Table 7: ANOVA Results 

Variables Test p Remarks
Dependent Variable 
– Score
Independent Variable 
–Location

ANOVA 0.939 > 0.05, accept 
null hypothesis

Source: JASP

Interpretation: From the above Table 7, as the p-value 
is 0.939 greater than 0.05,acceptnull hypothesiswhich 
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saysthat the users’ perception does not vary by location 
(Malcolm Koo 1, 2025).Chatbots received similar 
ratings from users in Vijayawada, Guntur, Tenali, and 
other areas. Although local language integration may 
improve inclusivity, businesses can grow chatbots 
geographically without losing perception.Adoption 
is more influenced by trust and transparency than by 
geography or demographics (John, 2025).

Residential Status on Users’ perception on chatbots 
effectiveness (Score).

H04.3: There is no impact of Residential Status on 
Score [medianScore(D)=medianScore(H)]

H14.3: There is no impact of Residential Status on 
Score [medianScore(D)#medianScore(H)]

Code Snippet (Source :R)
> D<-subset(Score,DH==’Dayscholar’) 
> H<-subset(Score,DH==’Hostler’) 
> shapiro.test(D) 
p-value = 0.00126 
> shapiro.test(H) 
p-value = 0.05232 

As one of the groups data which is Dayscholar p-values 
less than 0.05 reject null hypothesis and conclude that 
data is not normal, proceed with Mann Whitney U Test 
(Nahm, 2015). 

Table 8: Mann Witney U Test Results

Variable_name Test p Remarks
Score Mann-Whitney 0.239 > 0.05, accept 

null hypothesis
Source: JASP

Interpretation: From the above table 8, as the p-value is 
greater than 0.05,acceptnull hypothesiswhich says that 
Residential Status has no influence on the perception 
of the users (Stefanos Bonovas 1, 2023).

There is no discernible difference between day students’ 
and hostelers’ opinions of chatbot effectiveness, 
suggesting that student demographics have adopted 
them consistently. This implies that rather than 
segment-specific modification, chatbot development 
can concentrate on functional perfection.Linguistic 
and technological characteristics, not demographic 
factors like living arrangement, are what influence user 
happiness with chatbots (Kokošková, 2023).

Choice of Chatbots onNo. of Hours Spent by the 
User (Time Spent -TI) 

H04.4: The choice of chatbot does not affect the no. 
of hours spent by User. [(meanTimeSpent(Amazon 
Alexa)=meanTimeSpent(AppleSiri)=meanTime 
Spent(Google Assistant)]

H14.4: The choice of chatbot affects the no. of 
hours spent by User. [(meanTimeSpent(Amazon 
Alexa)#meanTimeSpent(AppleSiri)#meanTime 
Spent(Google Assistant)]

Code Snippet (Source :R)

Test Homogeneity: 
H0: Homogeneity exists 
H1: Heterogenity exists 
>bartlett.test(TI~Chatbots,data=dt) 
p-value = 7.152e-08 
\#As the p-value is very much less than0.05,reject 
null hypothesis and hence conclude that heterogeneity 
exists (Stefanos Bonovas 1, 2023). 
Independence of observations presumed.

Table 9: ANOVA Results

Variables Test p Remarks
Dependent Variable- No. 
of Hours Spent by the User 
(Time Spent – TI) 
Independent Variable – 
Chatbots

ANOVA 0.328 > 0.05, 
accept 
null 
hypothesis

Source: JASP

Interpretation: From the above table 9, as the p-value 
is greater than 0.05,accept the null hypothesiswhich 
concludes that the choice of chatbot does not affect 
the no. of hours spent (Stefanos Bonovas 1, 2023).
Individuals use Google Assistant, Siri, and Alexa for 
comparable periods of time, demonstrating functional 
parity in usage duration. Instead of investing effort in 
differentiating chatbot performance, businesses can 
concentrate on task fulfillment, engagement quality, 
and personalization.

Residential Status on No. of Hours Spent by the 
User (Time Spent – TI) 

H04.5: Residential Status does not affect the no. of time 
spent [medianTimeSpent(D)=medianTimeSpent(H)] 
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H14.5: Residential Status affects the no. of time spent 
[medianTimeSpent(D)#medianTimeSpent(H)]

Code Snippet (Source :R)
>D<-subset(TI,DH==’Dayscholar’) 
> H<-subset(TI,DH==’Hostler’) 
> shapiro.test(D) 
p-value = 9.678e-06 
> shapiro.test(H) 
p-value = 1.982e-08 
> #As the p-values of groups are less than 0.05,data is 
not normal. 
Proceed for Mann Whitney U Test (Nahm, 2015). 

Table 10: Mann Witney U Test Results 

Variables Test p Remarks
Independent Variable –
Residential Status
Dependent Variable – No. 
of Hours Spent by the User 
(Time Spent – TI) 

Mann-
Whitney

0.923 > 0.05, 
accept null 
hypothesis

Source: JASP

Interpretation: From the above table 10, as the 
p-value is 0.923 which is greater than 0.05,acceptnull 
hypothesis which says that Residential Status does not 
have any effect on time spent (Stefanos Bonovas 1, 
2023).

Students use chatbots in the same way regardless 
of their living arrangement, thus whether they are 
day students or hostelers has no bearing on how 
much time they spend using them.Human-like 
characteristics, trust, and interaction have a greater 
influence on chatbot adoption in e-commerce 
than demographic characteristics (Najaf & Ding,  
2024).

Gender on No. of Hours Spent by the User (Time 
Spent – TI) 

H04.6: Genderdoes not affectthe no. of hours time 
spent. [mediandTimeSpent(f)=medianTimeSpent(m)]

H14.6: Gender affects the no. of hours time spent.
[mediandTimeSpent(f)#medianTimeSpent(m)]

Code Snippet (Source :R)
> f<-subset(TI,Gender==’Female’) 
> m<-subset(TI,Gender==’Male’) 

> shapiro.test(f) 
p-value = 2.944e-11 
> shapiro.test(m) 
p-value = 0.00058 
> #As the p-values of groups are less than 0.05, data is 
not normal, proceed for Mann Whitney U Test (Nahm, 
2015). 

Table 11: Mann Witney U Test Results 

Variables Test p Remarks
Independent Variable – 
Gender
Dependent Variable – No. 
of Hours Spent by the User 
(Time Spent – TI)

Mann-
Whitney

0.168 > 0.05, 
accept null 
hypothesis

Source: JASP

Interpretation: From the Table 11, as the p-value is 
greater than 0.05, accept null hypothesiswhich says that 
the timespent on the selected chatbot does not differ by 
gender (Stefanos Bonovas 1, 2023).Instead of gender-
specific customisation, developers should focus on 
universal attributes (easiness, clarity,and trust). Trust 
and past experience outweigh demographic factors like 
gender (Kozak & Fel, 2024)

Location on No. of Hours Spent by the User (Time 
Spent – TI) 

H04.7: Location does not make any difference 
on time spent with respective to chosen chatbot. 
[(meanTimeSpent(Vijayawada)=meanTimeSpent 
(Guntur)=meanTimeSpent(Tenali)]

H14.7: Location makes difference on time spent with  
respective to choosen chatbot. [(meanTimeSpent 
(Vijayawada)#meanTimeSpent(Guntur)#meanTime 
Spent(Tenali)]

Code Snippet (Source :R)
>#Ho: Homogenity exists
>#H1:Heterogenity exists 
>bartlett.test(TI~Location,data=dt) 
p-value = 0.004924 
> #As the p-value is less than 0.05, reject null 
hypothesisand hence Heterogenity exists. (Stefanos 
Bonovas 1, 2023)
> #Independence of observations presumed. 
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Table 12: ANOVA Results

Variables Test p Remarks
Independent Variable – 
Location
Dependent Variable – No. 
of Hours Spent by the User 
(Time Spent – TI)

ANOVA 0.835 > 0.05, 
accept null 
hypothesis

Source: JASP

Interpretation: From the Table 12, as the p-value 
is 0.835which is greater than 0.05, accept the null 
hypothesis which concludes that Location does not 
make any difference on time spent with respective to 
selected chatbot (Stefanos Bonovas 1, 2023). 

Chatbots were used for comparable amounts of time 
by students in various cities. This implies that chatbot 
adoption is stable across regions in comparable 
socio-cultural contexts, enabling developers to put 
functionality ahead of regional customisation. Adoption 
is more strongly influenced by trust and transparency 
than by geography (Colpan, 2024).

From Objective 5

Gender on Choice of Chatbots

H05.1: Users’ Gender has no connection with their 
choice of chatbots.

H15.1: Users’ Gender has no connection with their 
choice of chatbots.

Table 13: Contingency Table Results 

Variables Test p Remarks
Variable 1 – Gender
Variable 2 – Chatbots

Chi-Squared 
Test (χ²)

0.791 > 0.05, 
accept null 
hypothesis

Note: Continuity correction is available only for 2×2 tables.
Source: JASP

Interpretation: From the above table 16, as the 
p-value is 0.0791, which is greater than 0.05, accept 
null hypothesis which concludes that gender has 
no connection with the chatbot chosen by the users 
(Stefanos Bonovas 1, 2023).

Residential Status on Choice of Chatbots

H05.2: Choice of Chatbots does not depend on Users’ 
Residential Status.

H15.2: Choice of Chatbots depends on Users’ 
Residential Status.

Table 14: Contingency Table Results 

Variables Test p Remarks
Variable 1 – Dayscholar/
Hosteler
Variable 2 – Chatbots

Chi-
Squared 
Test (χ²)

0.926 > 0.05, 
accept null 
hypothesis

Note: Continuity correction is available only for 2×2 tables.
Source: JASP

Interpretation: From the above table 17, as the 
p-value is 0.926, which is greater than 0.05, accept null 
hypothesis which says that chatbots choice does not 
depend on day scholar or hosteler (Stefanos Bonovas 
1, 2023).

Chatbots were similarly selected by day scholars 
and hostel residents, demonstrating that brand 
preference is not influenced by residential setting. 
Chatbot adoption patterns are explained by trust and 
interaction rather than demographics (Najaf & Ding, 
2024).

Location on Choice of Chatbots

H05.3: Users’ Location and their Choice of Chatbots 
are not related.

H15.3: Users’ Location and their Choice of Chatbots 
are related.

Table 15: Contingency Table Results

Variables Test p Remarks
Variable 1 – Location
Variable 2 – Chatbots

Chi-Squared 
Test (χ²)

0.397 > 0.05, 
accept null 
hypothesis

Note: Continuity correction is available only for 2x2 tables.
Source: JASP

Interpretation: From the above table 18, as the 
p-value is 0.397 which is greater than 0.05accept null 
hypothesis, concludes that location and selection of 
chatbots are not related (Stefanos Bonovas 1, 2023).

Similar chatbot preferences were displayed by 
students in Vijayawada, Guntur, Tenali, and other 
locations, suggesting that brand adoption is consistent 
across geographic boundaries. Adoption is more 
strongly influenced by trust and transparency than by 
demographics based on geography (Colpan, 2024).

Findings of the study

1.	 Users’ perception towards chatbots effective is not 
much positive.
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2.	 Users’ perception on chatbots effectiveness is same 
irrespective of the type of chatbots (For the best 
Chosen Chatbots from all the respondents). 

3.	 Users’ preferences towards choosing chatbots 
vary from those using all the chatbots in terms of 
efficacy, trust and communication style aspects.

4.	 Users’ Gender, Location and their Residential 
Status are not affecting Chatbots Effectiveness as 
they have no role in the choice of those chatbots. 

5.	 Users’ Time spent on Chatbots does not depend on 
the choice of chatbots. 

6.	 Even, User’s demographics namely Gender, 
Location and their Residential Status have no role 
in their time spent on their chosen chatbots. 

Implications of the study

Companies can use these findings to improve chatbot 
functions and increase overall user satisfaction. Since 
Bixby and IBM Watson show lower user engagement 
compared to Google Assistant, Amazon Alexa, and 
Siri, these companies should focus on improving 
brand awareness and device integration. As user 
perceptions do not vary by gender or location, chatbot 
improvements should follow gender-neutral and 
location-neutral approaches.

Future scope of research

This paper provides a foundational overview of 
chatbots and users’ perception towards voice activated 
chatbots. For further exploration, consider delving 
deeper (Yuan et al., 2024) (Yuan et al., 2024) into 
specific areas like the Impact of Voice-Activated 
Chatbots on Elders. Change the target audience and 
analyse the users’ perception to obtain most robust 
results. Use other statements in Likert scale for more 
variables and analyse deeper.
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Annexure – Questionnaire

Questionnaire on Voice-Activated Chatbots

1.	 Gender
	 (a)	 Male
	 (b)	 Female
2.	 Location
	 (a)	 Vijayawada
	 (b)	 Guntur
	 (c)	 Tenali
	 (d)	 Others
3.	 Provide your Residential Status
	 (a)	 Dayscholar 
	 (b)	 Hosteller
4.	 Number of hours spent on these voice-activated 

chatbots. (e.g.: 1 hour spent = 1) ...
5.	 From the following voice-activated chatbots, 

choose the best option.
	 (a)	 Amazon Alexa
	 (b)	 Apple Siri
	 (c)	 Google Assistant
	 (d)	 Samsung’s Voice Assistant (Bixby)
	 (e)	 IBM Watson Assistant
6.	 Provide your agreement with the following 

statements that focus on usage of the chosen 
product that measures Chatbots Effectiveness. 

	 Likert Scale used in Questionnaire.
S. 

No. Statements 1 2 3 4 5

1 More voice clarity      
2 Takes less instructions      
3 Takes less response time      
4 Provides more accurate results      

5 Validates or accepts maximum 
results      

6 Can easily operate other devices      
7 Can perform multitask routines      
8 Compatible with every device      
9 It remembers instructions given      

10 Hands-free calling and 
messaging      

11 Sets reminders effortlessly      
12 Schedules meetings effortlessly      

13 Gets directions and traffic live 
reports      

14 Online shopping and orders      
15 Health and fitness assistance.      
16 Helps in language translation.      

	 1 – Strongly Disagree; 2 – Disagree; 3 – Neutral; 
4 – Agree; 5 – Strongly Agree.

7.	 Rank the following voice activated chatbots.
	 (a)	 Amazon Alexa
	 (b)	 Apple Siri
	 (c)	 Google Assistant
	 (d)	 Samsung’s Voice Assistant (Bixby)
	 (e)	 IBM Watson Assistant

Thank you for sparing your valuable time in filling this 
survey form. 


