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Abstract

Digitalization, including the implementation of artificial intelligence (Al) applications,
is one of the key enablers of business agility in contemporary enterprises. Micro and
small enterprises (MSEs) are increasingly expected to adopt scalable and cost-effective Al
tools as part of their digital transformation. This study investigates the implementation of
an Al-powered chatbot in a Slovak micro-enterprise operating an e-commerce platform,
aiming to assess its effectiveness in automating customer service processes. Using a
mixed-method case study approach, the research combines quantitative data on service
performance (e.g., number of inquiries handled, response time, and automation rate) with
qualitative insights from employee and customer feedback. The findings show that the
chatbot significantly reduced staff workload and improved response speed and customer
satisfaction. However, challenges were identified in handling ambiguous queries and
maintaining empathetic communication in complex situations, underscoring the need for
regular updates and human oversight. The study contributes to the limited empirical
literature on Al integration in micro-enterprises and provides practical recommendations
for MSEs seeking to enhance their operational efficiency through Al-driven tools without
large-scale investments. These results offer a nuanced perspective on how even resource-
constrained businesses can benefit from Al adoption when implementation is carefully
aligned with their specific needs and capabilities.

Keywords: artificial intelligence; chatbot; customer service automation; micro-enterprise;
agility enabler; digital transformation; affordable Al tools; case study; e-commerce

1. Introduction

In the era of rapid technological advancement, artificial intelligence (AI) has emerged
as a transformative force across virtually all sectors of the economy. From predictive
analytics and supply chain optimization to customer engagement and decision support, Al-
driven tools are increasingly integrated into business processes to improve efficiency, agility,
and competitiveness [1,2]. However, the adoption of such technologies has been uneven,
with large enterprises at the forefront of implementation, while small- and medium-sized
enterprises (MSEs)—and particularly micro-enterprises—continue to lag behind due to
various structural and resource-related constraints [1,2].

Despite their limited financial and technical capacities, MSEs face mounting pressure to
embrace digital transformation [3,4]. Competitive markets, shifting customer expectations,
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and the rise in digital-native businesses demand faster, more personalized, and more cost-
effective services—demands that Al tools are uniquely positioned to meet [5,6]. For MSEs,
digital transformation is not only an opportunity for growth but increasingly a necessity
for survival. Yet the practical integration of Al into their workflows remains challenging
due to factors such as a lack of expertise, limited access to infrastructure, uncertainty about
return on investment, and perceived risks related to automation [7,8].

Digitalization and the use of Al applications are now widely recognized as key en-
ablers of business agility—the organization’s ability to sense, adapt, and respond to change
effectively. Through automation, data-driven insights, and continuous learning mecha-
nisms, Al technologies support agile decision-making and operational flexibility, enabling
firms to adjust strategies and processes in real time [9]. For micro- and small enterprises, Al
adoption represents not only a technological upgrade but also a strategic pathway toward
sustainable competitiveness and resilience in volatile markets [10].

Slovakia represents a digitally connected but unevenly digitalized business environ-
ment. According to Eurostat data and the Digital Economy and Society Index (DESI),
internet penetration and basic digital infrastructure in Slovakia have reached a relatively
high level, creating favorable conditions for e-commerce and online service delivery [11].
At the same time, the level of advanced digital technology adoption among Slovak small
and micro-enterprises remains below the EU average, particularly in areas such as artificial
intelligence, data analytics, and automation [12]. Recent studies confirm that while Slovak
firms widely use basic ICT tools (websites, e-mail, e-shops), the integration of intelligent
systems and Al-based applications is still in an early stage and strongly dependent on
managerial attitudes, digital skills, and perceived economic benefits [13]. This gap between
relatively mature digital infrastructure and limited organizational digital readiness creates
a specific national context in which Al adoption in micro-enterprises occurs—one charac-
terized by high technological availability but constrained internal absorptive capacity. As
a result, Al tools such as chatbots represent a realistic entry point for incremental digital
transformation in Slovak micro-firms, allowing experimentation with automation without
requiring large-scale investments or IT departments [14].

One of the most accessible Al applications for MSEs is the chatbot—a conversational
agent designed to automate interactions with users, most commonly in the context of
customer service. Chatbots can handle high volumes of customer inquiries simultaneously,
provide instant responses, and free up human resources for more complex tasks. Their
implementation is often viewed as a “quick win” for digitalization efforts, offering tangible
benefits without the need for large-scale IT infrastructure or long development cycles [15].
While Chatbot usage is widespread in large companies and customer service platforms [16],
their integration in micro-enterprise environments has received relatively little attention [5].
Important questions remain about how effectively chatbots function in such settings,
how customers perceive Al-mediated interactions, and what limitations emerge when
chatbots are used to replace human contact in emotionally nuanced or non-standard
situations [3]. While the papers outline how chatbots improve customer experience and
reduce costs [15-17], they do not mention case-specific deployments, especially not in
Slovakia or micro-enterprises. Chatbot deployment in e-commerce MSEs is still emerging
and underdocumented, and specifics such as micro-enterprise and country-level case
studies are lacking. To contribute to this underexplored area, the present study investigates
the deployment of an Al-powered chatbot in a Slovak micro-enterprise operating in the
e-commerce sector [18,19]. The company, like many micro-firms, operates with a small team
managing multiple roles and relying heavily on effective customer communication. The
chatbot was introduced to ease employee workload and enhance responsiveness without
raising costs. This study applies a mixed-method approach, integrating quantitative metrics
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with qualitative insights to holistically evaluate chatbot performance and user experience.
This methodology is widely used in Al chatbot research to capture both system efficiency
and human-centered perspectives [20,21].

Beyond documenting operational outcomes, this study explicitly links chatbot adop-
tion to the broader concepts of digital capability building and micro-enterprise agility. By an-
alyzing real-world deployment in a resource-constrained context, this research contributes
new empirical evidence to the growing body of knowledge on scalable and responsible Al
adoption in micro- and small enterprise settings.

Based on the identified research gap and theoretical background, the study is guided
by the following research questions:

RQ1: How did the implementation of an Al chatbot affect the operational performance
of customer service in a Slovak micro-enterprise?

RQ2: How did chatbot deployment influence employee workload, work organization,
and perceptions of Al in daily operations?

RQ3: How do customers perceive Al-based customer service in terms of satisfaction,
accessibility, and communication quality?

RQ4 (Sub-question): To what extent can chatbot adoption be interpreted as a driver of
micro-enterprise agility and digital capability development?

2. Literature Review

The adoption of artificial intelligence in small and micro-enterprises has gained increas-
ing scholarly attention due to its potential to reshape operational efficiency, competitiveness,
and innovation capability. Early research on digital transformation in SMEs emphasizes
that technology adoption is shaped not only by financial capacity but also by managerial
orientation, digital skills, and perceived strategic value [4,6,7]. Recent studies confirm
that Al-driven tools are becoming progressively accessible to small firms, yet their deploy-
ment remains uneven due to adoption barriers such as limited technical expertise, data
constraints, and perceived implementation risk [5,9,22,23].

From the perspective of organizational agility, information technologies are widely rec-
ognized as fundamental enablers of sensing and responding capabilities [11]. Digitalization
strengthens business agility by accelerating information flows, enabling rapid decision-
making, and supporting adaptive process redesign [12]. For micro-enterprises in particular,
agility is not achieved through scale but through flexibility and rapid reconfiguration of
limited resources. In this context, Al functions as a catalyst rather than a replacement for
human decision-making, aligning with the concept of hybrid intelligence that combines
human and artificial capabilities [24].

Chatbots represent one of the most mature and commercially deployable Al applica-
tions within customer service. Prior studies demonstrate that chatbots improve response
speed, reduce operational costs, and enhance service availability through 24/7 interac-
tion [18,25]. In e-commerce settings, chatbots are particularly effective in handling struc-
tured and repetitive inquiries related to order status, product availability, payments, and
returns [16,18]. Case-based evidence from Nze [19] and Rasheed and Sami [26] further
confirms improvements in operational indicators and customer sentiment, while simultane-
ously emphasizing the continued need for human oversight, continuous content updates,
and context-sensitive chatbot design. These findings provide evidence-based guidance for
micro- and small enterprises (MSEs) pursuing digital transformation under resource con-
straints, as also emphasized by Abayomi and Mgbame [27], and contribute to the growing
literature on scalable and responsible Al adoption strategies [28,29]. At the same time, limi-
tations remain evident in handling emotionally complex, ambiguous, or context-dependent
interactions [30,31].



Information 2025, 16, 1078

40f18

Customer acceptance of chatbot technologies is frequently analyzed through tech-
nology acceptance and service quality perspectives. The Unified Theory of Acceptance
and Use of Technology (UTAUT) highlights performance expectancy, effort expectancy,
and facilitating conditions as key determinants of Al adoption [32]. Empirical evidence
suggests that while customers value speed and convenience, perceived lack of empathy
and human sensitivity remains a critical limitation of conversational AI [28,29]. Trust
in automated systems, therefore, depends on both technical accuracy and perceived
service fairness.

Employee perspectives play an equally important role in successful Al integration. Re-
search on human-AlI collaboration indicates that automation yields positive outcomes when
employees remain involved in supervision, system training, and exception handling [24,27].
In small firms, resistance to Al adoption is often driven by fear of job displacement, lack of
prior experience with intelligent systems, and uncertainty about control over automated
decision-making [21,22]. However, studies also show that once practical benefits become
visible, attitudes frequently shift toward acceptance and collaborative use [25,26].

Despite the expanding body of literature on Al in service operations, empirical case
studies focusing specifically on micro-enterprises remain scarce. Most existing research
concentrates on SMEs or large organizations, often in technology-intensive markets or
emerging economies outside Europe [15,18,22]. Country-specific and micro-level investi-
gations are therefore essential for understanding how Al adoption unfolds under severe
resource constraints, where managerial multitasking, informal processes, and limited IT
infrastructure shape implementation dynamics.

This study directly responds to this gap by providing a detailed case analysis of chatbot
deployment in a Slovak micro-enterprise. By combining operational performance metrics
with employee and customer perspectives, the research contributes empirical evidence to
the emerging field of Al-supported service automation in micro-enterprises. In addition,
it strengthens the theoretical link between chatbot adoption, organizational agility, and
hybrid human—AlI service models under real-world constraints.

3. Materials and Methods

This study employed a mixed-method case study design to investigate the implemen-
tation and effects of an Al chatbot in a Slovak micro-enterprise operating in the e-commerce
sector. The goal was to evaluate the chatbot’s impact on three key dimensions of cus-
tomer service performance: efficiency, employee workload, and customer satisfaction. A
single-case approach was selected to allow for an in-depth exploration of contextual and
behavioral factors surrounding technology adoption within a real-world business environ-
ment. The design follows recommendations for mixed-method inquiry in micro and small
enterprises (MSEs), combining operational metrics with experiential insights to achieve a
comprehensive understanding of the studied phenomenon.

3.1. Case Selection and Context

The selected enterprise is an anonymized micro-business operating in the Slovak e-
commerce sector, established in the late 2010s and employing fewer than ten full-time staff,
which meets the EU criteria for micro-enterprise classification. The company manages a
domestic online retail platform focused on consumer goods and processes several hundred
customer orders and inquiries per month, depending on seasonal demand. At the time of
chatbot implementation, the firm experienced a growing volume of customer messages
related primarily to order status, product availability, and delivery issues, which placed
substantial pressure on its limited human resources. As the enterprise operates without
a dedicated customer service department, front-line operational employees—primarily
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involved in logistics, packaging, and order processing—simultaneously handled customer
communication, leading to workflow fragmentation and extended response times. To
address these constraints, a commercial Al-powered chatbot solution was deployed as a
cost-effective and scalable automation tool. The system was integrated into the company’s
website and linked to the internal order management database, enabling real-time retrieval
of basic transactional information (e.g., order status, delivery times, and product avail-
ability). The chatbot was launched into live operation in January 2025 following a short
internal pilot phase focused on response accuracy and escalation logic.

The implemented solution was a commercial web-based Al chatbot platform based
on a hybrid architecture combining rule-based dialogue flows with natural language
processing (NLP) for intent recognition. The system primarily relied on predefined scenario
trees to handle frequently asked questions, while NLP was used to classify user inputs
and route them to appropriate response modules. The chatbot did not utilize generative
large language models; instead, it employed a deterministic rule-NLP structure typical for
small-scale e-commerce automation and resource-constrained business environments.

3.2. Data Collection

The Key Customer Service Indicators were extracted directly from the company’s
operational information systems and chatbot administration dashboard. These indicators
represent complete monthly population data rather than samples, as all customer inquiries
recorded by the system during the observed period (October 2024-April 2025) were in-
cluded in the analysis. The dataset, therefore, covers the total volume of customer messages,
response times, chatbot-handled interactions, escalations to human operators, and post-
interaction satisfaction ratings. Because the data originate from automated system logs, the
risk of reporting bias is minimized, and the indicators are considered fully representative
of actual customer service performance during the study period. A triangulated data
collection approach was adopted, integrating both quantitative and qualitative sources,
as summarized below. This mixed-method approach is well established in Al and SME
research for providing a comprehensive understanding of both technical performance and
user experience [22,23].

The interviewed employees represented key operational roles within the micro-
enterprise. Two respondents were front-line customer service operators with more than
three years of experience in daily customer communication, order processing, and logistics
coordination. The third respondent was an administrative coordinator responsible for
supervising order fulfillment and system integration. To minimize potential bias in data
collection, several measures were applied. Interviews were conducted individually to avoid
peer influence, using a standardized semi-structured interview guide to ensure consistency
across respondents. Questions were phrased neutrally and focused on concrete experiences
before and after chatbot implementation. In addition, interview findings were triangulated
with system logs and customer feedback to reduce subjectivity and enhance the credibility
of qualitative interpretations.

e Quantitative metrics extracted from internal system logs and chatbot performance

dashboards, including:

a.  Number of customer inquiries per month (reflecting communication volume),
b. Average response time (in minutes) (measuring efficiency),

C. Automation rate (expressed as the percentage of inquiries resolved without

human intervention),
d.  Customer satisfaction scores (based on a post-interaction survey using a 5-point
Likert scale).
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e Qualitative data: the qualitative part of the research aimed to capture human, expe-
riential, and contextual aspects of chatbot adoption. Specifically, it examined how
employees and customers perceived, adapted to, and interacted with the new technol-
ogy. The qualitative data focused on several core information domains:

a.  Employee perceptions of workload changes, efficiency, and cooperation between
human agents and Al,

b.  Customer experience in terms of clarity, speed, responsiveness, and availability,

C. System limitations, including the misunderstanding of non-standard language

and the need for manual interventions.

Three complementary data sources were used to collect qualitative material:

a. Semi-structured interviews with two front-line employees and one administrative co-
ordinator, focusing on experiences before and after chatbot implementation, perceived
benefits, challenges, and workflow changes. Each interview lasted 45-60 min and was
conducted in person at the company site.

b.  Observation of chatbot—customer interactions, using anonymized conversation logs
exported from the chatbot platform. These logs enabled the identification of common
question types, escalation patterns, and response effectiveness.

c.  Customer feedback, including ratings and open-ended comments gathered through
the chatbot’s built-in survey form, provided direct user evaluation of chatbot perfor-
mance and communication quality.

This combination of sources ensured data triangulation—capturing both quantitative
performance outcomes and qualitative user experiences, which together enabled a more
holistic interpretation of the chatbot’s organizational impact.

3.3. Research Hypotheses

To formally assess the statistical impact of chatbot implementation on customer service
performance, the following hypotheses were formulated in direct alignment with the key
indicators presented in Table 2:

Hypothesis 1 (H1). The implementation of the Al chatbot leads to a statistically significant
reduction in the average customer service response time.

Hypothesis 2 (H2). The implementation of the Al chatbot leads to a statistically significant increase
in customer satisfaction.

Hypothesis 3 (H3). The implementation of the Al chatbot leads to a statistically significant change
in the average monthly number of customer inquiries.

These hypotheses were tested using the non-parametric Mann-Whitney U test to com-
pare pre-implementation (October 2024-January 2025) and post-implementation (February-
April 2025) periods.

3.4. Data Analysis

Quantitative data were analyzed using basic descriptive statistics, including mean,
percentage change, and trend visualization across the pre- and post-implementation periods.
The main goal was to identify observable shifts in key service performance indicators
following the introduction of the chatbot. To statistically assess whether the observed
differences between the pre- and post-implementation periods were significant, the non-
parametric Mann-Whitney U test was applied, as the sample sizes were small and normality
could not be assumed.
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Specifically:

e  The average response time was used to measure efficiency improvement.

e  The number of inquiries and shares handled by the chatbot served as indicators of
automation effectiveness.

e  Customer satisfaction scores captured the end-user perception of service quality.

Data was processed in Microsoft Excel and Statistica 12, and results were visualized
using line and bar charts to depict temporal trends and relative changes.

The qualitative data were analyzed using inductive thematic analysis, following the six-
phase framework of Braun and Clarke [33]. This method was selected for its flexibility and
rigor in identifying emerging patterns within complex, text-based feedback, particularly
in exploratory studies of Al implementation in organizational settings [33]. The process
involved six iterative steps: familiarization with data, initial coding, theme development,
theme review, theme definition, and final reporting.

e  Familiarization with the data—Reading and re-reading interview summaries, chatbot
logs, and customer comments to identify initial ideas.

e  Generating initial codes—Assigning descriptive labels to key segments of text rep-
resenting specific meanings (e.g., skepticism toward automation, time savings, need
for empathy).

e  Searching for themes—Grouping related codes into broader categories such as em-
ployee adaptation, efficiency gains, and customer experience.

e  Reviewing and refining themes—Comparing emerging themes across data sources
and refining their definitions for clarity and coherence.

e Defining and naming themes—Developing concise thematic labels supported by
illustrative excerpts.

e Integrating with quantitative findings—Comparing qualitative insights with numeri-
cal results to provide complementary interpretations.

To increase the transparency and objectivity of qualitative interpretation, two supple-
mentary analytic techniques were applied:

e  Thematic Coding with Frequency Counts: Each identified theme was accompanied
by a frequency tally representing the number of coded references. This provided a
semi-quantitative indication of the most salient topics within the data (e.g., efficiency
and workload reduction were most frequent).

e  Sentiment Trend Analysis: Customer comments were categorized as positive, neu-
tral/adaptive, or negative based on tone and content. This classification allowed the
tracking of overall sentiment orientation toward chatbot usage and performance.

The combined use of thematic and sentiment analysis provided a structured yet
flexible means of capturing both the content and emotional tone of employee and customer
perceptions. Analytical rigor was maintained through iterative coding, memo writing, and
cross-source comparison, ensuring credibility, consistency, and traceability of the results.

4. Results

This section presents a comprehensive analysis of the effects of Al chatbot implemen-
tation in a Slovak micro-enterprise operating in the e-commerce sector. The results are
divided into quantitative and qualitative findings, offering a holistic view of the chatbot’s
performance from the perspectives of order volume trends, employee experiences, chatbot
interactions, and customer satisfaction. It should be noted that the indicator “total inquiries”
represents the total number of customer messages submitted to the system within a given
month, not the number of unique customers. A single customer could generate multiple

messages related to one order, while many orders required no customer contact at all. This
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explains the relatively high inquiry-to-order ratio observed in certain months, such as April
2025, when 581 inquiries were recorded alongside approximately 940 orders.

Company Profile and Context: The enterprise in question is a micro-sized busi-
ness with 8 employees, selling niche fashion items via an online store. As customer
inquiries steadily increased alongside growing order volumes, the manually operated
customer service became increasingly unsustainable. In early 2025, the company intro-
duced an Al-powered chatbot to alleviate pressure on staff and improve customer support
response times.

All reported performance indicators are based on complete system log data represent-
ing the full population of customer inquiries during the observed period, ensuring full
representativeness of the results.

4.1. Order Volume and Inquiry Trends

Figure 1: The graph illustrates the monthly number of customer orders from October
2024 to April 2025, with a clear annotation marking the implementation of the Al chatbot
in February 2025. While there is a noticeable dip in orders in February (895 orders), this
is likely to reflect seasonal or external factors rather than the chatbot deployment itself.
The subsequent rebound in March (964 orders) suggests that the implementation did not
negatively affect customer engagement—in fact, it may have contributed to stabilizing
order volumes after the initial drop.

1000 993
990
980
970
960
950
940
930
920

910

Chatbot
Implemented 895

900

890
2024-10 2024-11 2024-12 2025-01 2025-02 2025-03 2025-04

Figure 1. Monthly order volume.

The data labels and annotation “Chatbot Implemented” improve interpretability, and
the point markers help readers trace the trend accurately.

Monitoring the evolution of order volume represents a critical component of this
case study, as it serves as an indicator of the company’s overall operational load. This
workload directly influences the demand for customer support services. Generally, a
higher number of orders corresponds with an increase in customer inquiries, requests, and
interactions, which in turn places greater demands on response times, support availability,
and communication efficiency. Therefore, tracking order volume is used as a contextual
indicator that helps explain the rationale behind the implementation of the Al chatbot.
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4.2. Quantitative Impact of Chatbot Implementation

The data in Table 1 reveals a clear transformation in customer service performance
following the implementation of the Al chatbot in February 2025. Prior to its deployment, all
customer inquiries were handled manually by operators, resulting in high response times—
consistently above 115 min—and modest customer satisfaction scores ranging between
3.7 and 3.8. In February, the chatbot began handling a significant share of inquiries (349 out
of 574 total), which contributed to a dramatic reduction in the average response time to
88 min. The monthly increase in the proportion of inquiries handled autonomously by the
chatbot (from 61% to 85%) reflects the system’s adaptation and continuous knowledge base
expansion during the initial deployment phase. This monthly increase reflects the system’s
adaptation and continuous knowledge base expansion during the initial deployment phase.
As chatbot coverage expanded, the number of requests escalated to human agents declined
accordingly—down to just 85 in April. Importantly, customer satisfaction scores improved
in parallel with chatbot deployment, rising from 3.8 in January to 4.1 in March and peaking
at 4.4 in April. Overall, the data indicates that the chatbot not only alleviated the workload
on human operators but also enhanced service responsiveness and customer satisfaction.

Table 1. Monthly Customer Service Performance Indicators.

.. Average Response Handled b Escalated to Customer
Month Total Inquiries Tirgne (mi[1,1) Chatbot Y Operator Satisfaction (1-5)

October 2024 645 118 0 (0.00%) 645 3.7
November 2024 698 120 0 (0.00%) 698 3.6
December 2024 715 119 0 (0.00%) 715 3.8
January 2025 683 116 0 (0.00%) 683 3.8
February 2025 574 88 349 (60.80%) 225 4.1
March 2025 598 61 457 (76.42%) 141 43
April 2025 581 43 496 (85.37%) 85 44

Authors’ calculations based on internal operational data.

Figure 2 illustrates the shift in workload from human operators to the Al chatbot
starting in February 2025. As the proportion of chatbot-handled inquiries increased, average
customer satisfaction steadily rose from 3.8 to 4.4. This indicates a strong correlation
between automation and improved service perception.

Al Chatbot Impact
700 4.4 45
715 43
698 683 i
600 645 :
41 141 -
500 41
400 3.8 3.8 225 3.9
3.7 » v
300 ‘\3/ 3.7
349 457 496

2024-10  2024-11  2024-12  2025-01  2025-02  2025-03  2025-04

[ Handled by Chatbot Escalated to Operator

=—=@= Customer Satisfaction (1-5)

Figure 2. Al Chatbot Impact.
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Table 2 provides a summary of the key customer service performance indicators
before and after the implementation of the Al chatbot. The average response time dropped
significantly from 118.25 min to 64.00 min, representing a 45.88% reduction. Similarly,
customer satisfaction improved from an average score of 3.73 to 4.27, marking a 14.54%
increase. The total number of monthly inquiries decreased by 14.73%, which may be partly
related to reduced follow-up communication enabled by faster automated responses and
possible seasonal variation in demand. It should be noted that the structure of customer
inquiries changed after chatbot deployment. Following implementation, routine and
repetitive requests were primarily absorbed by the chatbot, while more complex and
non-standard cases were escalated to human operators. As a result, post-implementation
response times reflect a structurally different composition of inquiries, and the observed
efficiency gains derive from both automation and task redistribution between Al and
human agents. While no inquiries were previously handled by automation, the chatbot
processed an average of 74.2% of total inquiries after deployment, confirming a substantial
shift toward automated service delivery. Statistical testing using the Mann—-Whitney U
test indicates that only the increase in customer satisfaction is statistically significant
(p < 0.05), whereas changes in response time and inquiry volume do not reach conventional
significance levels.

Table 2. Summary of Key Customer Service Indicators Before and After AI Chatbot Implementation.

Indicator (Octobor D004 Jameary 2025)  (Februssy_Apriaozs) ~ Change  p-Value Significance
Average ?ﬁ%’me 118.25 64.00 45.88% >0.05 Not Significant
‘%‘;‘if:éit?o‘ft(‘i’f_‘é‘;r 3.73 427 +14.54% <0.05 Significant

Inqﬁ;’ig%ﬂiﬁmh 685.25 584.33 ~14.73% >0.05 Not Significant
Share of Inquiries 0.00% 74.20% — — Structural Change

Handled by Chatbot

Authors’ calculations based on internal operational data. Statistical significance was assessed using the Mann—
Whitney U test.

4.3. Employee Perspectives on Al Chatbot Implementation: A Qualitative View

Insights from two semi-structured interviews were analyzed to capture employees’
reflections on the integration of the chatbot into daily operations. Initially, employees
expressed skepticism regarding the system’s ability to replace the “human touch” and
concerns about potential misunderstandings and increased workload. As the chatbot’s
database evolved through real user interactions, perceptions shifted toward recognizing
tangible benefits. Repetitive inquiries—particularly those related to delivery status, prod-
uct availability, returns, and payments—were increasingly handled automatically, leading
to reduced workload and greater task focus. The system’s continuous availability also
enhanced communication efficiency and decreased the volume of informal or after-hours
inquiries, contributing to improved work-life balance. Despite minor initial issues with
language accuracy, regular updates and staff feedback strengthened overall system reli-
ability. The qualitative findings thus highlight recurring themes of reduced workload,
enhanced organization, and growing trust in automation, offering contextual depth to the
quantitative assessment that follows.

4.3.1. Thematic Coding with Frequency Counts

To complement the descriptive interpretation of interview findings, an objective the-
matic analysis was conducted using frequency counts to identify the most recurrent topics
and concepts mentioned by employees.
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As shown in Table 3, Perceived Benefits emerged as the dominant theme, accounting
for nearly half of all coded references (48.5%). Employees most frequently emphasized effi-
ciency gains, workload reduction, and improved work-life balance resulting from chatbot
automation. Themes related to Challenges and Improvements/Adaptation appeared with
comparable frequency, reflecting a realistic adjustment phase marked by initial technical
limitations and the subsequent need for iterative system updates and staff learning. Men-
tions of Initial Attitudes were least frequent, indicating that early skepticism and resistance
to change diminished rapidly once tangible benefits became evident in daily operations.
Opverall, the thematic distribution underscores a clear shift from uncertainty toward positive
acceptance and integration of Al-based tools in micro-enterprise settings.

Table 3. Thematic coding results with frequency counts.

Theme o .
Category Frequency (n) Share (%) Representative Codes (Examples)
Reduced workload; greater task focus;
communication continuity during physical
Perceived 16 48.48 tasks; 24 /7 availability; fewer after-hours
Benefits : inquiries; improved professionalism; better
work-life balance; increased efficiency; reduced
monotony; improved time management
Human touch concerns; ambiguity handling;
Challenges 7 21.21 comprehension/coverage; slang/irregular
inputs; risk of manual interventions
Continuous updates; initial time investment;
Improvements/Adaptation 7 21.21 building a response base; ongoing database
maintenance; staff training
Initial Attitudes 3 9.09 Skepticism; limited prior Al experience;

resistance to change

Authors’ coding of summarized interview narratives.

In summary, the thematic analysis revealed a clear progression in employee
perceptions—from initial skepticism and adaptation challenges to a strong recognition of
the chatbot’s long-term benefits in daily operations. While frequency coding provided an
overview of dominant discussion topics, it does not capture the emotional tone behind
these narratives. Therefore, the following section applies a sentiment trend analysis to
examine how the underlying attitudes evolved qualitatively over time.

4.3.2. Sentiment Trend Analysis

To complement the frequency-based thematic overview, sentiment trend analysis
was conducted to assess the emotional polarity of employee narratives before and after
chatbot implementation. The analysis focused on identifying positive, neutral, and negative
sentiment expressions within the interview summaries, allowing for a more nuanced
interpretation of how staff attitudes shifted as system familiarity and trust increased
(Table 4).

The distribution of sentiments illustrates a balanced but transitional emotional pattern
during the implementation phase. Early responses were divided between negative (36.8%)
and skeptical tones, emphasizing fears of losing personal contact, concerns about chatbot
accuracy, and uncertainty about additional workload. These reactions reflected an initial
lack of familiarity with Al tools and apprehension about their impact on interpersonal
communication. As employees gained experience with the system, neutral or adaptive
statements (26.3%) emerged, describing adjustment processes such as database updates, on-
going learning, and procedural refinements. By the later stage of implementation, positive
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sentiment (36.8%) became equally strong, highlighting increased efficiency, reduced routine
tasks, and improved work-life balance. This sentiment shift suggests a steady normaliza-
tion of Al-assisted routines, where practical benefits replaced early doubts. The presence of
adaptive expressions also indicates that acceptance was not abrupt but developed through
continuous feedback and incremental improvements.

Table 4. Sentiment distribution across employee reflections.

Theme

Category Frequency (n) Share (%) Representative Codes (Examples)
“Reduced workload,” “Improved
Positive 7 36.84% efficiency,” “Better work-life balance,”
oo “Trust in system capabilities,”
“Professionalized communication”
Neutral/ “Continuous updates,” “Initial time
Adaptive 5 26.32% investment,” “Database maintenance,”
P “Staff training”
“Loss of human touch,” “Ambiguous
Negative 7 36.84% questions,” “Resistance to change,”

“Early operational challenges”

Authors’ sentiment classification derived from interview summaries.

4.4. Customer Perspective: Observation of Chatbot and Feedback Analysis

The customer-side analysis draws on chatbot interaction logs and anonymized feed-
back excerpts provided by the company. A summative content-analysis approach was
applied to classify recurring question categories, assess response effectiveness, and evalu-
ate sentiment orientation across customer comments. The analysis focuses on observable
usage patterns—including the types of inquiries managed autonomously, the propor-
tion of escalations to human operators, and the overall tone of customer evaluations—
to provide an integrated understanding of user experience and satisfaction following
chatbot implementation.

The observation period covered three months after the chatbot’s launch (February—
April 2025). Analysis of conversation logs identified five dominant thematic categories,
together representing over 90% of all customer interactions:

1.  Order status and delivery tracking :

Questions such as “When will my package arrive?” and “Can I change the delivery
address?” accounted for the largest share of inquiries. The chatbot effectively handled these
through direct access to delivery and order data.

2. Product availability and variants:

Queries like “Do you have this model in another color?” were reliably resolved using
integrated inventory information.

3. Returns and complaints:

Frequent questions such as “How do I return an item?” or “Where do I send it for a
refund?” were addressed through standardized templates and links to forms.

4. Payments and invoicing:

Included requests for payment confirmation or invoice reissue; while less frequent,
these occasionally required operator assistance.

5. Discounts and promotional codes:

Covered inquiries about coupon functionality or combination rules, typically handled
by short, predefined responses.
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Routine, clearly formulated questions were processed autonomously and answered
instantly, while complex or ambiguous cases—including emotionally charged messages—
were automatically escalated to human agents. Although the total number of customer
inquiries represented only a fraction of all monthly orders, approximately 10-15% of these
conversations required human intervention, indicating effective first-line resolution by the
chatbot. Observation confirmed that the chatbot served as an efficient first-line support
tool, improving response speed, ensuring 24/7 availability, and enabling the enterprise to
manage growing communication volumes without increasing staff workload.

Customer feedback was analyzed to assess satisfaction with the chatbot’s performance
and the perceived quality of digital service. Qualitative comments in Table 5 were examined
to identify recurring satisfaction drivers and pain points.

Table 5. Summary of customer feedback by sentiment.

Sg;telg)?;t Representative Comments (Translated from Slovak) Key Themes
“Quick response, I immediately knew what to do.”
“It helped me even in the evening outside F . . . 24/7
Positive working hours.” ast responses; copvenlelpcs 0 /
“I like simple solutions—it worked exactly access; time saving; reliability
as I expected.”
_ Texts were a bit unclear, but 1 ,I’nanaged to find Usability acceptable; interface clarity;
Neutral/Mixed what I needed. tone improvement
“The answers were fine but sounded mechanical.” P
Chatbot didn’t unéiaeﬁsstsnd (ﬁl}i’queshon—l had to Lack of contextual understanding;
Negative pport. limited flexibility; need for

“I missed the human approach.”

“It couldn’t help with combining discounts.” human empathy

Authors’ analysis of anonymized customer feedback collected between February and April 2025.

Customer feedback largely corroborated the internal findings of increased efficiency
and service availability. Most comments expressed positive evaluations, emphasizing rapid
communication, ease of use, and the ability to obtain information without delays or regis-
tration barriers. Neutral remarks highlighted minor linguistic or tonal limitations, while
negative comments revealed the boundaries of automated interaction, particularly when
empathy, nuanced understanding, or personalized responses were required. The preva-
lence of positive over negative sentiments demonstrates that customers readily accepted
Al-assisted communication for routine inquiries, while continuing to value human support
for more complex or emotionally sensitive interactions. The results thus confirm that the
chatbot effectively fulfilled its intended role as a front-line automation tool, streamlining
service delivery without compromising overall satisfaction.

Taken together, the internal and customer perspectives reveal a consistent pattern
of performance improvement and user adaptation following chatbot implementation.
Quantitative metrics demonstrated measurable gains in response time and satisfaction,
while qualitative evidence highlighted growing employee trust and positive customer
reception. These converging results suggest that even within a micro-enterprise context, the
integration of Al-driven tools can meaningfully enhance operational efficiency and service
quality. The following section discusses these findings in relation to existing literature and
practical implications for small business digitalization.

5. Discussion

This study examined the impact of Al chatbot implementation on customer service
performance in a Slovak micro-enterprise using a mixed-method case study design. The re-
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sults indicate that chatbot deployment can generate measurable operational improvements
while simultaneously reshaping employee routines and customer experiences. However,
the findings also reveal important structural and behavioral nuances that temper overly
optimistic interpretations of automation effects. From a theoretical perspective, the results
support the view that Al adoption in micro-enterprises is not a purely technical interven-
tion but a socio-technical transformation process embedded in organizational routines,
perceptions, and capability development.

From a quantitative perspective, chatbot implementation was associated with a sub-
stantial reduction in average response time (—45.9%) and a statistically significant increase
in customer satisfaction (+14.5%). These changes align with prior research demonstrating
that Al-based service automation enhances responsiveness and perceived service quality in
e-commerce environments [15,25]. The findings are also consistent with service automation
theory, which suggests that speed and availability represent primary value drivers of
technology-mediated service delivery in low-contact service settings. At the same time, the
decrease in total monthly inquiries (—14.7%) suggests that improved response speed and
availability may have reduced the need for repeated follow-up messages. This indicates
that part of the observed efficiency gain may result from both automation and a behavioral
shift on the customer side.

It is also important to note that the structure of customer inquiries changed after
chatbot deployment. Once routine inquiries related to order status, availability, and pay-
ments were absorbed by the chatbot, human operators handled proportionally more com-
plex and exceptional cases. Consequently, post-implementation response times reflect
a different inquiry composition than in the pre-chatbot period. This structural shift ex-
plains why not all efficiency indicators reached statistical significance despite large relative
changes. This finding supports the concept of task reallocation in hybrid service systems,
where automation modifies not only performance levels but also the qualitative nature of
human work.

Qualitative employee findings reveal a more ambivalent pattern. While staff reported
clear benefits in terms of workload reduction, better task focus, and improved work-life
balance, negative and positive statements were represented in approximately equal pro-
portions. This indicates that although operational relief was achieved, full attitudinal
acceptance of the chatbot had not yet been completed within the short observation pe-
riod. These findings are consistent with technology acceptance research in small firms,
which emphasizes that initial skepticism often coexists with perceived benefits during
early adoption phases [32]. The results further support Kamar’s [24] concept of hybrid
intelligence, in which Al performs repetitive, standardized tasks while humans retain
control over complex, emotional, and exception-based interactions. This reinforces the
theoretical argument that Al does not replace human labor in micro-enterprises but rather
reshapes its content toward supervisory, cognitive, and relational functions.

From the customer perspective, chatbot usage clearly improved accessibility and
service continuity. Customers primarily valued 24/7 availability, instant responses, and
ease of interaction—determinants of satisfaction repeatedly confirmed in conversational Al
research [19,20]. Nevertheless, negative comments highlighted persistent limitations related
to empathy, contextual understanding, and flexibility, especially in emotionally sensitive
or non-standard situations. These limitations mirror widely documented challenges in
chatbot design, where authentic emotional responsiveness remains difficult to achieve
through current Al systems [30,31,34]. The findings, therefore, reinforce the necessity
of hybrid service models combining automation with human support. This aligns with
service-dominant logic, which emphasizes co-creation of value and the irreplaceable role of
human interaction in emotionally complex service encounters.
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In the broader context of micro-enterprise digitalization, this case demonstrates that
even firms with very limited technical and financial resources can successfully integrate
Al tools when implementation is incremental, feedback-driven, and aligned with concrete
operational needs. Rather than scale, adaptability appears to be the key competitive
asset of micro-enterprises. This conclusion is consistent with prior research showing that
micro-firms compensate for resource scarcity through organizational flexibility and rapid
reconfiguration [35]. From a strategic management perspective, the results indicate that
chatbot adoption can be interpreted as a micro-foundation of enterprise agility, enabling
faster sensing and response to customer needs without structural expansion. At the same
time, this study illustrates that technical feasibility alone does not guarantee full social
acceptance, particularly among employees whose work roles are directly affected.

Despite its valuable insights, this study is subject to several limitations that should be
acknowledged when interpreting the results. First, the analysis was based on a single-case
study—an approach commonly used in research on MSEs and SMEs due to its contextual
depth [23]—conducted within one Slovak micro-enterprise, which limits the generalizability
of the findings to other organizational or sectoral contexts. The unique internal culture,
management style, and resource constraints of the case company may have influenced both
the implementation process and user perceptions. Second, while the quantitative indicators
provided a clear overview of performance changes, the dataset covered a relatively short
observation period following chatbot deployment. This restricts the ability to assess
the long-term sustainability of the observed improvements. Third, the qualitative data,
although rich and triangulated, relied on a limited number of interviews and summarized
customer comments rather than full transcripts, which may have constrained the depth of
interpretive analysis. Finally, the study did not measure the economic return of chatbot
implementation (e.g., cost savings or productivity metrics), which would be a valuable
extension for future research.

Despite these limitations, the mixed-method approach ensured internal validity
through data triangulation, while the findings provide a credible, evidence-based illustra-
tion of how small firms can pragmatically integrate Al into their customer service processes.
The study thus contributes to both the empirical and theoretical understanding of how
hybrid human—Al service systems operate under conditions of severe resource constraints.

Future research should build on these insights by examining longitudinal effects—
particularly whether chatbot performance and user satisfaction remain stable over time,
and how learning mechanisms within Al systems evolve with continued human feedback.
Expanding the sample to include multiple firms and customer segments would also allow
comparative analysis and more generalizable conclusions about the interplay between
automation, efficiency, and human experience in small business environments.

6. Conclusions

This study demonstrated that the implementation of an Al chatbot in a micro-
enterprise setting can generate tangible operational and experiential benefits. Quantitative
indicators confirmed shorter response times and higher customer satisfaction, while quali-
tative evidence revealed a transition from employee skepticism to trust and collaboration.
On the customer side, automation improved service accessibility and efficiency but also
underscored the continuing importance of human empathy in complex or emotionally
charged interactions.

From a theoretical perspective, the research contributes to the growing body of
knowledge on digital transformation in micro-enterprises, offering empirical evidence
that even firms with minimal technological capacity can successfully integrate Al-driven
tools when the process is incremental, context-sensitive, and feedback-oriented. The
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study advances understanding of how hybrid human-Al models operate in small orga-
nizational contexts, illustrating that automation does not replace human roles but rather
redefines them—shifting employees toward higher-value, supervisory, and adaptive tasks.
These insights enrich current frameworks on technology acceptance and Al adoption in
resource-constrained environments.

The practical implications are equally significant. For practitioners and small business
owners, the case demonstrates that Al adoption is achievable without large-scale invest-
ment, if implementation is aligned with real communication needs and accompanied by
employee involvement in system training and refinement. The findings suggest that chat-
bots can serve as scalable, affordable tools to relieve customer service workloads, improve
response speed, and support better work-life balance. Moreover, the results emphasize
the necessity of maintaining a hybrid support model, where automation is complemented
by human oversight to ensure empathy, flexibility, and customer trust. Overall, this study
provides a replicable framework for micro-enterprises seeking to enhance their compet-
itiveness and sustainability through gradual digitalization. It bridges the gap between
theoretical discussions of Al adoption and the practical realities of small business oper-
ations, highlighting that strategic and human-centered implementation can unlock both
efficiency gains and organizational resilience in the age of intelligent automation.
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