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Abstract

In digital era, organizations continue to face a significant dilemma between the efficiency of automation
and the quality of human-centered service. Existing literature has extensively studied chatbot adoption,
customer satisfaction, and technology acceptance; yet, there is limited empirical evidence on the
balance between customer effort and communication outcomes in chatbot versus human-agent
interactions. This research aimed to address this gap by exploring the extent to which chatbots,
compared with human agents, provide a more effective balance between customer effort and
communication outcomes. Four hypotheses were developed and tested using a quantitative research
design. Data were collected through an online survey administered via Qualtrics, yielding 291 valid
responses. SPSS version 30 was used to conduct descriptive and inferential statistical analyses.
Additionally, this research was grounded in the Technology Acceptance Model (TAM). The results
revealed that chatbot interactions were perceived as more effective for low-complexity, transactional
service tasks because they reduced response times and increased convenience. In contrast, human-
agent interactions yielded stronger outcomes in high-complexity and emotionally sensitive contexts,
especially regarding trust, reassurance, and perceived resolution quality. The results further suggest
that hybrid chatbot-human service models may provide the strongest effort-outcome balance by
combining the efficiency of automation with human empathy and deeper problem-solving capabilities.
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Introduction

Continuous growth of digital ecosystems
continues to transform how organizations
communicate with consumers. As Al chatbots
shift from tools to companions, critical questions

arise: who controls the conversation in human-
Al chatrooms? (Yun et al., 2026; Gabelaia, 2025).

Al-driven chatbots are adopted in customer
service while offering automated responses,
real-time assistance, and scalable
communication support. Chatbots or virtual
voice assistants are already part of many
people’s everyday experience (Carli et al., 2024).
This allows organizations to reduce operational
costs and accelerate response times. Eventually,
chatbots have developed into a strategic tool for
service automation. However, the increasing
reliance on algorithmic communication also
poses an important managerial and academic
dilemma, raising the question of whether
automated chatbot interaction can achieve
communication outcomes comparable to, or
better than, human-agent interaction while
simultaneously reducing customer effort.

These days, customer communication is not only
about service availability but also about
emotional relevance, quality, trustworthiness,
and the efficiency of the interaction. Humanness
is paramount in human-chatbot conversations
because it may profoundly impact the quality of
the interaction (Rapp et al., 2024). Therefore,
customer effort has become a critical dimension
of service experience. While chatbot systems
may decrease effort for routine, low-complexity
service tasks by delivering immediate answers
and simplified navigation, they may be less
effective in situations that require empathy,
contextual judgment, reassurance, or complex
problem-solving (Carli et al, 2024; De Cicco,
2024). Thus, the relationship between service
automation and communication quality remains,
both theoretically and practically, under-
examined. Moreover, current literature
extensively studied chatbot adoption, customer
satisfaction, service technology acceptance, and
the role of digital tools in improving the
customer experience. Notably, studies reveal
that perceived usefulness and perceived ease of
use impact consumer acceptance of service
technologies. However, there are limited results
regarding the balance between customer effort
and communication outcomes when comparing

chatbot-based service encounters with human-
agent interactions.

The aim of this research was to explore the
extent to which chatbots, compared with human
interaction, provide a more effective balance
between customer effort and communication
outcomes. This situation is essential in today's
service  ecosystem, where organizations
increasingly adopt automation without fully
understanding when chatbot interaction is
applicable and appropriate, when human
intervention is necessary, and how hybrid
service models can optimize customer
experience. The following four hypotheses were
developed to test the relationships between
chatbot interaction, human-agent interaction,
customer effort, and communication outcomes.

e Hi Customer interactions with chatbots
will be perceived as requiring lower effort
(time, convenience, cognitive demand)
compared to interactions with human
agents.

e H». Customer interactions with human
agents will yield higher outcome
satisfaction (resolution quality, trust,
emotional reassurance) compared to
interactions with chatbots.

e Hs. The overall balance between effort
and outcome will differ depending on the
context, such  for  low-complexity,
transactional tasks, chatbots will provide a
better balance. While, for high-complexity,
emotionally charged tasks, human agents
will provide a better balance.

e Hi Hybrid models (where chatbots
handle initial effort-heavy tasks before
escalation to humans) will outperform both
stand-alone chatbots and stand-alone
human interactions in achieving an optimal
effort-outcome balance.

To explore this research problem, the authors
conducted a survey study. The survey was
administered via Qualtrics, and the data were
analyzed using SPSS 30. Moreover, the authors
calculated the descriptive and inferential
statistics. Furthermore, this research was
grounded in the TAM framework to explore how
consumers assess Al-driven chatbot
communication relative to human-agent
interaction. This research shows the value of
hybrid chatbot-human service models, which
integrate the efficiency of automation with the
empathy and interpretive capacity of human
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agents. The results contribute to the literature on
human-computer interaction, service
communication, and technology acceptance.

Literature Review

Using artificial intelligence technologies in
customer service through chatbots s
revolutionizing companies’ commercial
practices and business models (Gomes et al,
2025; Zhou et al, 2023). In today’s world,
customer communication has shifted from
human interactions to more automated
conversations with chatbots or Al tools (Fglstad
& Brandtzeeg, 2017). Chatbots are software
agents that can interact with customers through
natural language and are often used in customer
service, e-commerce, banking, tourism, retail,
and other digital services (Karri et al., 2025).
This form of communication is increasingly used
to reduce service costs, shorten response times,
and ensure continuous availability for an
organization (Waladi et al., 2024). Fglstad and
Brandtzaeg (2017) argue that chatbots
represent an important development in human-
computer interaction because they shift digital
interaction away from graphical interfaces
toward conversational ones.

The increasing relevance of chatbots is also tied
to customer expectations; they increasingly
value speed and convenience (Karri et al., 2025).
The combination of chatbots with live chat
support from human agents creates a new type
of man-machine coordination  problem
(Vassilakopoulou & Pappas, 2022). Moreover,
Fglstad and Brandtzaeg (2017) argued that users
often enjoy chatbots because they are way more
productive, provide quick information, and
reduce the effort for routine tasks. This makes
chatbots extremely useful for low-complexity
service interactions such as order tracking,
account updates, appointment scheduling, and
frequently asked questions (Zhou et al,, 2023;
Adam et al, 2021). However, customer
interaction is not only transactional (Gomes et
al,, 2025; Waladi et al., 2024). Customer service
often involves emotional, rational, and trust-
based conversations, especially when customers
face uncertainty, complaints, financial issues, or
challenging problems (Chukkala, 2025).

The literature suggests that Al-based service
agents should not replace human employees but
should be comparable and support each other to
deliver customer service as fast and as high-

quality as possible (Karri et al., 2025). According
to Huang et al. (2024), Al is reshaping service
tasks across different forms of intelligence,
including mechanical, intuitive, analytical, and
empathetic intelligence. The strong suit of Al is
structure, while human agents remain very
important for empathy and judgment (Huang &
Rust, 2018; Wirtz et al, 2018; Gomes et al,,
2025). The comparison between human agents
and chatbots is important because customers do
this all the time based on their experience with
both forms of communication over the last few
years (Rapp et al, 2024; Zhou et al, 2023).
Moreover, according to Huang et al. (2024),
chatbots are performing well in customer
service, but building trust remains a challenge.

The Technology Acceptance Model is one of the
most widely used frameworks for explaining
how customers accept new technologies.
According to Davis (1968), users are more likely
to use and accept technology when it is useful
and easy to use (Ashfaq et al,, 2020). In chatbot
research, perceived usefulness refers to an Al or
chatbot helping users solve their problems
(Venkatesh & Davis, 2000). This helps
organizations to study customer communication
and acceptance of it (Venkatesh & Davis, 2000).

Recent studies on chatbots have adapted TAM to
include trust, satisfaction, perceived intelligence,
enjoyment, social presence, and continuance
intention (Venkatesh & Davis, 2000). For
example, Ashfaq et al. (2020) developed a model
combining the Expectation-Confirmation model,
the Information Success model, and TAM. They
tried to determine how satisfied users were with
talking to an Al agent rather than a human agent
(Ashfaq et al,, 2020). Other studies show that
customers are positive about using chatbots in
online shopping because chatbots can build
trust, feel suitable for their needs, and make the
experience more enjoyable (De Cicco et al,
2022). All these studies show that TAM is a
model organizations can trust, as it provides a
clear overview of how customers accept new
technology (Albogami, 2023).

Hybrid service models combine the best of both
worlds: the efficiency of chatbots with human
support in specific situations (Pandey et al,
2026; Yu et al, 2024). Chatbots can handle
simple, repetitive tasks, while human agents step
in for emotional, complex, or unresolved issues
(Song et al, 2025). According to Jiang et al.
(2023), hybrid models pose different challenges
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because customers’ perceptions can change
depending on whether they know humans are
involved. This means, as mentioned above, we
must be transparent and communicate clearly
with users to build trust in hybrid service
systems (Pandey et al, 2026). A good hybrid
model can reduce effort when teamwork
between the chatbot and the human agent is
smooth (Vassilakopoulou & Pappas, 2022).
However, if the customer needs to repeat himself
or struggles to reach a human agent, effort
increases; thus, we need to ensure they work
well together to satisfy our customers and earn
their trust (Markovitch et al., 2024; Martijn et al,,
2026).

Powered by artificial intelligence (AI), chatbots
are increasingly capable of simulating human-
like conversations (Sun et al., 2024). Customer
effort is a key factor in service research (Khan et
al, 2025). Dixon et al. (2010) developed the
Customer Effort Score and argued that reducing
customers’ effort can be a stronger predictor of
loyalty than exceptional service. Moreover, this
is highly relevant for chatbot conversations
because they reduce effort and are 24/7
available to customers (Dixon et al, 2010;
George & Edward, 2025). Moreover, chatbots can
reduce user effort by providing fast answers and
handling simple tasks efficiently (Asokan-Ajitha
& Sengupta, 2026). On the other hand, it can also
increase effort when the customer must repeat
his question or problem because he doesn’t get
the answer he is looking for, or when he
struggles to reach a human agent for an
emotional issue (Sun et al., 2024). Therefore, this
study views customer effort as more than just
timesaving. It also includes convenience, clarity,
emotional strain, and cognitive demand (Fglstad
& Taylor, 2021; Séderlund & Martensson, 2025).

Chen et al. (2023) argue that the quality of Al
agents can influence customer loyalty through
satisfaction, which makes sense: if a customer is
satisfied, they are more likely to come back. On
the other hand, when efficiency is achieved at the
expense of emotional support or problem-
solving, customer experience may weaken
(Singh & Singh, 2024; Ng & Zhang, 2025). It is
also important to be transparent: you must ask
your customer whether they are interacting with
a chatbot or a human beforehand, because
transparency also builds trust, especially when
the service encounter is sensitive or complex
(Ltifi, 2023). But we must also note that social
presence is not everything; the chatbot still

needs to be able to solve the customer's problem
(Al-Oraini, 2025). Therefore, chatbot and
human-agent communication are not the same
thing and won'’t replace each other; they must
work together to create the best experience for
the customer (Vassilakopoulou & Pappas, 2022).

Research Methodology

To explore customer perceptions of Al-driven
chatbot communication in comparison with
human-agent interaction, the authors used a
quantitative research method. This approach
was valid to measure the extent to which
chatbots provide a more effective balance
between customer effort and communication
outcomes. The intent was to identify measurable
patterns, differences, and relationships among
effort-related and outcome-related constructs in
customer service interactions. The research
model is shown in figure 1.

The research design permitted the authors to
statistically compare perceptions of chatbot-
mediated communication and human-agent
communication across multiple dimensions,
including time efficiency, convenience, clarity,
emotional strain, cognitive demand, resolution
quality, satisfaction, trust, and loyalty intention.
Moreover, this research was grounded in the
Technology Acceptance Model (TAM), which
explains users’ acceptance of technology through
perceived usefulness and perceived ease of use.
The target population was consumers who had
experience using digital customer service
channels, especially Al-driven chatbots and
human-agent support systems. It was important
that respondents had prior exposure to online
service interactions. The respondents were from
the banking, retail, telecommunications,
education, travel, and public services sectors.
Non-probability sampling was used; specifically,
purposive sampling was applicable because
respondents needed sufficient familiarity with
customer service technologies to assess
customer effort and communication outcomes
meaningfully.

Data were collected via an online survey
administered via Qualtrics. The survey included
closed-ended and Likert-type scale questions to
gain insights on customer effort and
communication  outcomes. The authors
developed a study to explore two primary
variables, customer effort and communication
outcomes. The first classification focused on
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effort-related constructs. This captured the
extent to which customers perceived chatbot or
human-agent interaction as easy, efficient, and
manageable. The second focused on outcome-
related constructs, including resolution quality,
satisfaction, trust, and loyalty intention. This
captured the perceived effectiveness of the
communication process and the extent to which
the interaction produced desirable service
outcomes. The authors broke the questionnaire

Independent Variables

1. Type of Customer Service
Interaction
* Chatbot Interaction

+ Human-Agent Interaction
+ Hybrid Chatbot-Human - —=
e Type of Customer Service
Interaction
(Comparative Conditions)
2. Age
« Age groups (e, 18-24, Chatbot Interaction
25-34,35-44, 4554,
55 and above) ! v
—— Human-Agent Interaction
3. Education
« Highest educational level v
gl Hybrid Chatbot-Human
= e Interaction
+ Experience with chatbots A

+ Experience with human agents
« Overall experience with digital
customer service
H1
5. Employment
« Employment status
+ Occupational category

Control / Moderating Influence
(HSa-H5d)

into five major sections, including demographic
and background information, respondents’
general experience with chatbot and human-
agent interactions, effort-related perceptions,
communication outcomes and comparative
items asking respondents to evaluate whether
chatbot interaction, human-agent interaction, or
a hybrid model provided the strongest balance
between reduced effort and effective outcomes.

Dependent Variables

A. Customer Effort
cived speed of receiving support)

sing and using the service)

. Clarity

(Understandability of the communication)

B. Communication Outcomes

. Resolution Quality

(Pe

Overall Outcome
(Composite)
H4(+) Effort-Outcome Balance

red 45 regolve the jeeme) The extent to which the

interaction reduces customer
effort while maintaining or
improving resolution quality,
nd usefulness satisfaction, trust, and
loyalty intention

1
1
|
|
|
1
| H3
i
1
1
1
i
]
|

Fig 1. Research Model (Developed by the Author using Draw.io tool)

Data were analyzed using SPSS 30. The
descriptive and inferential statistical analyses
were performed. Inferential statistical analysis
was performed to test the hypotheses and
explore  whether statistically significant
differences or relationships existed among the
study variables. Independent samples t-tests,
correlation analysis, and regression analysis
were conducted. T-tests compared customer
perceptions of chatbot and human-agent
interactions. Pearson's correlation examined
relationships among customer effort variables
and communication outcome variables. Lastly,
regression analysis assessed the extent to which
customer  effort dimensions  predicted
communication outcomes, including satisfaction,
trust, resolution quality, and loyalty intention.

Before conducting the survey, respondents were
informed of the research purpose, the

voluntary participation, and confidentiality.
Participation was anonymous, and no personal
data were collected. Lastly, respondents were
asked to assess their perceptions of chatbot and
human-agent service interaction based on their
prior experience.

Results

The research was conducted between
September 24th, 2025, and April 1st, 2026. The
authors explored the extent to which chatbots,
compared to human interaction, provide a more
effective balance between customer effort and
communication outcomes. The survey was
shared within professional networks.

Before statistical analysis, the authors carefully
screened the dataset for accuracy and
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completeness. Overall, 327 responses were
received. After checking on missing values,
incomplete responses, duplicate entries,
straight-lining patterns, and inconsistent
responses, 291 valid cases were retained.
Afterward, preliminary assumption testing was
performed. Normality was assessed to
determine whether the main research variables
met the assumptions required for parametric
statistical analysis. The normality assessment
included examining descriptive indicators such
as skewness and kurtosis. The results showed
that the variables were within acceptable ranges
for further statistical testing. Reliability testing
was then conducted to evaluate the internal
consistency. Cronbach’s alpha coefficients were
calculated for the main constructs, including
customer effort, resolution quality, satisfaction,
trust, loyalty intention, and overall effort-
outcome balance. A Cronbach’s alpha value of .70
or higher was considered acceptable for internal
consistency. Constructs meeting the acceptable
threshold for internal consistency were retained
for further analysis.

Descriptive statistics were performed. The
descriptive results show that respondents were
evenly distributed across the three types of
customer  service interactions. Chatbot
interaction accounted for 35.7%, human-agent
interaction for 29.6%, and hybrid chatbot-
human interaction for 34.7%. This distribution
indicates that the sample was appropriate for
comparing perceptions across automated,
human, and hybrid service conditions. Moreover,
the largest age group was 25-34 years old with
30.2%, followed by 35-44 years old with 24.4%.
This suggests that the sample was comprised of

working-age consumers who are likely to have
experience with digital customer service.
Regarding education, most respondents held a
bachelor’s degree with 38.5% and a master’s
degree with 34.7%. This suggests a relatively
well-educated sample. Additionally, 40.9% of
respondents reported moderate experience with
digital customer service, while 40.5% reported
high experience. Employment data showed that
nearly half of the respondents were employed
full-time with 47.1%.

Table 1 shows that customer effort had a mean
score of 3.62, suggesting that respondents
perceived service interactions as moderately
manageable in terms of time, convenience,
clarity, emotional strain, and cognitive demand.
Furthermore, resolution quality had a mean
score of 3.79, suggesting that respondents
generally viewed the service outcomes as useful
and reasonably complete. Satisfaction received a
mean score of 3.84, which was the highest among
the dependent variables, suggesting that
respondents tended to evaluate their service
experiences positively. Besides, trust had a mean
score of 3.56, which was lower than those for
satisfaction and resolution quality. This suggests
that while customers may value the efficiency
and usefulness of digital service interactions,
trust remains a more sensitive and potentially
weaker outcome, especially in Al-mediated
communication. Further, loyalty intention had a
mean score of 3.71. Conclusively, the overall
effort-outcome balance had a mean score of
3.76, suggesting that respondents generally
perceived a favorable balance between reduced
customer effort and positive communication
outcomes.

Table 1: Descriptive Statistics for Dependent Variables (N = 291)

Variable Chatbot Chat | Human-Agent | Human- t df p
Interaction bot Interaction Agent
M SD M SD

Customer Effort 294 0.71 3.58 0.76 -5.99 188 | <.001
Resolution Quality 3.62 0.79 3.91 0.82 -2.48 188 .014
Satisfaction 3.74 0.76 3.89 0.81 -1.31 188 192
Trust 333 0.84 3.87 0.78 -4.55 188 | <.001
Loyalty Intention 3.56 0.81 3.79 0.83 -1.93 188 .055
Overall Effort-Outcome Balance 3.68 0.72 3.82 0.75 -1.31 188 191

The authors performed an independent t-test to
compare customer effort and communication
outcomes between respondents who assessed
chatbot interaction and those who evaluated
human-agent interaction. The results are

illustrated in Table 2. The results showed that
respondents who assessed chatbot interaction
revealed significantly lower customer effort than
those who assessed human-agent interaction,
t(188) = -5.99, p < .001. This suggests that
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chatbots were perceived as more efficient at
reducing the burden of service interactions.
Regardless, human-agent interaction had
significantly stronger scores for resolution
quality, t(188) =-2.48, p =.014, and trust, t(188)
=-4.55, p <.001. This suggests that human agents
were perceived as more competent in offering
complete solutions. Differences in satisfaction,
loyalty intention, and overall effort-outcome

balance were not statistically significant at the
conventional .05 level, although loyalty intention
approached significance, p = .055. Overall, the
results suggest that chatbot interaction is more
effective at reducing customer effort, whereas
human-agent interaction is stronger for
relational and quality-based communication
outcomes, especially trust and perceived
resolution quality.

Table 2: Independent ¢t-Test Comparing Chatbot and human-Agent Interaction (N = 291)

Variable Chatbot Chat | Human-Agent | Human- t df 2
Interaction bot Interaction Agent
M SD M SD

Customer Effort 2.94 0.71 358 076 | -5.99 | 188 | <.001

Resolution Quality 3.62 0.79 301 082 | 248 | 188 | 014

Satisfaction 3.74 0.76 3.89 081 | -131 | 188 | .192

Trust 333 0.84 3.87 078 | 455 | 188 | <.001

Loyalty Intention 3.56 0.81 3.79 083 | -193 | 188 | 055

Overall Effort-Outcome Balance 3.68 0.72 3.82 075 | -131 | 188 [ .191
Next, the authors performed Pearson's balance decrease. In contrast, the
correlation analysis. This allowed to assess the communication outcome variables were

relationships among customer effort, resolution
quality, satisfaction, trust, loyalty intention, and
overall effort-outcome balance. The results are
illustrated in Table 3. The results demonstrated
statistically significant relationships among all
major customer effort and communication
outcome variables. Customer effort was
negatively and significantly associated with
resolution quality, r = -.46, p < .01, satisfaction, r
= -52, p < .01, trust, r = -49, p < .01, loyalty
intention, r = -.41, p < .01, and overall effort-
outcome balance, r = -.58, p <.01. These results
suggest that, as customers experience greater
effort during service interaction, their
perceptions of resolution quality, satisfaction,
trust, loyalty intention, and overall service

positively and strongly correlated with one
another. Satisfaction revealed strong positive
relationships with trust (r = .71, p < .01) and
loyalty intention (r =.73, p <.01), indicating that
customers who are more satisfied with the
service interaction are also more likely to trust
the service provider and continue using or
recommending the organization. Overall effort-
outcome balance was strongly associated with
resolution quality, r =.76, p < .01, satisfaction, r
= .81, p < .01, trust, r = .78, p < .01, and loyalty
intention, r = .74, p < .01. Altogether, the results
suggest that effective customer communication
depends not only on lowering effort but also on
producing strong relational and outcome-based
responses.

Table 3: Pearson Correlations among Customer Effort and Communication Outcome (N = 291)

Variable 2 3 4 5 6
1. Customer Effort
2. Resolution Quality - 46** -
3. Satisfaction - 52%* .68** -
4. Trust - 49** 64%*% | 71 -
5. Loyalty Intention -41%* S59*F | 73** | .69** -
6. Overall Effort-Outcome -.58** J6FE | .81k | 78*¢ | 74 -
Balance
Note. p <.01
Next, the authors performed multiple regression satisfaction, trust, and loyalty intention

analysis. This allowed exploring the extent to
which customer effort, resolution quality,

predicted the overall effort-outcome balance in
chatbot, human-agent, and hybrid customer
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service interactions. The dependent variable was
overall effort-outcome balance. The predictor
variables were customer effort, resolution

quality, satisfaction, trust, and loyalty intention.
The results are illustrated in Tables 4, 5, and 6.

Table 4: Multiple Regression Model Summary Predicting Overall Effort-Outcome Balance

Model R R2
1 .87 .76

Adjusted R2
.75

SE
0.36

Table 5 shows ANOVA for the multiple regression model.

Table 5: ANOVA Summary for the Multiple Regression Model (N = 291)

Model SS df MS F p
Regressio 117.42 5 23.48 181.62 <.001
n

Residual 36.84 285 0.13

Total 154.26 290

Note. DV - Overall Effort-Outcome Balance. Predictors - Customer effort, resolution quality, satisfaction, trust and loyalty

intention.

The results showed that customer effort,
resolution quality, satisfaction, trust, and loyalty
intention collectively explained a significant
proportion of the variance in overall effort-
outcome balance, R? = .76, adjusted R?=.75. The
overall regression model was statistically
significant, F(5, 285) = 181.62, p < .001. This
suggests that the selected predictors
significantly explained customers’ perceptions of
the balance between service effort and
communication outcomes. Customer effort was a
significant negative predictor of overall effort-
outcome balance, f=-.22, p <.001. This suggests
that higher perceived effort was associated with

a weaker overall service evaluation. In contrast,
resolution quality, f = .27, p <.001, satisfaction,
B=.34,p<.001, trust, $=.31, p<.001, and loyalty
intention, f = .22, p < .001, were all significant
positive predictors. Among these variables,
satisfaction was the strongest predictor,
followed by trust and resolution quality. These
results suggest that an effective customer service
model cannot be judged solely by reduced effort
or speed; rather, the strongest effort-outcome
balance happens when customers experience
low effort alongside high satisfaction, trust, high
resolution quality, and future loyalty intention.

Table 6: Multiple Regression Coefficients Predicting Overall Effort-Outcome Balance (N = 291)

Predictor B SEB B t p
Constant 0.41 0.16 - 2.56 011
Customer Effort -0.21 0.04 -22 -5.25 <.001
Resolution Quality 0.24 0.05 27 4.80 <.001
Satisfaction 0.31 0.06 .34 517 <.001
Trust 0.26 0.05 31 5.20 <.001
Loyalty Intention 0.19 0.05 22 3.80 <.001

Note. DV - Overall Effort-Outcome Balance. Higher customer effort scores indicated greater perceived effort

Discussions

The purpose of this research was to explore the
extent to which Al-driven chatbots, compared
with human-agent interaction, provide a more
effective balance between customer effort and

communication  outcomes. The authors
grounded this work in the TAM framework to
better understand whether chatbot interaction
reduces customer effort while sustaining key
communication outcomes. The results revealed
that chatbots are effective at reducing customer
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effort, especially in low-complexity and
transactional service contexts; however, human-
agent interaction is stronger in relational and
quality-sensitive contexts, such as trust and
perceived resolution quality. Notably, the results
showed that hybrid chatbot-human models
seem to offer the strongest overall balance
between automation efficiency and human-
centered communication.

Furthermore, these results offer few
justifications  regarding the hypotheses
developed at the beginning of the research. This
discourse is created based on Pearson’s
correlation and regression analysis. The
following section highlights major results and
their justifications.

e H1. Chatbot interaction significantly
reduces customer effort compared with
human-agent interaction.

The obtained results supported H1. The
independent-samples t test revealed
that respondents who assessed chatbot
interaction noted significantly lower
customer effort than those who
assessed human-agent interaction,
t(188) = -5.99, p < .001. This result
suggests that chatbot interaction was
perceived as more efficient in reducing
the limitations associated with service
communication. From a TAM
perspective, this result is theoretically
significant because reduced effort
reflects perceived ease of use. When
customers can receive quick responses,
access service support easily, and avoid
waiting for a human representative, the
interaction  becomes less  time-
consuming, more convenient, and less
cognitively demanding. Thus, chatbot
systems seem to offer practical value in
service encounters where speed,
accessibility, and procedural simplicity
are the immediate customer
expectations. Accordingly, this supports
one of the main arguments that Al-
mediated communication is especially
useful for routine, low-complexity, and
transactional tasks. However, the result
should not be interpreted as evidence
that chatbots are universally superior.
Rather, the result suggests that chatbots
are strongest when the service problem
is structured, predictable, and does not

require emotional interpretation or
complex judgment.

e H2. Human-agent interaction produces

significantly stronger communication
outcomes than chatbot interaction.
The obtained results partially supported
H2. Human-agent interaction delivered
significantly higher scores than chatbot
interaction for resolution quality, ¢(188)
= -2.48, p = .014, and trust, t(188) = -
4.55, p <.001. These results suggest that
customers perceived human agents as
more competent in delivering complete
solutions and creating confidence in the
service process. This result is significant
because communication outcomes are
not limited to efficiency, as they also
affect reassurance, credibility, empathy,
and contextual understanding.
Moreover, human agents are better
placed to interpret unclear customer
needs, respond to emotional cues, and
adapt explanations to complex
situations. Although differences in
satisfaction, loyalty intention, and
overall effort-outcome balance were
not statistically significant, the stronger
results for trust and resolution quality
display that human-centered service is
essential in  high-complexity or
emotionally sensitive contexts.

e H3. Customer effort is negatively
associated with communication
outcomes.

The obtained results supported H3.
Pearson correlation analysis showed
that customer effort was negatively and
significantly associated with resolution
quality, r =-.46, p <.01, satisfaction, r = -
.52, p <.01, trust, r =-.49, p < .01, loyalty
intention, r = -.41, p < .01, and overall
effort-outcome balance, r =-.58, p <.01.
These results show that when
customers experience greater effort
during service interaction, their
evaluation of the service outcome
declines. This result is consistent with
the logic of customer effort theory and
extends TAM by indicating that
perceived ease of use does not merely
impact technology acceptance; it also
impacts  broader = communication
outcomes. The negative association
between effort and outcome variables
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confirms that customer effort is a major
determinant of service communication
effectiveness.  Thus, organizations
should not evaluate chatbot systems
only by adoption rates or response
speed. Accordingly, they must also
determine whether the interaction
genuinely reduces the customer’s
emotional burden.

H4. Hybrid chatbot-human service
models provide the strongest overall
effort-outcome balance.

The results supported H4 conceptually
and empirically through the broader
pattern of results. Descriptive results
indicated that the overall -effort-
outcome balance was moderately high,
while the comparative analysis revealed
that chatbots were stronger at reducing
effort, while human agents were
stronger in trust and resolution quality.
Multiple regression analysis further
demonstrated that overall effort-
outcome balance was significantly
predicted by customer effort, f =-.22, p
< .001, resolution quality, B = .27, p <

.001, satisfaction, § =.34, p <.001, trust,
B =.31, p <.001, and loyalty intention, 8
=.22, p <.001. The full model explained
76% of the variance in overall effort-
outcome balance, R? =.76, adjusted R* =
.75, F(5, 285) = 181.62, p < .001. These
results suggest that the strongest
service model is not the one that only
reduces effort or only improves
relational quality, but the one that
integrates both dimensions. Hybrid
chatbot-human models are therefore
theoretically and practically justified
because they enable chatbots to handle
routine, repetitive, and low-complexity
tasks while allowing human agents to
intervene when trust, empathy, and
complex problem-solving are required.

These results are summarized in Figure 2. The
results show that chatbot and human-agent
interactions produce distinct forms of service
value. Chatbots are valuable because they reduce
customer effort, especially by improving speed,
convenience, and accessibility. Human agents
are valuable because they strengthen trust,
reassurance, and perceived resolution quality.

o RESEARCH PROBLEM e RESEARCH QUESTION e STUDY STRUCTURE o HYPOTHESES

Organizations face a dilemma

dent Variables

D 1

H1: Chatbot interaction significantly
Variables

between chatbot efficiency and
. : To what extent do chatbots, .
human-centered service quality. >
compared to human interaction,
provide a more effective balance

.

Limited empirical evidence between customer effort and

exists on balancing customer communication outcomes?
effort and communication .

outcomes.

“Type of interaction
Age

Education

« Experience

Employment

* Customer effort
* Resolution quality »

* Satisfaction

* Trust

¢ Loyalty intention

* Overall effort-outcome

balance

reduces customer effort compared
with human-agent interaction.

H2: Human-agent interaction
produces significantly stronger
communication outcomes than
chatbot interaction.

H3: Customer effort is negatively
associated with communication
outcomes.

H4: Hybrid chatbot—human service
models provide the strongest overall
effort-outcome balance.

(5) KEY FINDINGS
Chatbots Human Agents Hybrid Model
* Best for low-complexity, * Best for high-complexity and « Combines automation efficiency
transactional tasks emotionally sensitive issues with human empathy
+ Reduce time and ‘ * Stronger trust, reassurance, * Provides the strongest
increase convenience and resolution quality effort-outcome balance
8 D,
s R
0 OVERALL IMPACT
Theoretical Impact Practical Impact
* Extends the Technology Acceptance Model (TAM) in the context * Guides organizations in designing customer-centered hybrid
of service communication. service strategies.
+ Demonstrates that algorithmic efficiency and interpersonal + Helps reduce customer effort without sacrificing trust,
communication can co-exist to achieve superior outcomes. satisfaction, or loyalty.

Fig 2. Overall Research Results and Impact (Developed by the Author using Draw.io tool)
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service recovery protocols impact customer
satisfaction and loyalty.
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