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Abstract
This study employs an experiment to test assessments of music composed by artificial
intelligence. We examined the influence of (a) met or unmet expectations about artificial
intelligence (AI)-composed music, (b) whether the music is better or worse than
expected, and (c) the genre of the evaluation of music using a 2 (expectancy violation vs
confirmation) � 2 (positive vs negative evaluation) � 2 (electronic dance music vs
classical) design. The relationship between the belief about creative AI and the music
evaluation was also analyzed. Participants (n ¼ 299) in an online survey listened to a
randomly assigned music piece. The acceptance of creative AI was found to have a
positive relationship with the assessment of AI-composed music. A two-way interaction
between the expectancy violation and its valence, and a three-way interaction between
the expectancy violation, its valence, and the genre of music were found. Implications for
Expectancy Violation Theory and AI applications are discussed.
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Artificial intelligence (AI) has permeated our lives in various ways, such as self-driving

cars and personal AI assistants (Adams, 2017). As people are exhibiting an increasing

interest in AI, they have expectations and concerns with how these new technologies will

impact society (Shermer, 2017). Some people are concerned that AI will outperform

humans, which is reasonable given recent cases of computers surpassing humans, such as

an AI Go player defeating human champions (Curran et al., 2019). However, while it is

becoming expected for AI to outperform humans in tasks that require mathematical

calculations, it is still questionable whether AI can do the same in creative and artistic

pursuits. This is not a thought exercise, as there have been long-standing efforts to

understand human creativity in order to develop creative AI based on the presumption

that AI can imitate human processes (Boden, 1998).

To determine whether AI can be creative, its own creations inevitably will be judged

on its artistic merits. Coeckelbergh (2017) addressed this issue by saying that its crea-

tions should be considered artwork based on both subjective and objective criteria. He

argued that if there are objective criteria to be fulfilled to be called art, then AI can easily

produce products that meet those criteria. If the definition of art is subjective, then

everything, including AI-created products, has an equal chance to become artwork.

However, even though it is possible to define AI-created works as art, whether people

appreciate them as such is a different question. We do not have a clear answer yet, but

there are already AI programs that create their own works, including music. Recently, a

music-composing AI has been granted copyrights of its own soundtracks (Hewahi et al.,

2019). Commercially available, and perhaps popular, AI music may arrive soon.

AI and music

The effort to create AI that performs musical tasks began even before the term “artificial

intelligence” was familiar to the public (Meehan, 1979; Roads, 1980, 1985), and the field

has grown enough to be called Artificial Intelligence and Music (AIM) (Camurri, 1990).

AI is expected to influence music in terms of not only composing, but also performance,

and even music education (Zulić, 2019). However, most research has focused on AI’s

musical cognition or copyright issues (Bharucha and Olney, 1989; Longuet-Higgins,

1994; Stere and Truşan-Matu, 2017; Sturm et al., 2019), and AI that can listen to

music and interact with performers simultaneously (Baird et al., 1993). Zulić (2019)

argues that it is now clear that the intrusion of AI in music composing is inevitable, so

artists should decide between thinking of AI as a threatening enemy or a future colla-

borator. While AI-created music is getting closer to its public moment, it is not clear if

the human audience is ready. Their attitudes will influence the AI music industry and

new musical trends in production and consumptions may depend on people’s reactions.

AI-composers create music by analyzing 30,000 music scores and then creating their

own music pieces based on an interpretation using a mathematical model (Barreau,

2018). Some people may say that this is not purely creative since it is more of an imi-

tation of previous music pieces (Jennings, 2010). However, it should be acknowledged

that people also learn to make something unique by imitating previous works (Jackson,

2017; Turkle, 2005). If the procedure of creative thinking is the same, then rejecting AI’s

creativity comes only from the thought that an AI is not human. The question is whether
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people are willing to accept this, yet there has been no empirical research into human

reactions and perceptions of AI-created music.

Perceptions of creative AI

It is expected that study of creative AI is a contribution to the field of human–machine

communication (HMC) in terms of metaphysical implication, which refers to

obscuring boundaries between humans and machines, as creativity is often regarded as

an attribute that only belongs to humans (Guzman and Lewis, 2020). Because music is

not the only medium where AI creations and reactions can be studied, we can look to

other creative fields for parallels. The most studied has been with AI-created visual art.

Google’s DeepDream creates hallucinogenic images with its neural network (Marzano

and Novembre, 2017). Creative Adversarial Networks (CAN) is another image-

creating AI program that creates art by “maximizing deviation from established

styles and minimizing deviation from art distribution” (Elgammal et al., 2017: 2). AI is

also challenging the movie industry. “Sunspring” is a short movie based on a script by

an AI program using neural networks, and “Zone Out” is a movie directed by an AI

program (Furness, 2016; Goode, 2018). Multiple experimental studies have been

conducted to test how people perceive AI-created artwork. One central finding has

been that people’s perception of AI art is positively related to their belief about the

ability of AI to be creative (Chamberlain et al., 2018; Hong and Curran, 2019). In other

words, a predisposition to be open to AI predicts enjoyment of its products. These

results indicate that the evaluation of artwork is biased by perceptions of AI rather than

the quality of the art itself. Therefore, it follows that people with the belief that AI can

be creative will appreciate music composed by AI more. In turn, this belief appears to

be based on a more general set of knowledge and attitudes about AI in general. Sundar

and Kim (2019) found that people expect machines to be more just and trustworthy

than humans through what they dub “machine heuristics.” In psychology, heuristics

refers to efficient cognitive processes that help people to make quick judgments with

less effort using what they learned from cultural, institutional, and ideological

experiences (Gigerenzer and Brighton, 2009; Gigerenzer and Gaissmaier, 2011;

Petersen, 2012). Therefore, machine heuristics are mental shortcuts people use based

on their preexisting perceptions of machines when processing machine-related infor-

mation. It is found from previous studies that people expect AI to have distinctive

attributes from humans. For instance, a study found that people saw news articles

written by an algorithm as more objective and inducing less emotional involvement

than human-written ones because of machine heuristics (Liu and Wei, 2019). Another

study found that people consider AI to be less autonomous than humans (Hong and

Williams, 2019). This perception may influence the evaluation of AI-created music,

since people may have different thoughts on whether the autonomy of the creator is a

requirement for producing art. If people think creativity is an innate characteristic that

is only possible or acceptable in humans, then AI-composed music would be devalued

because of its source. Even though a machine’s performance is indistinguishable from

that of humans, there are still people who think that it is not “humanlike” (McCarthy,

2007). Because people distinguish AI from humans by having various machine
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heuristics, how people evaluate composed music will also be different, based on who

they think the composer is. Therefore, it is expected that people who believe that AI

can be creative will appreciate its music composed more than those who do not:

H1. There is a positive relationship between the belief that AI can be creative and the

evaluation of its music.

Expectancy Violation Theory

Expectancy Violation Theory (EVT) explains individuals’ reactions and responses to

unexpected incidents or events in communication settings (Burgoon et al., 2016).

The theory argues that when individuals see positive violations of expectations, that

is, things are better than they had expected, they perceive the outcome as more

favorable than if they had no expectations. A pleasant surprise disproportionately

increases liking. Conversely, a negative violation within an interaction leads them to

see the outcome as less favorable (Burgoon and Hale, 1988; Burgoon and Jones,

1976). An unpleasant surprise disproportionately decreases liking. A key element is

therefore whether their expectation is met or not. In the context of this study, people

will have an expectation about the quality of AI-composed music before listening to

it. If the quality of the song is either higher or lower than their expectation, then we

should expect EVT to predict an extra degree of approval or disapproval accord-

ingly. If the quality of the song matches the preexisting expectation, EVT predicts a

simple confirmation effect. If the quality does not match, it predicts outsized effects.

Thus, the valence of the violation is a critical factor leading to a positive or negative

violation.

While EVT began in the context of expectancies from human conversations and

interactions (Hall, 1966), the theory has recently been applied to verbal and computer-

mediated communication, including in human–computer interaction studies (Bonito

et al., 1999; Edwards et al., 2016). For instance, a previous study conducted by the

original creator of the theory (Burgoon et al., 2016) used it to explain how people

perceive embodied agents that deviate from their social expectations both positively and

negatively. In that case, the study found that positive violations increase positive per-

ceptions, while negative violations did not. Similar applications have been conducted in

research regarding people’s expectation of whether an AI or a robot can write the news.

A study found that a negative violation could lead to a more negative perception of

machine authorship (Waddell, 2018). Similar to writing news and painting, composing

music is presumed to have a certain expectancy when the consumer knows it was created

by AI. Expectancy violations have been applied to music in multiple studies but are

limited to human-composed music (Janata, 1995; Steinbeis et al., 2006). This presents a

clear gap in the research with a consistent theoretical framework, but without empirical

testing into AI music and reactions. This body of research and EVT offer a direct set of

predictions about reactions to AI-composed music. This study will investigate how

people react when the music composed by an AI is either unexpectedly better or worse

than their expectations, suggesting:
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H2. People who think the AI-composed music is better than expected will give higher

ratings than people who think the music is within the range of expectation.

H3. People who think the AI-composed music is worse than expected will give lower

ratings than people who think the music is within the range of expectation.

Music genre schema

When listening to AI musical numbers, machine heuristics are likely not the only

factor that influences an evaluation. People’s schema about the music genre would

be another factor. A schema refers to the cognitive framework that is needed for

perceiving, comprehending, and remembering (Brewer and Treyens, 1981). Its

function is to decrease the complexity of information so that typical situations or

familiar objects can be processed more efficiently with less mental effort (Harris and

Sanborn, 2014; Kleider et al., 2008). Therefore, schema and bias are often used

interchangeably (Dixon, 2006; Mikulincer and Shaver, 2001). If an individual has a

certain bias toward a genre, then the bias is highly likely to influence the evaluation

of a song of the genre.

Prior research found that people’s music genre preference can be a decisive factor in

their evaluations and judgments of a music piece (Istók et al., 2013). One experimental

study found that different genres of website background music create dissimilar per-

ceptions of the website owner (Yang and Li, 2013). Similarly, music genre preference

was found to be used as a standard to judge others due to the stereotypes people hold

about the genre of music (Lastinger, 2011). Both of the examples support that people’s

attitudes toward genres have influences on the evaluation of other people.

Classical music is often regarded as part of highbrow culture, less digestible to the

general public (Deihl et al., 1983; Peterson and Kern, 1996), whereas electronic dance

music (EDM) is seen as a more lowbrow and accessible genre by generating more active

participation and immersion given its nature as dance music (Kruger et al., 2018). These

dissimilar biases coming from the music genres can influence the music evaluation.

However, no study that compares musical quality between different genres has been

conducted, even between human-composed ones. Still, it is presumed that people’s

reactions to music would differ based on the genre.

H4. The evaluation of AI-created music will differ based on the genre.

H5. There will be an interaction effect between the genre of AI-created music and

expectations toward it.

Methods

In order to test the hypotheses, a 2 � 2 � 2 experiment was designed and conducted, where

expectancy violations (expectancy confirmation vs violation), the valence of evaluation (posi-

tive vs negative), and genre of music (EDM vs classical) were different. The attitude toward the

creation of AI was used as a covariate. The dependent variable was a subjective evaluation of the

music.
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Participants

Amazon Mechanical Turk (MTurk) was used to recruit participants. Individuals voluntarily joined

the study after reading its purpose. Participants who failed an attention test (e.g. What is the genre

of this music?) were excluded, leaving 299 participants from the 426 who were initially recruited

(37.5 participants in each cell). The youngest participant was 19 years old, while the oldest was 73

years old (M¼ 33.39, SD¼ 9.40). In terms of gender, 61.9% of them identified as male, and 38.1%
identified as female.

Procedures

Two AI-composed classical music pieces and two AI-composed EDM pieces were used for this

study. The genre was chosen as a unit of analysis because most studies about music preference use

it as a variable (Christenson and Peterson, 1988; Delsing et al., 2008; Ferrer et al., 2013; Schäfer

and Sedlmeier, 2009). There are multiple differences between genres, such as the tempo, harmony,

style, and structure. Therefore, having more than two genres without a clear difference would

confuse the analysis of results. Instead, this study focused on two contrasting genres to make a

more compelling case about the generalizability. Two pieces for each genre were chosen since a

single song may not represent the whole genre. Those music pieces were chosen from a music

library provided by a company called Evoke Music. The company approved the use of their music

for this study.

To control for quality, a pilot test with participants recruited from MTurk (n ¼ 96) was con-

ducted to test whether the pieces in the two genres would be evaluated similarly. For this

assessment, the fact that those songs are composed by AI was not told to participants. A t-test result

confirmed that there was no significant quality between classical music (M¼ 5.50, SD¼ 0.89) and

EDM (M¼ 5.16, SD¼ 1.12); t(94)¼�1.61, p¼ .111. Also, a procedure to test whether the genres

were distinct was followed. Participants were asked to choose the genre of the music they listened

to. A chi-square test confirmed that the genres of the music used in the study, classical music and

EDM, were distinct, not being confused with others; w2(1, N ¼ 96) ¼ 30.38, p < .001.

After confirming that the stimuli were rated as equal in quality yet different in genre, an

experiment using an online survey was conducted with a new set of participants. Participants were

randomly assigned to one of the four songs (two songs per genre) and asked to listen to it. They

were told whether their assigned piece was AI or human-composed before listening. Participants

could not move on to the survey until the music ended. After listening to a given song, participants

were asked to report their evaluation of a given musical piece, the level of expectancy violation

with its valence, and their attitudes toward creative AI.

Measures

Expectancy violation scale. How much the music’s quality deviates from their expectations was

measured with a revised scale from an instrument used in a previous EVT study (Burgoon et al.,

2016). This 7-point Likert-type scale (Strongly disagree to Strongly agree) measures both

expectedness and evaluation. The three-item measurement of expectations shows how much it was

violated (e.g. People would not be surprised to know that this music is composed by an AI), with

higher scores indicating more expected outcomes (a¼ .82). A five-item measurement was used for

the valence of reactions to the music (e.g. Most people would find this AI-composed music

enjoyable), with higher scores indicating more positive perceptions (a ¼ .79). Following the

procedure used by Burgoon et al. (2016), the outcome of these measurements was used to dis-

tinguish the level and the valence of expectancy violations by conducting median splits.
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Evaluation of music. The scales for evaluating music consisted of questions regarding their

musical qualities. A 9-item scale for the assessment of musical quality was developed from the

“Rubric for assessing general criteria in a composition assignment,” which is a scale used to

measure multiple components in a musical composition (a ¼ .90) (Hickey, 1999). Components of

the scale were aesthetic appeals (e.g. this AI-composed music piece presented a strong aesthetic

appeal), creativity (e.g. the music piece included a very original musical idea), and craftmanship

(e.g. this AI-composed music had a clear beginning, middle, and end). Higher scores indicated a

more positive evaluation of musical quality.

Attitudes toward creative AI. A scale that measured participants’ understanding of AI’s creativity

was created and distributed. The 7-point Likert-type scale (Strongly disagree to Strongly agree)

consisted of three statements: (a) I think AI can be creative on its own, (b) I believe AI can make

something new by itself, and (c) Products developed by AI should be respected as creative works.

Higher scores indicated more acceptance of creative AI (a ¼ .86).

Results

Simple linear regressions were conducted to test H1 that predicted a positive relationship

between the perception of creative AI and the evaluation of AI-composed music.

Overall, a significant and positive effect was found (F[1, 297]¼ 92.71, p < .001), with r2

¼ 23.8 (b ¼ .49). For classical music, a significant and positive effect was also found

(F[1, 171]¼ 58.14, p < .001), with r2¼ 25.4 (b¼ .50). Finally, a significant and positive

effect was also found for EDM (F[1, 124]¼ 31.59, p < .001), with r2¼ 20.3 (b¼ .45). An

increase in positive attitudes toward creative AI, leading to higher ratings, was found

regardless of the genre. Figure 1 shows a graph of a summary of the regression results.

Based on the results, H1 was supported.

Two sets of two-way analysis of covariance (ANCOVA) were conducted to test H2,

anticipating higher music evaluation ratings from the positive expectancy violation group

(the music was above expectation) compared to the expectancy confirmation one (the

music was as good as expected), and H3, expecting lower ratings from the negative

expectancy violation group (the music was below expectation) than the expectancy con-

firmation one (the music was as bad as expected). Based on the valence of violation, the

two ANCOVAs used the expectancy violation and the genre of music as independent

variables. The subjects’ attitudes toward creative AI were used as covariates because the

regression analysis above showed the relationship between the attitudes toward AI being

creative and the evaluation of AI-composed music. The dependent variable was the

evaluation of AI-composed music. Levene’s test was conducted to assess the equality of

variances and rejected the homogeneity of variances for both the positive evaluation (F[3,

130]¼ 0.58, p¼ .63) and the negative evaluation (F[3, 161]¼ 1.40, p¼ .25), meaning that

the ANCOVAs could be conducted. For the positive evaluation, the evaluation done by the

expectancy violation group (M¼ 5.91, SD¼ 0.67) and the expectancy confirmation group

(M ¼ 5.90, SD ¼ 0.71) showed no significant outcome (F[1, 129]¼ 0.00, p ¼ .99).

Therefore, H2 was rejected. In addition, no significant outcome was found from the genres

(F[1, 129]¼ 0.11, p ¼ .74), between classical music (M ¼ 5.90, SD ¼ 0.71) and EDM

(M ¼ 5.91, SD ¼ 0.67), with no interaction effect (F[1, 129]¼ 2.47, p ¼ .12). For the

negative evaluation, on the other hand, a significant outcome was found (F[1, 160]¼ 7.51,
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p ¼ .007, Zp2 ¼ .05) between the expectancy violation group (M ¼ 4.71, SD ¼ 1.05) and

the expectancy confirmation group (M ¼ 5.39, SD ¼ 1.07). Therefore, H3 was supported.

In addition, no significant outcome was found from the genres (F[1, 160]¼ 1.26, p¼ .26),

between classical music (M¼ 5.28, SD¼ 1.11) and EDM (M¼ 4.86, SD¼ 1.08), with no

interaction effect (F[1, 160]¼ 0.45, p ¼ .50).

H4 focused on the influence of genres on music evaluation, and H5 on the effect of genres

with expectancy violation and its valence. To answer those two questions, a three-way

ANCOVA was conducted with the same covariate. A Levene’s test rejected the homo-

geneity of variances of this ANCOVA (F[7, 291]¼ 1.81, p¼ .09). There was a significant

difference between the expectancy violation (M¼ 5.91, SD¼ 0.70) and confirmation (M¼
5.08, SD¼ 1.11) in terms of evaluating AI-composed music (F[1, 290]¼ 4.17, p¼ .04,Zp2

¼ .01). However, no significant difference was found (F[1, 290]¼ 0.78, p ¼ .38) between

classical music (M¼ 5.60, SD¼ 0.98) and EDM (M¼ 5.24, SD¼ 1.07), which rejected H4.

While the genre had no interaction effect either with the expectation-violation (F[1,

290]¼ 0.53, p ¼ .38) or its valence (F[1, 290]¼ 1.40, p ¼ .24), there was a two-way

interaction effect between the expectancy violation and its valence (F[1, 290]¼ 5.57, p¼
.019, Zp2 ¼ .02). Finally, there was a three-way interaction effect between the expec-

tancy violation, its valence, and the genre (F[1, 290]¼ 4.00, p ¼ .05, Zp2 ¼ .01).

Therefore, H5 was supported. Figure 2 shows a graph of the ANCOVA results between

the expectation-violation and its valence for classical music, and Figure 3 shows the

ANCOVA results between the expectation-violation and its valence for EDM.

Figure 1. The regression analysis of the relationship between the perception of creative AI and
the evaluation of AI-composed music.
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Discussion

The purpose of this study was to examine general reactions to AI-created music, as well

as whether a predisposition would affect the results when the subject was positively or

negatively surprised by the quality of the music. Strongly contrasting genres were also

tested to see if the results would apply more broadly across musical types. The results

suggest that accepting the creativity of AI is a prerequisite for a positive evaluation of its

artistic merit. This positive correlation, regardless of the genre of music, shows that

Figure 2. The ANCOVA results on music evaluation for classical music.

Figure 3. The ANCOVA results on music evaluation for EDM.
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appreciating the beauty of new things comes from an open-minded attitude, and that

conversely, an unwillingness to accept AI products blocks appreciation. As mentioned

earlier, unless there are commonly agreed upon objective criteria for a product to be

deemed art, the definition of artistic performance by an AI relies on an individual’s

subjective criteria (Coeckelbergh, 2017). Even though people have similar beliefs and

biases toward machines (Sundar and Kim, 2019), this does not mean that the strength of

their attitudes is equal. By examining the perceptions of AI and music for the first time,

this study finds that different predispositions toward creative AI can lead to a different

appreciation of its products. Taken together with previous findings in visual design, this

suggests that preexisting attitudes toward machines must be considered in HMC studies.

Machine heuristics are speculated to influence the perception of AI, including its vio-

lations of expectations. The expectation is a different form of schema that comes from

cumulated knowledge and experiences (Bonito et al., 1999), so the perception of

expectancy violations from an AI’s performance depends on their preexisting attitudes.

Therefore, this study suggests that future EVT studies involving evaluations of AI

performances should consider existing attitudes toward particular characteristics of AI in

their design.

Also, a two-way interaction between the expectancy violation and its valence was

found, which supports EVT. Participants with positive expectancy violations, who

thought the given music was surprisingly better than their expectation about AI-

composed music, reported higher ratings compared to the ones with positive expec-

tancy confirmations, who thought music had a high quality, as anticipated. On the other

hand, participants with negative expectancy violations, who thought the music was much

worse than what they expected from AI-composed music, reported lower ratings com-

pared to the ones with negative expectancy confirmations, who thought the music had

low quality, as expected. This is a new extension of EVT into a new aspect of human–

computer interaction. It is worth noting that while EVT was established as an interpersonal

theory (Burgoon, 2015), the application of the theory expanded to non-interactive settings

(Cohen, 2010; Rui and Stefanone, 2018), with room for more nuance there as well. This

study has extended the use of EVT to now include evaluations of a machine’s per-

formance. However, the performance of machines cannot always be predicted. An

overreaction to a machine’s work might lead to an incorrect attitude toward the

technology more broadly (Wakefield, 2016). Broader applications of EVT can help

minimize unpleasant surprises from machines and lead to higher quality human–

computer interactions.

While a previous EVT study about the AI perception tested the violation of expec-

tations and its valence (Burgoon et al., 2016), this study further considered different

characteristics of its performance now extended to music and perhaps to the way humans

think about different genres. From the ANCOVA results, a three-way interaction effect

between the expectancy violation, its valence, and the genre of music was found. While

an interaction effect between the expectancy violation and the valence violation was

found from classical music, there was no interaction effect for EDM. In other words, the

genre matters. While the skewnesses of the expectation confirmation and the expectancy

violation in the three-way ANCOVA graph about classical music were clearly different,

the skewnesses in the EDM condition were similar. In other words, expectation-violation
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matters in music evaluations for classical music but not for EDM. This was (ironically)

unexpected, and suggests that some different processing of the two genres of AI-

composed music lead to a different kind of expectancy violation that EVT has not

directly considered before. This difference may be a theoretical contribution, if it is

replicated by others. Why would it occur, and how can EVT be applied with new nuance

to account for it? It has been pointed out that the intensity and effects of expectancy

violation may not always be the same (Afifi and Metts, 1998). Why would this intensity

be different here? It is speculative, but it may be that different levels of anthro-

pomorphism in classical music and EDM had an influence on the evaluation of AI’s

performances. Electronic music has been regarded as “less human” compared to other

types of music since the software is expected to be highly involved in its creation

(Cookney, 2012; Eads, 2015). These dissimilar expectations toward genres based on

their different level of anthropomorphic aspects may have influenced the evaluation of

AI-composed music. In other words, AI-composed EDM may create less cognitive

dissonance than AI-composed classical music. However, this study cannot confirm it

since the expectation toward the musical anthropomorphism was not measured.

Therefore, this study suggests future EVT studies about AI perceptions consider the level

of anthropomorphism.

This study has a few limitations. First, attitudes toward a particular genre of music

were not measured before the experiment. Therefore, it is not clear whether the genre

preference has any effect on the evaluation of music quality. However, this could not

account for the within-subject findings. Future studies should consider genre and atti-

tudes toward it to test the speculations made here about the anthropomorphism of EDM

music. In addition, because the AI-composed music pieces were retrieved from a single

company, there may not be many variances of style within each genre. Songs created by

other AIs may create different results. Using different AI composers may allow for better

generalizability. Finally, future research might consider the subjectivity and taste of

different genres. Qualitative assessments would potentially generate insights that this

study might have missed.

The results of the study have clear implications for theory, namely the extension and

nuance of EVT. The study broadens the applicability of EVT by using it to analyze the

evaluation of AI performances in non-interactive settings. While EVT has been used to

assess the communication satisfaction with a single AI agent, this study is the first to look

at the perception of AI performances that does not involve a direct interaction. Appli-

cation of EVT to AI perception is expected to be crucial since people assess AI based on

whether their expectation is met or not (Burgoon et al., 2016). Previous human–com-

puter interaction studies have focused on people’s attitudes toward machines and their

communication satisfaction with AI agents (Bartneck et al., 2007; Shank et al., 2019;

Suen et al., 2019). However, people do not have identical perceptions of AI and the level

of the perception varies. On the other hand, expectancy violations and confirmations can

happen anytime, regardless of what beliefs or attitudes people have about machines.

Therefore, this study suggests that future research should continue to test different

contexts of human–AI interaction. Perhaps music, visual arts, and other media will work

differently for EVT. Understanding which media and products lead to different outcomes
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will add nuance to the theory, and allow researchers to better understand the “why” and

“how” of EVT as it applies differently.

Also, the findings of this study have general implications. In order for the creative

output of AI to be valued, people must first be persuaded that AI can be creatively

autonomous. Attitudes toward new technologies are often stable within a generation, so it

may be challenging to convince some age groups (Chung et al., 2010; Niehaves and

Plattfaut, 2014). Also, companies should avoid negative expectancy violations. People are

shown to devalue AI-composed music significantly when music was worse than expected

(negative violation). On the other hand, people did not appreciate the music above their

expectations significantly more compared to the music they thought as good as expected

(positive violation). Therefore, fulfilling basic expectations is critical to avoid large-scale

rejection of the technology. In order to do so, the understanding of people’s expectations

about AI-powered products and services should be preceded, but how people perceive the

creativity of AI has not yet been studied enough. Therefore, this study calls for further

research about public perceptions of creative AI. The fact that AI can be creative refers to

the possibility that it can provide new insights that have not been considered before. By

rejecting the concept of creative AI, we may lose opportunities to have a broader per-

spective of the world. For instance, the emergence of creative AI brings collaboration

between human and AI artists, instead of substituting the role of human artists (Feldman,

2017). Even though there have been many research studies about creating creative AI,

there has been a lack of studies about how people see AI artists and their products.

Knowing how people see AI as being creative is expected to aid the development of

creative AI that people can accept. While this research only dealt with music composed by

AI, it is hoped that its findings can contribute to future studies about creative AI.

Finally, this study is expected to broaden perspectives within human–computer

interaction research more generally. Existing studies have focused on social interactions

with machines, particularly looking at whether people interact with machines just as they

do with human interlocutors. However, people interact with machines’ products, not just

directly. Therefore, HMC can encompass artistic media such as music, dance, and visual

art. For instance, music is used for clinical purposes (Alty et al., 1997; Cross, 2014;

Hargreaves et al., 2005). By having an in-depth understanding of the role of AI-

composed music in human–machine interactions, it may be possible to create music

for specific purposes, such as developing an AI composer for music therapy. By

investigating various media between human and machine interlocutors, the field of HMC

is expected to have broader application.
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Schäfer T and Sedlmeier P (2009) From the functions of music to music preference. Psychology of

Music 37(3): 279–300.

Shank DB, Graves C, Gott A, et al. (2019) Feeling our way to machine minds: people’s emotions

when perceiving mind in artificial intelligence. Computers in Human Behavior 98: 256–266.

Shermer M (2017) Why artificial intelligence is not an existential threat. Skeptic 22(2): 29.

Steinbeis N, Koelsch S and Sloboda JA (2006) The role of harmonic expectancy violations in

musical emotions: evidence from subjective, physiological, and neural responses. Journal of

Cognitive Neuroscience 18(8): 1380–1393.
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