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Abstract: This study aims to investigate how humans and artificial intelligence (AI) speakers interact
and to examine the interactions based on three types of communication failures: system, semantic,
and effectiveness. We divided service failures using AI speaker user data provided by the top
telecommunication service providers in South Korea and investigated the means to increase the
continuity of product use for each type. We proved the occurrence of failure due to system error (H1)
and negative results on sustainable use of the AI speaker due to not understanding the meaning
(H2). It was observed that the number of users increases as the effectiveness failure rate increases.
For single-person households constituted by persons in their 30s and 70s or older, the continued
use of AI speakers was significant. We found that it alleviated loneliness and that human-machine
interaction using AI speaker could reach a high level through a high degree of meaning transfer. We
also expect AI speakers to play a positive role in single-person households, especially in cases of the
elderly, which has become a tough challenge in the recent times.

Keywords: AI speaker; speech recognition; system and semantic failure; effectiveness communication;
expectancy disconfirmation; single-person households; human-machine interaction

1. Introduction

According to the Market Insights Reports 2022, the global artificial intelligence (AI)
speaker market has achieved continuous growth, reaching 5.08 billion dollars in 2021 and is
expected to reach 8.71 billion dollars by 2022, as shown in Table 1. The report projects the
market to reach 21.94 billion dollars by 2027, at a compound annual growth rate of 26.10%
from 2022 to 2027. The supply of AI speakers surpassed 100 million in 2018, and is predicted
to go beyond 200 million by 2022. This is a remarkable achievement only eight years after
Amazon’s Echo with Alexa was released in November 2014. The forecast for the future
demand for AI speakers is reassuring—that they will become as important as smartphones.

Table 1. Global AI speaker market by vendor (shipments in millions of units).

Vendors Market Share
(2021)

Shipments
(2020)

Shipments
(2021) Growth Rate

Amazon 26.6% 33.6 42.4 8.8%
Google 17.3% 23.8 27.6 3.8%
Baidu 15.6% 19.4 24.8 5.4%

Alibaba 12.6% 17.1 20.0 2.9%
Apple 9.6% 7.3 15.2 7.9%
Xiaomi 6.3% 10.6 10.0 −0.6%
Others 12.0% 18.9 19.1 0.2%
Total 100.0% 130.7 159.1 28.4%
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AI speaker is a service platform designed to communicate and process user commands
by combining speech recognition and text analysis technologies [1]. In 1954, when the
speech recognition technology was first studied, it could not be commercialized owing
to its poor recognition rate. AI speakers based on speech recognition technology began
to be commercialized when Siri was installed in iPhone 4S in 2011. This has grown into
a service provided in most IT products and mobile devices [2]. The mechanism of AI
speaker is shown in Figure 1. The AI speaker transmits commands from the speech of the
user and voice transmission through speech to text (STT) and conversation recognition
stages [3]. Conversely, services are delivered to users through text to speech (TTS) and
voice transmission [4].

Figure 1. Operating process of AI speaker.

As extended technology and processing stages are required, the completion of the
service is still lacking. Despite the lack of the technology readiness level, the services
provided by AI speakers are expanding, and various companies are attempting to replace
the existing services with new services [5]. As shown in Figure 2, the report published by
voicebot.ai suggests that the most frequently used monthly services by the US consumers
are music, searching the web, weather checking, and timer and alarm services [6].

Figure 2. AI speaker use case frequency.
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This paper comprises four chapters. Section 2 covers the mathematical theory of
communication, which deals with the technical (or system) and semantic communication
issues required for the interaction between humans and AI speakers and detects the issues
of communication effectiveness. In addition, we examine the expectation of the customers
and disconfirmation with the acceptance and non-use of specific technologies. Finally, we
investigate the mechanism and current status of AI speaker development. In Section 3
we perform statistical analysis based on the user of AI speaker services. We conduct
quantitative analysis using statistical techniques and descriptive statistics to establish and
verify the hypotheses on which this study is based, according to prior studies. In Section 4,
we present the expected effects of using the results of our study. Finally, in Section 5, we
discuss the implications and limitations of the study and propose a future study that builds
upon our findings.

2. Background
2.1. Shannon–Weaver Model of Communication: A Mathematical Theory of Communication

Shannon and Weaver provided rigorous and formal solutions to technical problems
on which the information theory is based. Initially, Shannon and Weaver focused only
on technical communication, intentionally excluding all accessible accidents related to
semantic and effectiveness communication [7]. However, as communication develops
into Internet of things (IoT) that connect humans and machines across various levels of
intelligence and enables new services, semantic and effectiveness communication has
become a core concept that can no longer be ignored [8]. The model proposed by Shannon
and Weaver is an approach that views communication as a simple linear process, transmits
as much information as possible in each path, and evaluates the information. Furthermore,
this model quantifies the degree of complexity of information delivery by linking the
information concept to the total amount of information and the amount of selectable
information. That is, noise may occur in the communication process, apart from the issues
of redundancy and optimality [9]. This may be engineering noise or semantic noise that
may occur in the information interpretation process [10]. Shannon and Weaver divided
the problems in communication into technical problems and semantic problems along
with effectiveness problems according to the problem level [11]. The technical problem
involves how accurately the signal is transmitted, the semantic problem involves whether
the symbol conveys the meaning intended, and the effectiveness problem is whether the
received meaning is performed as expected [12].

First, in terms of technical problems, noise must be eliminated or minimized because
the noise generated in a limited channel reduces the efficiency of overall information trans-
fer [13]. Furthermore, the noise in the information design of the print media includes
decorations that make it difficult to read data, unnecessary visual devices, complex pat-
terns that cause optical errors, vocabularies that make it difficult to convey meaning, and
inappropriate images [14].

Second, according to the semantic problem, communication between humans involves
the exchange of information, in which the word information is associated with meaning.
The information conveyed when passing a concept from a source to a destination is a
relevant aspect, not how the message is delivered to the destination [15]. An accurate
semantic communication occurs when the concepts associated with the message sent by
the source are correctly interpreted by the destination. This does not necessarily mean that
the entire bit sequence used to transmit the message is decoded without errors. In other
words, one of the main reasons that semantic levels offer significant performance gains
relative to purely descriptive levels is that they leverage the sharing of prior knowledge
between source and destination [16]. This knowledge can be human language or a formal
language (at a more general level) consisting of a set of logical rules that enable entities
and receivers to correct errors that occur at the symbol level. An interesting aspect of the
semantic problem is that it arises from interactions between different languages. In the
semantic problem, the noise serves as a clue to infer and predict the meaning of the message
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delivered to the receiver. The number of selection conditions of the recipient is reduced
when the amount of information is small in the information delivery process, such that
the probability of the message being selected is high [17]. Conversely, if the amount of
information is large, the number of message selection conditions increases. This makes it
less likely that the recipient will select a particular message, and it is difficult to predict the
meaning conveyed by the message.

Third, the effectiveness or goal-oriented problem is performed to achieve a common
goal through communication between interacting entities. The basic system specification
uses a number of resources (e.g., energy and computation) to precisely achieve the desired
goal within a given time constraint. A communication system that enables interaction
between goals and related entities should be defined to focus on goal-related specifications
and constraints [18]. For example, any information that is not strictly related to attaining a
goal can be ignored. The efficiency level is the level responsible for the efficient manage-
ment of goal-oriented communication. The effectiveness problem is undoubtedly the most
important virtue in any information design, regardless of the nature and purpose of infor-
mation. However, if this is overemphasized, the role of information design may be limited
only to solving technical problems of communication. Early research on the effectiveness
problem mainly focused on how to visualize data, and qualitative aspects of information
such as images and narratives were mainly studied [19]. Appropriate expression of entropy
and redundancy in information design can achieve information delivery by arousing inter-
est and increasing the level of involvement to actively interpret information [20]. Various
studies have suggested the possibility of actively utilizing noise in information design by
interpreting the noise in the communication process as “noise as an interest factor” and
“surplus as a persuasion factor” from the audience perspective. Particularly, play, story-
telling, and interaction with information surplus are more effective because information
design requires user participation and interrelationship in a multimedia environment.

Shannon and Weaver proposed that communication is composed of three levels as
follows [21]:

Low level of the stack (The technical problem): How accurately can the communication
symbols be transmitted.
Middle level of the stack (The semantic problem): How precise the transmitted symbols
convey the desired meaning.
High level of the stack (The effectiveness problem): How effective the received meaning
affects conduct in the desired way.

2.2. Expectation Disconfirmation Theory

Generally, people react differently in terms of satisfaction even when they use the
same product or service, implying that product performance (i.e., quality perceived by
consumers) is determined by the expectation of the consumers in addition to the objective
function of the product. In other words, consumers do not determine their level of satis-
faction with a product based only on the performance level of the product but compare
the product performance with their initial expectations to determine their satisfaction [22].
In the expectancy disconfirmation paradigm, the most studied concept as a comparative
criterion is expectation. However, there is no clear conceptual consensus on what expecta-
tions mean. Several researchers have conceptualized expectations as “perceptions of the
likelihood of some event” or “perceptions of the probability of occurrence of some event”.
By contrast, other researchers view expectations as a concept that includes the “estimation
of the likelihood of a specific event” and “evaluation of the good or bad of that event” [23].

Expectations include predictive expectation, desired expectation, and normative ex-
pectation. Predictive expectation is wherein the performance is up to a certain extent
whereas desires expectation is that it is desirable to have a certain level of performance [24].
Normative expectations imply that performance should be up to some extent. There are
four types of expectations: ideal, predictive, natural, and minimum acceptable expectations.
There are studies that divide consumer expectations into predictive and normative expec-
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tations. Predictive expectation is the prediction of the consumer regarding the expected
frequency of problem occurrence, and normative expectation is defined as the normative
evaluation of how often problems occur [25,26]. As shown in Figure 3, the initial interest in
expectancy disconfirmation research in marketing investigated how expectations, rather
than expectations and satisfaction, affect perceived consumer performance. These studies
were primarily concerned with whether the effect of expectations on the perceived perfor-
mance is based on the assimilation theory or contrast theory. At the beginning of the studies,
contradictory research results were obtained. However, in later studies, it was reported
that consumer expectations generally have a positive effect on product perception [27].

Figure 3. Schematic of the expectancy disconfirmation theory.

Early research on consumer satisfaction mainly focused on analyzing how expecta-
tions affect user satisfaction rather than the effect of expectancy disconfirmation on the
performance. Most of these studies have attempted to explain the effect of expectation as an
assimilation effect based on the cognitive dissonance theory of Festinger [28]. For example,
a consumer who purchases a product with high expectations will feel psychologically
uncomfortable when the performance of the product fails to meet the expectations. As it is
impossible to increase the performance of the product, to solve the psychological discom-
fort (cognitive dissonance), they try to satisfy themselves based on their high expectations,
thereby increasing the level of satisfaction [29].

Expectancy disconfirmation is based on product expectations and perceived perfor-
mance. Therefore, this theory can accurately explain how expectations and perceived
performance affect consumer satisfaction. This theory is generally known as the main
theory that explains consumer satisfaction based on expectations [30]. If the product per-
formance is higher than the expectations of the consumer, the level of satisfaction rises, and
the consumer becomes dissatisfied if the product performance is lower than the expectation
owing to the disappointment effect. When product performance is judged to be lower than
expected, better than expected, or equal to expectation, it is called negative disconfirma-
tion, positive disconfirmation, or simple confirmation, respectively. Therefore, in the case
of simple confirmation and positive confirmation, the consumer is satisfied whereas the
consumer is dissatisfied in the case of negative confirmation [31].

The expectancy disconfirmation theory hypothesizes expectations tied to perceived
performance, leading to post-purchase satisfaction. This effect is mediated through positive
or negative disconfirmation between expectation and satisfaction; satisfaction occurs when
the service expectation is exceeded whereas the customer is dissatisfied if the expectation is
not met. As shown in Figure 4, the expectation of the present time point (t) is connected
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with the disconfirmation of the future time point (t + 1) and affects the choice of the
consumer [32].

Figure 4. Consumer satisfaction process by time series.

If a good reputation is created by appropriately responding to changes in the demands
and expectations of major stakeholder groups and maintaining harmony, then building
consumer trust and confidence will naturally follow. Therefore, it is necessary for any
company to pay sufficient attention to its key stakeholders and strive to meet their expec-
tations [33]. By meeting stakeholder expectations, a company can anticipate and respond
to potential crises in advance, build trust in the organization, and have the results of the
company confirmed by stakeholders. The expectations and interests of stakeholders are
constantly evolving; therefore, companies should conduct regular stakeholder monitoring
and dialogue to keep pace with these developments, and thus, the stakeholder feedback
can be obtained [34,35].

2.3. Technical Background of AI Speaker

IoT is one of the representative information technologies leading the fourth industrial
revolution. The core technology of IoT consists of the collection, processing, and man-
agement of data coming through sensors, wired or wireless communication and network
infrastructure, security technology to prevent information leakage, and software that can
connect various technologies [36]. Therefore, although IoT is a service industry related to
individual consumption, it has a complex structure in which large industries in various
fields are complementary to each other. AI speakers focus on convenience functions in
general life based on IoT [37,38]. Companies that design AI speakers focus on content
businesses that consider human accessibility and intimacy as well as the functional aspects
of devices. They have even started to formulate the name of AI assistant service. The
AI speaker is a voice command device with a built-in virtual assistant, which provides
interactive work and hands-free activation [39]. The core of the virtual assistant service
is human–machine interaction through question answering (QA). All AI speakers are
equipped with voice recognition technology by default, but a special wake word is required
to link the device so that it can communicate with the server [40]. AI collects and analyzes
user commands to provide information and services tailored to the situation. In other
words, the AI speaker collects the command, compares it with other commands stored
in the cloud, and recognizes it when a user inputs a command to the AI speaker. The
service is operated in such a way that the suitable data are retrieved from the big data and
appropriate information is provided to the user through the recognized command [41,42].
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This enables the industry to launch AI services that can satisfy accessibility and
interactivity. Furthermore, an AI speaker is composed of a speech recognition technology
that converts human voice into text data that can be recognized by a computer and a
natural language processing technology that can process the converted data [43,44]. The
convergence of these two speech-language processing technologies is not only used in the
AI speaker industry, but also in the wearable device and artificial intelligence industry
(which is based on human intimacy). AI speakers are based on voice assistants or voice
user interfaces (VUIs), such as Google Assistant and Amazon Alexa. VUIs receive language
as input information through a speech recognizer and output voice information through
speech synthesis or pre-recorded audio. There is a growing interest in integrating the
voice assistant with various devices, such as AI speakers, smartphones, and smart TVs,
to improve the voice recognition rate. The error rate is 5% when a person hears and
transcribes the conversation over the phone. In 2017, the interactive agent recognition
error rate reached 5%, a level similar to that of humans [45]. Figure 5 shows the basic
model of acoustic echo cancellation. When a user tries a voice command while the music is
playing on the speaker, the AI speaker removes the music signal by applying acoustic echo
cancellation technology and only accepts the voice command signal without distortion.
For the acoustic echo cancellation technology to work ideally, the reference signal (R) for
signal processing and the signal (Rˆ) reproduced through the AI speaker and input back to
the microphone must exactly match. In this case, even if the reproduced music signal is
much larger than the voice command, the AI speaker accurately recognizes only the voice
command signal [46].

Figure 5. Block diagram of the acoustic echo cancellation system.

The most basic principle for acoustic echo cancellation is to estimate the characteristics
of the acoustic path, which should be modeled as accurately as possible to implement a
pattern similar to the actual echo. An adaptive filter should be used as the characteristics of
the acoustic path generally vary according to time and surrounding conditions [47,48]. The
situation of the music interference seriously affects the voice recognition performance. The
quality of acoustic echo cancellation depends on the speed of convergence and the accuracy
of the adaptive filter. The echo signal is typically modeled as a convolution of the musical
signal and the impulse response of the audio path [49].
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3. Methodology
3.1. Research Methods

IT corporations, which develop and sell AI speakers, have been persistently making
colossal investments in marketing to survive in the competitive market. This emphasizes
the importance of understanding consumer behavior in developing and expanding the
services that enable the consumers to lock-in the company product. Therefore, we focus
on discussing and analyzing the following two issues: (1) How the initial experience of
the user affects the continued use of the speaker and (2) how the individual characteristics
of the user affect consumption. We seek to provide insight into what customer behavior
characteristics companies should consider to increase sustainability in the future.

In this study, we used real consumer data on AI speaker obtained from Korea Telecom
(KT), which is one of the most representative broadband companies in South Korea. The
company launched an AI speaker service, Giga-Genie, which is installed in all-in-one
set-up box to control Internet Protocol Television (IPTV). The content of the communication
appears on the TV screen which improves the function by helping consumers know how
their words are recognized. As the service comes along with the IPTV registration, there
are consumers who unwillingly registered with the AI speaker, and this could provide a
meaningful consequence because we specifically used three months’ data of the customers
registered in December 2017.

To analyze the initial user experience, we started with the section that is highlighted by
the users. Tracing back to the resource above, voicebot.ai, the most important function that
consumers focus on is the understandability of the communication between the AI speaker
and users. To improve this, failure to maintain communication should be reviewed. The
three aspects of the success in communication consist of technical (or system), semantic, and
effectiveness aspects as defined by the mathematical theory of communication in Section 2.
As shown in Table 2, we analyzed communication failure between AI speakers and users
in these three aspects.

Table 2. Classification of the typical failure experiences of AI speaker users.

Type Request Message
(By Customer) System Message Results

System Comm. Failure

Do “something.”
The network connection

failed to cancel the service.
Please try again later.

Cancellation of service

How is the weather in
Kangnam, Seoul?

I cannot access the weather
information. Please try again later. A sudden service failure

Turn on the Netflix service. A subscription to the service
is required.

Requirement to sign-in to
additional service

Semantic Comm. Failure

How is the weather in
Kangnam, Seoul?

I cannot find the name of the
location. Please ask another

location.

Rejection to unavailable service
request or incomprehensible

request

Play the music of “ABBA”. I will turn on the music of “Bach”. Searching for other results with
similar pronunciation.

Search for the movie ‘Smile’. I’ll smile with you too, ha-ha-ha. error in recognizing
the meaning of words

Effectiveness Comm. Failure

Search for the movie
“Squid Game”.

Should I search contents
related to “Squid Game” in TV

or in web browser?

Inducement of the user’s choice
amongst possible actions

Call Mr. Smith. Do you want to call Mr. Smith? Confirmation of the user’s will

I want to make a call. Let me know the contact number
you would like to make a call.

Request for the additional
information

We observed and analyzed the log data of 27,308 AI speaker users for three months
from December 2017 to February 2018. We used variables that consider individual attributes
to quantify the exposure level of the user environment along with basic demographic
information. We defined exposure level as the TV viewing time as the IPTV and set-up
box are all-in-one service. The gender and age of the subscribers were used for personal
profile information. The failure in each field was measured by the failed percentage of the
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request attempt. We classified independent variables (Xs) as the percentage of three types
of failures with the moderating variables considering the first day, accumulated three days,
one week, and two and more weeks. We used two more types of independent variables:
exposure level of the user environment and demographic information such as age and
gender. Finally, we defined two types of dependent variables (Ys) to display continuous
usage of the speaker as shown in Table 3. We considered a discrete dependent variable
(Y1) and a continuous dependent variable (Y2), both of which indicate continuous use as a
dependent variable, simultaneously. We defined the continuous use of discrete Y1 as 1 for
more than five days and 0 for less than five days. In the case of continuous Y2, the date and
number of use cases were quantitatively constructed.

Table 3. Operational definition of variables.

Variables Definition

Independent Vars. (Xs)

Percentage of three types of failures with system,
semantic, and effectiveness.

the exposure level of the user environment, and
demographic information (ex. age and gender)

Moderating Vars.
Period of customer failure with first-day,

accumulated three-days, one-week,
and two and more weeks.

Dependent Var.
Discrete Var. (Y1) Sustainable use of AI speaker, with one for more

than five days, and 0 for less than five days

Continuous Var. (Y2) Sustainable use of AI speaker, with the date of use,
and the number of use cases

3.2. Hypothesis

We discovered that systematic (or technical) service error that occurs in the verbal
request owing to the circumstances where the service is not ready, the user should sign-
in to the additional service, or voice recognition technology is not working, leads to a
decline in the customers’ trust in the voice service. This eventually hinders customers from
purchasing further subscription to the AI speaker. Thus, we assumed hypothesis 1 as a
system failure.

Hypothesis 1 (H1). If no service is technically provided in response to consumer request, the
continued use of AI speakers will be negatively affected.

The provision of the wrong service refers to the incident where the result of the verbal
request of the user is dissatisfying, leading to another request within 5 s. This refers to
unrelated emotional chat or some other reason due to the absurdness of the situation.
The circumstance where a different type of service from what the consumer requested
is provided can be explained, for example, as in not providing music service when the
consumer has requested for it. We argued that the disharmony in the service during the
initial experience within the first day, first three days, first week, and first two weeks
or more, leads to the absence of consumer needs. Therefore, we assumed the second
hypothesis as a semantic failure.

Hypothesis 2 (H2). Providing a kind of service that is different from the one ordered by the
consumer will have a negative impact on the continued use of the AI speaker.

If the AI speaker cannot recognize the verbal request at once, or requires additional
information on the verbal request, the impression on its continued use is negative. For
example, when the user commands, “turn on Beatles”, and the speaker replies, “If you
want to listen to the music of Beatles, say ‘Turn on the music of Beatles’”. This is a
typical example of the circumstance requesting a change in the method of verbal request
or additional information. Replying with sentences such as “I couldn’t understand” or
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“Repeat your request” lowers the likelihood of continuing the subscription. Therefore, we
assumed a third hypothesis as an effectiveness failure.

Hypothesis 3 (H3). If the consumer does not recognize the commands at once or has requested for
additional information, the continued use of the AI speaker is negatively affected.

In addition to the three hypotheses, we hypothesized that the degree of continued use
of AI speakers varies according to the degree of exposure to the usage environment and
demographic information. Accordingly, we established two more hypotheses.

Hypothesis 4 (H4). The continuity of usage depends on the mechanical time the users stay at home.

Hypothesis 5 (H5). The continuity of the usage differs based on the age, range, and gender of the users.

Figure 6 schematically illustrates the causal relationships for the above five hypotheses,
and each independent variable is classified according to the customer failure period, which
is a moderator variable.

Figure 6. Causality of the hypotheses.

4. Results

To test the first hypothesis, as shown in Figure 7, we explored the continuous use of
the AI speaker for each customer failure period related to system failure. We found that the
sustained use was negatively affected if a system failure occurred in any period and that the
most significant difference in sustained use was for users with a period of two weeks or more.
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Figure 7. Ratio of system failure.

We explored the continuous use of AI speakers for each failure period of semantic
failure-related customers to test the second hypothesis. As shown in Figure 8, we found
that the occurrence of semantic failure across all periods had a negative effect on sustained
use. The largest difference in continued use was the users over a period of two weeks.

Figure 8. Ratio of semantic failure.

Finally, to test of the third hypothesis, we explored the continuous use of the AI
speaker for each failure period related to the effectiveness failure. We reached conclusions
that were contrary to the results of the previous hypotheses. That is, the negative effect
on continuous use did not increase even if the effectiveness failure occurred in almost all
periods, as shown in Figure 9. Rather, most of the cumulative users, except for 1-day users,
showed a positive will to use despite the failure. Moreover, we discovered that, as with the
previous hypotheses, the biggest difference in sustained use was for users over a period of
two weeks.
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Figure 9. Ratio of effectiveness failure.

We searched for each failure variable by date for customers using the AI speaker for
more than five days a week for three consecutive months. Based on all graphs, we found
that the period that showed the greatest difference was the failure rate over two weeks.
Therefore, we performed a logistic regression analysis for Y1 and regression analysis for Y2
with reference to the failure rate of two weeks to test each hypothesis. Tables 4 and 5 lists
the results.

Table 4. Result of analysis 1.

Hypothesis Y1 Y2
H1 0.0007 ** 0.0096 **
H2 <0.0001 ** <0.0001 **
H3 0.721 (N.S.) 0.0575
H4 <0.0001 ** 0.0042 **

(Significant Level: * p < 0.1, ** p < 0.05, *** p < 0.01).

Table 5. Result of analysis 2.

Components of H6 Case of Y1 = 1 Y2 (Days)

Gender
F 9.23% 10.2
M 9.37% 10.0

Diff. N.S. N.S.

Age

Under 20 5.05% 7.6
20s 8.07% 9.9
30s 12.31% 11.2
40s 5.79% 8.7
50s 4.21% 7.5
60s 9.45% 9.1

>70s 12.31% 10.8
Diff. <0.0001 ** <0.0001 **

(Significant Level: * p < 0.1, ** p < 0.05, *** p < 0.01).

We statistically proved that the failure due to system error (H1) and not understanding
the meaning (H2) resulted in negative results on continued use of the AI speaker when
two dependent variables were applied. However, in the case of H3, contrary to H1 and
H2, the higher the failure rate, the greater the number of cases used. We proved that the
additional queries and re-words of H3 provide a positive experience for people to continue
the conversations.
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We found no statistically significant differences between sexes. However, found a
difference in usage according to age. We found that sustained use was significantly higher
for those in their 30s and 70s or older. The common tendency between the two age groups
is that there are mainly single-person household; therefore, the lack of a conversation
partner could increase conversation with the AI speaker, which explains the positive result
of continued use.

5. Conclusions

From the results of this study, unlike the system and semantic communication failure,
effectiveness failure has a positive effect on the continuous use of AI speakers. This
proves that human–machine interaction can reach a high level through a high degree of
meaning transfer. AI speakers are expected to play a positive role in the case of single-
person households, especially the elderly; such cases are ubiquitous. This study improves
the continued customer use of products based on data from the top telecommunication
service companies in South Korea and proves the three types of communication functions
academically. However, short-term data may cause a problem in that the failure type is
simple. To address these problems, we plan to include type diversification along with
customer groups in future research.
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