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Abstract


Due to the wide adoption of digital voice assistants (DVAs), interactions with technology have also changed our perceptions, highlighting and reinforcing (mostly) negative gender stereotypes. Regarding the ongoing advancements in the field of human–machine interaction, a developed and improved understanding of and awareness of the reciprocity of gender and DVA technology use is thus crucial. Our work in this field expands prior research by including a nonbinary voice option as a means to eschew gender stereotypes. We used a between-subject quasi-experimental questionnaire study (female voice vs. male voice vs. nonbinary voice), in which   n = 318   participants provided feedback on gender stereotypes connected to voice perceptions and personality traits. Our findings show that the overall gender perception of our nonbinary voice leaned towards male on the gender spectrum, whereas the female-gendered and male-gendered voices were clearly identified as such. Furthermore, we found that feminine attributes were clearly tied to our female-gendered voice, whereas the connection of masculine attributes to the male voice was less pronounced. Most notably, however, we did not find gender-stereotypical trait attributions with our nonbinary voice. Results also show that the likability of our female-gendered and nonbinary voices was lower than it was with our male-gendered voice, and that, particularly with the nonbinary voice, this likability was affected by people’s personality traits. Thus, overall, our findings contribute (1) additional theoretical grounding for gender-studies in human–machine interaction, and (2) insights concerning peoples’ perceptions of nonbinary voices, providing additional guidance for researchers, technology designers, and DVA providers.
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1. Introduction


With 4.6 billion devices used, Digital Voice Assistants (DVAs) have become a broadly adopted consumer technology [1]. Approximately 36% of Americans own DVA-driven smart speakers, and half of them use these devices on a daily basis [2]. This amounts to over 1 billion voice searches conducted every month [3]. Apple’s Siri and Google’s Assistant hold the greatest market share, at roughly 36% each. Amazon’s Alexa follows closely behind [4]. Other alternatives include Samsung’s Bixby, Microsoft’s Cortana, and a number of DVAs are offered by smaller companies. One characteristic all these DVAs have in common is their choice of gender representation. Not only are the names companies give to their DVAs predominantly female (i.e., Alexa, Siri, etc.), so are the voices they equip those artificial agents with, which convey a stereotypical gender role. While this may seem trivial, it goes to the heart of how the spread of digital technology can amplify and potentially even extend both gender stereotypes and social prejudice. To this end, a report published by UNESCO clearly points out that there is a danger of DVAs becoming modern instruments for gender bias manifestation [5]; in particular, since humans tend to attribute human characteristics or behavior to technology in general [6], and even more so to technology that is considered anthropomorphized, such as DVAs [7]. Thus, although Siri and Alexa might reply that they are genderless like cacti and certain types of fish when asked about their gender identity, technology designers still create these digital entities with a female persona in mind, equipping them with specific female gender cues and consequently triggering gender-biased user perceptions. Because, at present, users predominantly interact with female-gendered voice assistants, it is worth reflecting upon how these DVA interactions might manifest outdated ideas about women’s roles in society, and what may be done to avert such stereotyping. Furthermore, although today’s DVA settings usually allow for a binary choice of gender, i.e., male or female, the fluid concept of gender suggests that it is a spectrum rather than a misconceived and often simplified binary option [8], calling for more variance in addressing the complexities of gender.



DVA characteristics are highly dependent on human designers, and thus there is a certain risk that prevailing human biases are carried over to AI-driven systems. Yet, this risk, if adequately addressed, may also present an opportunity, in that diversity and inclusiveness could become an inherent part of DVA technology design and development. For DVA design, this would mean the promotion of more gender-neutral DVA names and, additionally, more investment into building respective gender-neutral DVA voices. That is, next to (or even instead of) male and female voices, users should be able to choose from a selection of nonbinary voices, which would give them the chance to interpret the voice—either as female, male, or neither, making it about choice rather than conditioning.



So far, however, our knowledge of users’ perception regarding a third, nonbinary gender voice option in DVAs is still rather limited (note: the voice Q promoted by GenderlessVoice is not currently implemented in any of the commercially available DVAs; available online: https://genderlessvoice.com/ [accessed on 4 June 2024]). The work presented in this article thus aims to take a first step towards a better understanding of this field by reporting on a study investigating users’ DVA voice perceptions and respective gender stereotype mapping. In particular, we investigated how individual factors—such as gender, education, profession, personality, and affinity for technology—relate to preferences for and stereotypes associated with nonbinary versus binary (male or female) voices.



The respective investigation was guided by the following research question:




How do people perceive nonbinary digital voices, and to what extent do they elicit gender stereotypes?





The description of our investigation starts with a discussion of relevant theoretical concepts and related work in Section 2. Next, Section 3 describes our methodological approach, the materials and the instruments we used to tackle the above stated research question. Then, we report on the generated results in Section 4, and discuss their impact in Section 5. Finally, Section 6 concludes with limitations and potential areas for future investigation.




2. Theoretical Concepts and Related Work


Building machines that understand and respond to spoken language has always been a key goal of AI [9]. In this, the aim was not only to offer a more natural way of information exchange, but also to allow for the creation of deeper human–technology relationships [10]. As a result, we see how today’s DVAs and their underlying spoken dialog system technology increasingly take over and further advance the role of hitherto used graphical user interfaces [11].



To this end, McTear [12] defines three main types of spoken dialogue systems used to power DVAs, i.e., finite state-based systems, frame-based systems, and agent-based systems. Finite state-based systems have strict rules that let interlocutors proceed step-by-step through a pre-defined dialog structure. They are rather inflexible, and consequently best suited for clearly defined, linear interaction scenarios. Most modern voice assistants, such as Apple’s Siri, Amazon’s Alexa, or Google’s Assistant, therefore tend to employ the more flexible frame-based approach, in which tasks are completed by randomly filling in slots of task templates [13]. Finally, agent-based systems are considered the most flexible ones. They act as autonomous entities aimed at reaching their goals by sensing input and triggering adequate output/actions, where the level of adequacy is measured in the closeness an output/action brings them to a desired goal [14]. In other words, an agent-based system runs on a continuous cycle of perceiving, processing (i.e., selecting the next action) and acting. Furthermore, these DVAs are also able to interact with other agents via an agent-communication language [15,16], which makes them versatile in that they can be integrated with a multitude of tasks and services.



2.1. Voice-Based Human–Machine Interaction


Voice is considered a key modality in successful human–human interaction, thus making it also a suitable candidate for more intuitive human–machine interaction [17,18]. Furthermore, studies have shown that in human–machine interaction users often apply the same social rules to machines as they do to other people [11]. In other words, people have a tendency to see human-like qualities in non-human objects if those objects exhibit a certain level of anthropomorphism [19]. This also affects overall machine perception, and furthermore increases technology acceptance [20]. Consequently, when human–machine conversations feel successful and cooperative, users may change their pronunciation, word choice, and other speech patterns so as to match human–human conversation patterns. Modern DVAs have already adapted to this behavior, and thus allow users to speak naturally as they would with other people instead of asking them to memorize DVA-specific trigger words or task commands [21].



From an interaction point of view, scholars have also pointed to a certain similarity-attraction effect in human–human and as well as human–machine interaction [10,22]. That is, people tend to be attracted to individuals (or artificial entities for that matter) who are like themselves. The attraction is thereby not limited to physical attractiveness, but rather the desire to be around such a person [23], which may be triggered by, e.g., vocal beauty [24]. This also applies to technology exhibiting anthropomorphic characteristics, such as DVAs. Thus, although personalized user interfaces are not new [25], the focus on individualized experiences is particularly present in modern DVAs [15]. On the flip side, however, this also opens the door for unconscious manifestations of already existing societal stereotypes—particularly those related to gender.




2.2. The Gender Binary


The framework of the gender binary refers to the concept of individuals being either men or women. Both internal (biological, cognitive) and external (social interaction, culture) mechanisms contribute to this view of gender. Cole  [26], however, argues that this binary view fails to address the complexity of gender. Furthermore, it excludes gender-nonconforming individuals by simply denying their existence. People’s gender and their gendered traits should thus rather be considered the “intended or unintended product[s] of a social practice” ([27], p. 97). To this end, gender performance theory proposes a clear distinction between sex and gender, pointing out that masculinity and femininity are not identical to men and women [8]. Gender is rather socially constructed, and defined by cultural norms. Evidence of this manifests in expectations among different cultures, where time is considered a factor that influences the meaning of gender and its changing nature [28]. Consequently, the “limits [of gender] are always set within the terms of a hegemonic cultural discourse predicated on binary structures that appear as the language of universal rationality” ([8] p. 12). So, while one may not completely neglect the gender binary, it should at least be acknowledged that the concept of gender is dynamic and responsive [29]. With respect to anthropomorphic technology, it was thus suggested to focus more on androgynous humanoid characteristics, and move away from the more traditional stereotyped gender representations [28]. An example of this may be found in the humanoid robot Pepper, where the developers explicitly omitted the use of gender-typical characteristics. Although only 15 of 50 study participants correctly classified Pepper as gender-neutral [30] (note: the majority, i.e., 64% perceived the robot as male, and 6% of study participants classified it as a female robot), it may still be considered a significant step towards overcoming the gender binary inherent to anthropomorphic agent technology.




2.3. Gender and Digital Voice Assistants


While DVAs lack an inherent biological gender, they often acquire a social-mechanical gender through human interaction and design [31]. This gender assignment is influenced by societal perceptions and stereotypes about male and female roles, leading to criticism regarding the reinforcement of harmful biases [32]. These stereotypes, based on societal expectations and assumptions about gender roles, influence interactions between humans and seemingly human-like entities [33]. For instance, people tend to associate male DVAs with authority and female DVAs with kindness, mirroring common gender stereotypes [34]. The context in which a DVA is used also impacts the assigned gender stereotypes. Here, research has shown that perceived task suitability influences the gender stereotypes associated with an artificial entity. So is it that female-presenting chatbots, for example, receive more comments on physical appearance than male-presenting ones [35]. This integration of gender characteristics into DVAs perpetuates traditional gender norms and biases, shaping our understanding of gender roles [28,36]. It stems from existing societal biases [37], and thus reinforces existing discrimination against women. For example, DVAs predominantly performing service-oriented tasks reinforces the stereotype of women in subservient roles [38]. Furthermore, the design of DVAs is inevitably influenced by the implicit values and biases of their human creators [39,40], which not only raises concerns about the devaluation of women’s work, but also the reinforcement of subordinate roles for women in technology [37].



Designing voice interface interactions requires consideration of users, devices, and contextual factors [22,33]. To this end, a user’s gender significantly influences technology adoption and perception of DVAs. Here, studies have shown gender differences in new technology adoption, with males being more influenced by personal attitudes and females by perceived norms and control [41]. That is, user responses to DVAs vary depending on their own gender identity and the perceived gender of the DVA [42]. Similarly, research indicates gender differences in perceiving human-like characteristics in robots, with males often attributing more human-like qualities and displaying a more positive attitude towards robots compared to females [43,44,45]. Yet, this can lead to varying behavioral responses, such as donation behavior influenced by the perceived gender of the artificial entity [46].



These findings highlight the need for a deeper understanding of social cues impacting DVA acceptance and addressing the ethical implications of anthropomorphized technology [47]. Only recently, developments in DVA design indicate a shift towards more neutral DVA interactions, which potentially move away from reinforcing stereotypes and towards creating more inclusive representations of gender in said technology [48]. This type of technology design, which promotes social equality and challenges stereotypes, is crucial to avoid the reinforcement of harmful biases [49,50]. It can only be achieved by creating artificial identities that transcend social stereotypes and spark conversations about the representation of gender in technology [51].




2.4. Promoting a Nonbinary Option for Digital Voice Assistants


While individuals may self-identify as binary (male or female) or nonbinary (neither male nor female) [35], there are external characteristics that (intentionally or unintentionally) convey a certain gender identity to others. With DVAs, this can happen directly through the content of a conversation in which a DVA may explicitly state to be male, female, or nonbinary, or indirectly through the used voice, which implicitly carries gender identity information. One such voice characteristic, which differentiates female and male DVA identities, is the so-called Speaking Fundamental Frequency (SFF)   F 0   and its parameters, i.e., range and variability. A gender-neutral SFF range, for example, would be found between   F 0   = 145–175 Hz [52,53], whereas an adult female SFF would average at approximately    F 0  = 220   Hz and an adult male SFF at approximately    F 0  = 120   Hz [54,55]. But it is not the SFF alone that controls our gender perception. Additionally, it has been shown that inflection, voice quality, articulation, speaking intensity, speech rate, and prosody matter [52]. In all of this, nonbinary voices should neither pattern like women nor like men. Rather, they should use a combination of male and female characteristics [53]. As a nonbinary voice lies between the parameters of female and male voices, it can potentially mitigate gender stereotyping. Thus, modifying the tonality from a typically female-gendered voice to a nonbinary voice may positively affect gender bias [56]. Aiming to challenge the prevalent binary representations in synthesized voices, the [multi’vocal] project (available online: https://thenewnew.space/projects/multivocal/ [accessed on 4 June 2024]) engaged a diverse set of people across different genders, ages, and accents to create a nonbinary synthesized voice [57]. It may be considered an example of how gender-neutral design efforts can help guard against unconscious stereotypes perpetuating gender inequalities and might motivate users to rethink and eventually reconfigure socially constructed gender norms [49]. Unfortunately, however, we currently know little about people’s perception of such nonbinary voices in DVAs and how this impacts on their gender stereotyping.





3. Methodology


Aiming to address the above outlined knowledge gap concerning nonbinary DVAs, we designed a quasi-experimental questionnaire study that investigates people’s perceptions connected to differently gendered DVA voices. Within this study, we considered the interplay of gender and technology using a two-tier quantitative research approach. Firstly, we investigated the general perception of binary and nonbinary DVA voices and their elicitation of gender stereotypes. Secondly, we analyzed the likability of these DVA voices, which we considered to be closely connected to users’ voice preferences. We used German-speaking DVA users as our sample frame.



3.1. Research Model


Our goal was to understand how people’s personal characteristics affect their perception and, consequently, the likability of nonbinary DVA voices. Personal characteristics we considered relevant included people’s gender identity, personality, egalitarianism, age, and education. With respect to the DVA voice, we expected its adopted gender to elicit corresponding gender stereotypes. That is, a female, male, or nonbinary voice was hypothesized to be connected to different stereotypical traits. The proposed research model depicted in Figure 1 summarizes these connections and outlines a number of hypotheses, which will be described next.




3.2. Hypotheses


Nass et al. [32] found that people considered low-pitched voices male and high-pitched voices female. Consequently, we may assume that people assign different gender-stereotypical trait attributions to male, female, and nonbinary voices. We therefore hypothesize that:



H1: 

In terms of gender-stereotypical trait attribution, there is a significant difference between female, male, and nonbinary voice assistants.





In prior work, scholars have shown that the perceived gender elicits gender stereotypes. Female-gendered agents have been ascribed attributes such as friendly and polite, whereas male-gendered agents are perceived as authoritarian and dominant [36]. Consequently, we may argue that:



H1a: 

People ascribe stereotypical feminine attributes to female-gendered voice assistants.





H1b: 

People ascribe stereotypical masculine attributes to male-gendered voice assistants.





Furthermore, as nonbinary voices are not ascribed to the gender binary, they should not correspond with male or female gender stereotypes, supporting the assumption that:



H1c: 

People do not assign stereotypical gendered attributes to nonbinary voice assistants.





As outlined in Section 2, current commercially available DVAs are predominantly female-gendered. Companies consistently argue that this corresponds to people’s preferences. Consequently, we may assume that:



H2: 

There is a significant difference in the likability between female, male, and nonbinary voice assistants.





Previous work has furthermore shown that personal characteristics affect the likability of DVAs. Respective studies draw on the social identity theory as a foundation to explain differences among user’s gender identities [58], where the majority of the work indicates differences in people’s DVA preferences depending on whether they identify as male or female [22,59,60]. Thus, we may hypothesize:



H2a: 

There is a significant difference in the likability of nonbinary voice assistants between men and women.





As DVA’s personalization advances, the interest in people’s personality and how it affects the likability of DVAs grows [15,61]. Using a short 10-item personality test, we thus set out to understand the relationship between different personality traits and the likability of nonbinary voice assistants, proposing that:



H2b: 

There is a relationship between the likability of nonbinary voice assistants and a user’s personality traits.





Furthermore, following Moskowitz and Li [62], who identified that egalitarian goals trigger stereotype inhibition, we may assume that:



H2c: 

There is a relationship between the likability of nonbinary voice assistants and a user’s exhibited egalitarianism.





Also, it is suggested that age is a factor influencing users’ stereotype perceptions in DVAs [63], for which we hypothesize that:



H2d: 

There is a relationship between the likability of nonbinary voice assistants and a user’s age.





Finally, education was shown to affect users’ impressions towards differently gendered agents [64], leading to the assumption that:



H2e: 

There is a significant difference in the likability of nonbinary voice assistants between different educational backgrounds.






3.3. Materials


We used an online questionnaire in which we let participants listen to two different DVA prompts uttered by one of three DVA voices (i.e., male, female, or nonbinary), and subsequently asked them questions related to the heard voice. The German prompts were situated in an e-commerce context, where the first one illustrated a system’s response to a user aiming to purchase a text processing software and the second one to a user’s search for a pen (cf. Table 1). The text for both response prompts was taken from an actual interactions with one of the commercially available DVAs.



The version that included the nonbinary voice was distributed twice as often as the other two genders, while the female and male version served as controls. For the male and female voices, we opted for currently available state-of-the-art German synthesized options generated by the Google Cloud Platform. For the nonbinary option, we asked the Acapela group (available online: https://www.acapela-group.com/ [accessed on 4 June 2024]) to generate a dedicated German nonbinary voice for us. Their approach was to use a female voice as the starting point and then change the   F 0   (fundamental frequency) and the ratios of the vowel formants   F 1   (vowel height; e.g., i = high vs. a = low) and   F 2   (vowel backness; e.g., i = front vs. u = back), so as to create a voice that has characteristics that lie between those of a male and a female voice. In a pre-study, we then asked five of our students to rate a curated selection of such nonbinary voices according to neutrality, on a gender spectrum from male to female, and naturalness, from computer-like to human-like (note: we were not interested in whether they liked the voice, but rather whether the voice would sound natural and would score on the gender spectrum in between male and female). We then opted for the one voice that scored best along these dimensions (note: the male and female voices did not undergo such pre-testing, since we assumed that current commercially available voices have already been tested for their gender representation).




3.4. Measures


In order to implement the research model illustrated in Figure 1 and investigate on its respective hypotheses, we used previously validated variable constructs derived from the literature. As we wanted to focus on German-speaking DVA users, we either used the validated German version of these measures or translated items via translation–back translation. The following variables and variable constructs were used (note: the entire questionnaire including a description of all data items and their parameter values is publicly available via the Zenodo open data directory at https://doi.org/10.5281/zenodo.11468262 [accessed on 7 July 2024]).



3.4.1. Perceived Voice Gender


We measured the perceived voice gender in the same way as in the pre-study by asking participants to rate the perceived voice on a nine-point gender spectrum running from male (=1) to female (=9), with the middle point (=5) representing the nonbinary neutral position.




3.4.2. Likability of Voices


Likability defines how much participants like the female, male, or nonbinary voices. We aimed for a multi-item measurement instrument that evaluates the likability of a perceived stimulus. Evaluating measures that have been used by other related work, we chose a scale proposed by Monahan [65]. It uses five items, which are each scored on a five-point semantic differential, and have previously been used to measure the likability of anthropomorphic voice user interfaces [20] as well as robots [66].




3.4.3. Bem Sex Role Inventory


We assessed gender-stereotypical perceptions using indicatives for stereotypical masculine and feminine traits. In this, we referred to the classic research by Bem [67], who categorized stereotypical male and female attributes. Thus, a seven-point Likert scale was used to capture the intensity of each of the 12 attributes, and how they apply to the respective gendered DVA. Female-gendered agents are therein stereotypically ascribed traits related to interpersonal warmth, whereas male-gendered agents are connected to agentic features [36].




3.4.4. Big Five Inventory


Respondents’ personality traits are needed to investigate hypothesis H2b. We used the shortened 10-item Big Five Inventory (BFI-10) proposed by Rammstedt and John [68], as it has shown to be almost as reliable and valid as the much longer 44-item version of the BFI.




3.4.5. Gender Role Stereotype Scale


The Gender Role Stereotype Scale (GRSS) was used to investigate potential gender role stereotypes based on eight items. Respondents were asked to indicate the extent to which different tasks should be accomplished by men, women or equally shared [69]. This measure relates to the egalitarianism hypothesis (H2c).




3.4.6. Affinity for Technology Interaction


Finally, we used the nine-item Affinity for Technology Interaction (ATI) [70] scale to measure the extent to which a respondent engages in intensive technology interaction activities. Although not attached to any of our hypotheses, this helped us with the description of our sample and the consequent identification of those respondents who express a greater liking of technology and, thus, probably exhibit a better understanding of DVA technology.





3.5. Procedure


First, we asked respondents to listen to the two voice prompts provided by the questionnaire. Next, so as to control for potential technical errors, they had to confirm that they were able to listen to the prompts, and that they understood the therein presented content. Then, they had to evaluate the perceived DVA voice, based on the measures described above. Finally, we asked them to include standardized sociodemographic data, which we then used to characterize our sample. The survey was distributed online for two weeks within our personal and university networks, different social media groups, and online platforms, which ensured a rather diverse sample of respondents.




3.6. Statistical Analyses


Next to descriptive analyses employing measures of central tendency, i.e., mean (M), minimum values (min), maximum values (max), standard deviation (SD) and group frequencies, we used Cronbach’s  α  to evaluate the internal consistency of all latent variable constructs, and Levene’s test for equality of variance, as well as the Shapiro–Wilk test for normality to check for adequate value distributions. We then employed independent samples t-tests and analyses of variance (ANOVA), as well as post hoc analyses (e.g., Tukey test) to investigate differences (H1, H1a–c, H2, H2a, H2e) between two (t-test) or more groups (ANOVA). To further measure the effect size of possible differences between groups, we used Cohen’s d (independent samples t-tests) and f (ANOVA) statistic. As for potential relationships between constructs and/or demographics (H2b–d), we used correlation and regression analyses. Finally, to provide an estimation of the affinity for technology present in our sample, we used the mean over the nine-item ATI-scale (note: the ATI items 3, 6 and 8 were reverse-coded to adjust item polarity).





4. Results


We received a total of   n = 318   (  n = 168   female and   n = 150   male) valid responses to the questionnaire, distributed over the three different DVA voices (i.e., male voice = 76, female voice = 81 and nonbinary voice = 161). Respondents’ mean age when completing the questionnaire was   26.75   years (min = 19, max = 66, SD =   7.25  ) (cf. Figure 2), and they resided mostly in Austria (  73.3 %  ) and Germany (  22.6 %  ). Other countries include Switzerland, Italy, France, and Liechtenstein (note: while some of the participants lived in non-German speaking countries, all of them were native German speakers). Most respondents hold a high school diploma (  35.22 %  ), bachelor’s degree (  41.19 %  ) or master’s degree (  13.52 %  ). Other educational backgrounds include a completed apprenticeship, a vocational baccalaureate diploma, a secondary education certificate, or other (e.g., a doctoral degree).



Approximately a third of the respondents (  31.8 %  ) claimed that they had never used or tried to use a DVA preceding their participation in our study, whereas 82 respondents (  25.8 %  ) stated they had used it once. The rest of the respondents indicated to use DVAs once or several times per month, once or several times per week, or daily (cf. Figure 3). Concerning respondents’ affinity for technology, the results of the nine-item ATI scale point to a homogeneous sample exhibiting an average overall technology affinity (  M = 3.67  ,   S D = 0.70  ) (note: as stated before, we did not attach a hypothesis to the found level of technology affinity, but rather used it as a means to describe the collected sample).



As for respondents’ occupations, the majority of them indicated being students (  55.97 %  ) or employees (  33.96 %  ). Thirteen people stated being self-employed, four people were in education or unemployed/looking for a job, and two were government officials (i.e., civil servants). The remaining   2.83 %   of respondents were either on parental leave or combining their studies with some sort of part-time work when they completed the questionnaire.



4.1. Perceived Gender


As outlined earlier, voice gender perception was measured on a nine-point gender spectrum running from male   = 1   to female   = 9  , with the middle point   = 5   representing the nonbinary neutral position. We analyzed responses regarding perceived gender using a one-way analysis of variance (ANOVA), to ensure that participants had correctly recognized the gendered voices as such. The results indicate significant differences in perceived gender between the male (  M = 1.76  ,   S D = 0.99  ), female (  M = 8.58  ,   S D = 0.99  ), and nonbinary voices (  M = 3.14  ,   S D = 2.09  ),   F ( 2 , 315 ) = 404.369  ,   p < 0.005  . The post hoc Tukey test shows a significant (  p = 0.000  ) difference for all three genders, indicating that participants had a distinctively different perception of all three voices.



Comparing the DVA’s intended gender representation with the gender perceived by the respondents shows that they identified the binary options with high accuracy (cf. Table 2). For the nonbinary voice, the majority of respondents (  65.2 %  ) perceived the voice as male, whereas only   24.8 %   of them correctly identified the nonbinary voice as neutral. A standard deviation of   S D = 2.09   on the 1–9 gender spectrum, however, indicates a rather broad range of data points. In comparison, the standard deviations of the male (  S D = 0.992  ) and female voice assistant (  S D = 0.986  ) are smaller, indicating a greater ambiguity in perceiving the nonbinary voice compared to perceiving the female and male voices.




4.2. Elicitation of Gender Stereotypes (H1)


To understand if people ascribe stereotypical gender traits to gendered voices, we ran a one-way ANOVA comparing female, male, and nonbinary voices with the respective feminine and masculine traits assigned by respondents. As outlined in Section 3.4.3, all traits were measured on a seven-point Likert scale running from   1 = n o t  t r u e  a t  a l l   to   7 = t o t a l l y  t r u e  , with 4 representing a neutral point. Internal consistency (Cronbach’s  α ) for masculine traits and feminine traits was calculated for both binary genders and confirm the reliability of the construct for feminine (female voice   = 0.843  , male voice   = 0.787  ) as well as masculine traits (female voice   = 0.763  , male voice   = 0.646  ) [71]. Due to the ambiguity of its perception, we did not expect the nonbinary voice’s internal consistency to be a reliable indicator of the validity of the construct. Still, results indicate that at least two voices, i.e., the male and the female voice, score significantly differently for both feminine (  F ( 2 , 315 ) = 33.824  ,   p = 0.000  ) and masculine (  F ( 2 , 315 ) = 66.797  ,   p = 0.000  ) trait attributions (cf. Table 3).



While masculine traits show a medium effect (  f = 0.5779  ), feminine traits show a small effect (  f = 0.4552  ) [72]. The post hoc Tukey test shows a significant difference (  p < 0.05  ) between all genders for both gendered traits with one exception: there was no significant difference between the ascription of feminine traits to the male and nonbinary voice. Consequently, our data only partly supports H1.



Furthermore, we ran an independent samples t-test to compare the differences between the masculine and feminine trait attribution for each gender (female, male, and nonbinary). The results indicate that the mean feminine trait attribution is highest for the female voice. Similarly, the male voice scores the highest for masculine trait attribution. With the nonbinary voice, feminine and masculine traits are attributed almost equally. The results are illustrated in Figure 4 and further discussed below.



4.2.1. Female Voice (H1a)


The female voice scores a mean of   4.56   in feminine traits and a mean of   2.53   in masculine traits. An independent samples t-test for equality of means shows a significant difference (  t ( 160 ) = 13.706  ,   p = 0.000  ) in the feminine and masculine traits when the DVA’s gender is female (cf. Table 4). Thus, a female DVA elicits statistically more feminine traits than masculine traits, supporting the assumption that gender stereotyping applies to female-gendered DVAs. Consequently, the collected data confirms our hypothesis H1a.




4.2.2. Male Voice (H1b)


The male voice shows a higher mean in masculine traits (  M = 3.90  ) than in feminine traits (  M = 3.66  ). Yet, even though the male voice scores, on average, are higher in masculine traits, the independent samples t-test does not show a statistically significant differentiation (  p = 0.085  ) (cf. Table 5). As such, the results do not support our hypothesis H1b, stating that the male voice elicits masculine trait attributes.




4.2.3. Nonbinary Voice (H1c)


Finally, both the feminine and masculine mean trait attribution values are similar for the nonbinary DVA voice. Indeed, the t-test does not show a significant difference (  p = 0.492  ) between feminine (  M = 3.47  ) and masculine traits (  M = 3.54  ) (cf. Table 6). We may therefore argue that people did not assign the nonbinary DVA voice to a specific gender and, consequently, that the nonbinary DVA voice does not elicit gender-stereotypical trait attributions, supporting our hypothesis H1c.





4.3. Factors Influencing Likability (H2)


The data show that the likability for DVAs is internally consistent (Cronbach’s   α = 0.898  ), indicating a reliable construct [71]. Furthermore, the Shapiro–Wilk test (  p > 0.05  ) shows that the likability for the nonbinary DVA is normally distributed. The one-way ANOVA points to a statistically significant difference in the likability of DVAs connected to their gender, confirming our hypothesis H2:   F ( 2 , 315 ) = 12.736  ,   p = 0.000  . On closer look, the post hoc Tukey test revealed that participants assigned a significantly lower likability to both the female (  M = 3.25  ,   S D = 0.89  ,   p = 0.003  ) and the nonbinary voice (  M = 3.11  ,   S D = 0.82  ,   p = 0.000  ) than to the male voice (  M = 3.70  ,   S D = 0.83  ) (cf. Figure 5). An independent samples t-test further shows no significant differences (  p = 0.465  ) in the likability of DVAs between participants who never used a DVA (  M = 3.23  ,   S D = 0.95  ) and those who have (  M = 3.31  ,   S D = 0.83  ), excluding a potential experience effect. Next, we examined the effect of the respondents’ personal factors (i.e., respondents’ gender, personality, egalitarianism, age and education) on the nonbinary voice’s likability. For this, only nonbinary voice cases (  n = 161  ) were considered.



4.3.1. Respondents’ Gender (H2a)


On average, women assigned a higher likability to the nonbinary voice option (  M = 3.23  ,   S D = 0.82  ) than men (  M = 2.96  ,   S D = 0.81  ) (cf. Figure 6). This difference between men and women is statistically significant:   t ( 159 ) = 2.0534  ,   p = 0.042  . Although the effect size is small (  d = 0.3247  ) [72], it provides support for our hypothesis H2a.




4.3.2. Respondents’ Personality (H2b)


An analysis of possible correlations between likability and the personality dimensions of the BFI-10 [68] revealed significance (  p < 0.01  ) for agreeability (  r = 0.214  ,   p = 0.006  ) and neuroticism (  r = 0.214  ,   p = 0.006  ). These two dimensions are able to explain 9.65% of the variance found in our data on voice likability:   F ( 2 , 158 ) = 8.438  ,   p < 0.000  ,   R 2 = 0.0965   (cf. Table 7). For the three other personality traits (i.e., conscientiousness, extraversion, and openness), the data does not reveal a significant connection with voice likability. Hence, we may argue that our hypothesis H2b is only partly supported, which opens up avenues for future investigations.




4.3.3. Respondents’ Egalitarianism, Age and Education (H2c–e)


The eight-item GRSS included stereotypical masculine and feminine tasks. Both showed a good or acceptable internal consistency for masculine (Cronbach’s   α = 0.712  ) and feminine tasks (Cronbach’s   α = 0.633  ). However, a correlation analysis between GRSS and likability, based on the Spearman coefficient, was not significant (  p = 0.638  ). Neither did an independent samples t-test show significant differences (  p = 0.623  ) with respect to likability of DVA voices between egalitarian-oriented people and those who tend to think in gender-stereotypical roles. Consequently, we had to reject our hypothesis H2c.



Based on the Spearman correlation analysis, which is appropriate for non-normal distributed data, we furthermore found that neither respondents’ age (  p = 0.998  ) nor their education (  p = 0.983  ) exhibit a significant linear relationship with their likability of different DVA voices. Thus, we also had to reject our hypotheses H2d,e.






5. Discussion


Nass et al. [73]’s Computers are Social Actors (CASA) paradigm highlights the anthropomorphism of human characteristics and technology. Anthropological assumptions go hand-in-hand with the transfer of gender stereotypes [73,74]. As such, there is a tendency that people treat DVAs as they treat other people. The incorporation of gender cues into a DVA’s design thus significantly affects human–machine interaction [36,74,75]. To promote inclusivity, properties of nonbinary DVAs can be utilized to mitigate or eschew these gender stereotypes.



5.1. Gender Perception in DVA Voices


As society continues to break down the gender binary, more people become open about their self-perception of gender. Consequentially, the existence of nonbinary DVA voices, which do not implement distinct gender cues, also evolves [52]. Our pre-study results indicate that the nonbinary voice we chose for our investigation was suitable in terms of neutrality (male vs. female) and naturalness (computer-like vs. human-like). Still, only 24.8% of our study respondents perceived the voice as nonbinary, whereas 65.2% assigned it to a male gender. Although other studies match these percentages (e.g., [28,30]), it points to a still-missing awareness of non-gender-binary-conforming anthropomorphic technology.



To this end, some researchers uphold the notion that there is currently no truly gender-neutral voice [30,39]. Already in 1990, Butler and Trouble [8] discussed the idea of the gender spectrum. To represent gender’s fluid concept, Schiebinger and Klinge [49] suggested the inclusion of nonbinary agents. However, to the broader society, the concept of the gender spectrum is a relatively recent topic. Therefore, users may still consider only binary options, which is why they seem to be inclined to assign the nonbinary DVA voice to either side of the spectrum. It is only with the rise of the LGBTQ+ community that gender fluid concepts become increasingly supported [76]. Thus, as the nonbinary gender option becomes less marginalized, users may start feeling more comfortable assigning a neutral gender to a disembodied agent. At the same time, limiting the gender of DVAs to three instead of two categories may in itself be counterproductive to mitigate gender stereotypes. Instead, we should aim for a better understanding of the cues that actually elicit gender stereotypes and learn how to control them so as to eventually create gender-neutral DVAs.




5.2. Elicitation of Gender Stereotypes


Commercially available DVAs are often designed with a female persona in mind [77]. Moreover, it is commonly understood that humans transfer gender stereotypes to machines [32]. This becomes problematic when technology designers use these gender stereotypes to amplify existing societal norms and expectations. Anthropomorphism encourages users to rely on social norms and expectations to judge the fitness of DVAs. People are used to hearing female voices when interacting with DVAs and, consequently, connect them to descriptive and prescriptive gender-stereotypical beliefs. Therefore, the creation of gender-neutral or nonbinary DVAs may aid in eschewing such gender stereotypes [49]. That is, if users are undecided as to whether a DVA they interact with is male or female, they may not assign gender stereotypical traits to the agent, but rather a combination of different traits that are not bound to binary constraints.



Our study results indicate that gender-stereotypical traits are only elicited for the female DVA voice, whereas the male and nonbinary DVA voice did not show a significant correlation with stereotypical attribute assignment. It has to be noted, however, that the perception of the nonbinary voice we used in this study leaned more toward male. Still, there was no statistically relevant difference between the assignment of feminine or masculine gender-stereotypical traits, confirming that nonbinary DVAs seem to not elicit gender-stereotypical trait attribution. As for our binary gender voice options (i.e., male and female), we have seen that respondents assign significantly more feminine than masculine trait attributes to the female DVA voice. For example, female vocal cues were connected with attributes such as tender and gentle, which can be clearly linked to gender stereotypes. These results are in accordance with previous studies [32,36], showing that DVA perception matches societal views [34]. Interestingly, the difference between male and female attributes assigned to the male DVA voice in our study was not significant. One cause for this disparity may be found in the vocal cues used for our voices, which may have evoked less gender-typical associations than voices used in other studies. For example, the   F 0   fundamental frequency could have been too high in the male voice we selected for the study, which has been shown in previous work to affect masculinity ratings in listeners [78]. Moreover, our questionnaire setup may also have affected the assignment of trait attributes. That is, hearing DVA voice prompts instead of interacting with DVAs may elicit different traits.



In general, our study respondents rated feminine attributes higher than masculine attributes for all three genders. If, indeed, our perspectives are shaped by our experiences [79], it is not surprising that participants tend to hear feminine traits. Their experience is to hear females in the role as DVAs and, therefore, they transfer feminine traits to male and nonbinary voices equally. In other words, these biases are rooted in assumptions about what DVAs should sound like [80].



Considering the complexity of the topic, the prevalence of female-gender DVAs is not as simple as to say that users unanimously choose feminine voices. These preferences rather stem from gender-stereotypical assumptions shaped by cultural and social influences. Also, the innateness of industry (e.g., secretarial work) and their gender stereotypes consistently interfere with our potentially less stereotyped perception of DVAs [81].




5.3. Factors Influencing Likability


While previous work predominately focused on the differences in the likability of gendered DVA voices (e.g., [10]), we concentrated on comparing a nonbinary voice option to the traditional male and female DVA voices. Although our male DVA voice was liked significantly more than the other two options, likability scores are above average for all three DVA voices. The preference for the male voice, and consequent lack of an expected higher likability for the female voice, may have been caused by certain voice characteristics. As already outlined earlier, the male voice also did not elicit male stereotypes at the level that we had expected, and so we suspect that these characteristics also affected the voices likability, putting it ahead of the female voice in the comparative ranking.



Furthermore, it seems interesting that, although personal factors have been shown to affect the likability of gendered DVA voices, and may thus equally apply to nonbinary DVA voices, our study results do not point to any such connections between voice likability and respondents’ age, education, or employment status. In terms of respondents’ gender, our data support neither the similarity attraction effect [22,59], nor the cross-gendered effect [82]. The only statistically significant result we found is that women in general rated all three gender options higher in likability than men did. A previous work by Cambre et al. [83] comparing 18 different text-to-speech voices did not find such a significant difference in how voices are perceived by different genders. Thus, it seems the consistently higher ratings by our female participants may have been the result of the distinct voice we have selected for this study.



Yet, two dimensions of respondents’ personality, i.e., their agreeability and neuroticism, show a positive correlation with the DVA voice likability. Agreeability, for example, manifests itself in behavioral characteristics perceived as kind and sympathetic. People who score high on neuroticism, on the other hand, are more likely than average to be moody [84]. Nonbinary voices can be assigned similar traits, such as sympathetic, gentle, or even moody [15].





6. Conclusions, Limitations and Future Outlook


Whereas the focus of prior work has been primarily on investigating the connection between binary DVA voices and gender stereotypes, we investigated the ascription of gender stereotypes and the effect of personal factors on the nonbinary voice option and its likability. To this end, our investigation yielded three main contributions to the theory of gender-studies in human–machine interaction: (1) Our results indicate poorer likability for both our nonbinary and female DVA voices, especially compared to the male DVA voice; (2) we found that women express higher likability for all our DVA voices than men; and (3) in terms of personality, we found that neuroticism and agreeability correlate with the likability of our nonbinary voice option.



6.1. Limitations and Areas for Future Work


While our study contributes to a more comprehensive understanding of nonbinary DVA voices and their manifestation of gender stereotypes, several limitations must be acknowledged. Apart from common limitations such as a lack of diversity found in the sample, or too socially desirable and biased responses, we particularly want to address limitations of the overall research design and make respective suggestions for further research.



Our research design was limited in that study respondents were simply listening to DVA voice prompts. Yet, some trait attributions may only be evoked when interacting with the DVA in an experimental setting, or over a more extended period. Thus, future work should focus on how more extended interactions with a nonbinary DVA affect the perception and the elicitation of gender stereotypes. Furthermore, creating a nonbinary voice is highly complex, and its characteristics, such as tonality, pitch and choice of words, affect a user’s perception. As such, our study does not provide a holistic understanding of nonbinary DVA voices. Consequently, a deeper investigation of nonbinary voice characteristics and their effects on user perception is needed. Moreover, although the results show that our nonbinary DVA voice scored the lowest out of all three voice options regarding its likability, we did not collect any data on people’s preferences; i.e., they were randomly assigned to one voice, and thus did not have the option to select or express their preference for a male, female, or nonbinary voice. Further research should thus investigate people’s voice preferences in more detail, and potentially also explore its link to technology acceptance.



Also, our approach to understanding user’s personality and its effect on nonbinary DVA voices requires expansion and deeper investigation. In particular, the vague correlation of personality factors needs to be further explored. To this end, one may even consider exploring connections between political views and the perception of gender-neutrality, as well as the perceptions that members of the LGBTQ+ community have towards nonbinary voices, particularly since they represent another group that has been subject to stereotypical discrimination and ignorance. Eventually, we may then be able to build a dedicated machine learning model that is capable of predicting people’s voice preferences, and make respective adjustments during real-time DVA interactions.



Finally, regarding gender-stereotypical attributes, we acknowledge that six attributes per gender may not be sufficient to comprehensively illustrate gender stereotypes. These stereotypes are deeply ingrained in people, and are highly complex to map. While we feel that it is essential to question the reasons for primarily female-gendered DVAs, we raise the issue of whether a gender-neutral DVA is actually able to change gender norms and expectations. In particular, there is the potential of disquieting users, which might ultimately result in decreasing user satisfaction. Society’s norms and expectations are continually evolving, and it is therefore vital that future research aims to investigate the long-term changes in gender bias connected to nonbinary DVAs.




6.2. Concluding Remarks


Technology companies offer DVAs with female-gendered voices as default and, as such, female DVA voices prevail in most commercially used systems. At the same time, female-gendered DVAs are closely tied to their gender-stereotypical trait attribution. The perception of women, even artificial ones, in assistant or servitude positions reflects gender bias and harmful culture. Our work shows that nonbinary DVA voices do not elicit such gender-stereotypical trait attribution and, as such, that their use disrupts the reinforcement of negative stereotypes. We thus propose that, by designing DVAs and their voices nonbinary (i.e., in a way that does not amplify gender stereotypes), we achieve a mitigation of gender bias and may thus promote gender equality in anthropomorphic technology. Furthermore, offering voices that are not constrained by a binary gender construct may be seen as an opportunity to create systems that reflect society and to actively promote the inclusion of diverse people. Rather than becoming yet another weapon to amplify gender-stereotypical biases by re-creating them in technological artifacts, DVAs can, therefore, become the means to drive change and progress gender equality.
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Figure 1. Proposed research model. 
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Figure 2. Respondents’ age distribution. 
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Figure 3. Respondents’ stated frequency of using digital voice assistants. 
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Figure 4. Gender-typical trait attribution based on perceived DVA voices. 
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Figure 5. Likability of voices based on a 5-item semantic differential running from   1 = d i s l i k e   to   5 = l i k e  . 
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Figure 6. Likability of DVA voices by gender. 






Figure 6. Likability of DVA voices by gender.



[image: Robotics 13 00111 g006]







 





Table 1. E-commerce-based DVA prompts uttered by either a female, male, or nonbinary voice as part of the online questionnaire.






Table 1. E-commerce-based DVA prompts uttered by either a female, male, or nonbinary voice as part of the online questionnaire.





	Product
	Envisioned User Prompt
	DVA Response Uttered by a Female, Male or Nonbinary Voice





	Software
	Ich will ein Textverarbeitungsprogramm kaufen. (en: I want to buy a text processing software.)
	Ein Topergebnis ist Microsoft Office 365 Home multilingual Jahresabonnement sechs Nutzer Box. Der Preis beträgt neunundneunzig Euro und neunundneunzig Cent inklusive deutscher Mehrwertssteuer mit Lieferung bis zwanzigsten Mai. (en: A top result is Microsoft Office 365 Home multilingual annual subscription six user box. The price is ninety-nine euros and ninety-nine cents including German VAT with delivery by the twentieth of May.)



	Pen
	Ich will einen Kugelschreiber kaufen. (en: I want to buy a pen.)
	Ein Topergebnis ist Faber Castell Kugelschreiber Poly Ball XB schwarz Schreibfarbe blau. Der Preis beträgt vier Euro und neunundachzig Cent inklusive deutscher Mehrwertssteuer. Wird voraussichtlich am zwanzigsten Mai geliefert. (en: A top result is Faber Castell ballpoint pen Poly Ball XB black writing color blue. The price is four euros and eighty-nine cents including German VAT. Expected to be delivered on the twentieth of May.)










 





Table 2. Perceived gender vs. actual gender of the DVA voices.
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Perceived Gender






	

	
Female

	
Male

	
Nonbinary

	
Correctly

Identified




	
Actual

Gender

	
Female

	
79

	
1

	
1

	
  97.5  %




	
Male

	
0

	
71

	
5

	
  93.4  %




	
Nonbinary

	
16

	
105

	
40

	
  24.8  %











 





Table 3. Differences in gender-stereotypical trait attribution based on perceived DVA voices.
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	Sum of Squares
	df
	Mean Square
	F
	Sig.





	
	Between Groups
	   65.5780   
	2
	   32.7890   
	   33.8244   
	   0.000   



	Feminine traits
	Within Groups
	   305.3580   
	315
	   0.9694   
	
	



	
	Total
	   370.9360587   
	317
	
	
	



	
	Between Groups
	   83.1186   
	2
	   41.5593   
	   66.7972   
	   0.000   



	Masculine traits
	Within Groups
	   195.9841   
	315
	   0.6222   
	
	



	
	Total
	   279.1027254   
	317
	
	
	










 





Table 4. Independent samples t-test: female voice.
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Levene’s Test for Equality of Variances

	

	
t-Test for Equality of Means

	






	

	

	
F

	
Sig.

	
t

	
df

	
Sig. (2-Tailed)

	
Mean Difference

	
Std. Error Difference

	
95% Confidence Interval of the Difference




	

	

	

	

	

	

	

	

	

	
Lower

	
Upper




	
Gender-stereotypical traits

	
Equal variances assumed

	
   6.149   

	
   0.014   

	
   13.706   

	
160

	
   0.000   

	
   2.029   

	
   0.148   

	
   1.736   

	
   2.321   




	
Equal variances not assumed

	

	

	
   13.706   

	
   152.244   

	
   0.000   

	
   2.029   

	
   0.148   

	
   1.736   

	
   2.321   











 





Table 5. Independent samples t-test: male voice.
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Levene’s Test for Equality of Variances

	

	
t-Test for Equality of Means

	






	

	

	
F

	
Sig.

	
t

	
df

	
Sig. (2-Tailed)

	
Mean Difference

	
Std. Error Difference

	
95% Confidence Interval of the Difference




	

	

	

	

	

	

	

	

	

	
Lower

	
Upper




	
Gender-stereotypical traits

	
Equal variances assumed

	
   2.331   

	
   0.129   

	
   − 1.733   

	
150

	
   0.085   

	
   − 0.243   

	
   0.140   

	
   − 0.520   

	
   0.034   




	
Equal variances not assumed

	

	

	
   − 1.733   

	
   139.936   

	
   0.085   

	
   − 0.243   

	
   0.140   

	
   − 0.521   

	
   0.034   











 





Table 6. Independent samples t-test: nonbinary voice.
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Levene’s Test for Equality of Variances

	

	
t-Test for Equality of Means

	






	

	

	
F

	
Sig.

	
t

	
df

	
Sig. (2-Tailed)

	
Mean Difference

	
Std. Error Difference

	
95% Confidence Interval of the Difference




	

	

	

	

	

	

	

	

	

	
Lower

	
Upper




	
Gender-stereotypical traits

	
Equal variances assumed

	
   4.920   

	
   0.027   

	
   − 0.687   

	
320

	
   0.492   

	
   − 0.067   

	
   0.098   

	
   − 0.260   

	
   0.125   




	
Equal variances not assumed

	

	

	
   − 0.687   

	
   308.748   

	
   0.492   

	
   − 0.067   

	
   0.098   

	
   − 0.260   

	
   0.125   











 





Table 7. Regression: neuroticism, agreeability, and likability.
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Model Summary

	

	

	

	

	

	




	
Model

	
R

	
R Square

	
Adjusted R Square

	
Std. Error of the Estimate




	
1

	
  0.311   a

	
   0.0965   

	
   0.0851   

	
   0.7885   




	
ANOVA  b

	

	

	

	

	

	




	
Model

	

	
Sum of Squares

	
df

	
Mean Square

	
F

	
Sig.




	

	
Regression

	
   10.4916   

	
2

	

	
   8.4379   

	
   0.000   c




	
1

	
Residual

	
   98.2279   

	
158

	
   5.2458   

	

	




	

	
Total

	
   108.7195   

	
160

	

	

	




	
Coefficients  d

	

	

	

	

	

	




	
Model

	

	
Unstandardized Coefficients

	

	
t

	
Sig.




	

	

	
B

	
Std. Error

	

	

	




	

	
(Constant)

	
   1.8438   

	
   0.3182   

	

	
   5.7940   

	
   0.000   




	
1

	
Agreeability

	
   0.2329   

	
   0.0781   

	

	
   2.9816   

	
   0.003   




	

	
Neuroticism

	
   0.1908   

	
   0.0641   

	

	
   2.9789   

	
   0.003   








a. Predictors: (Constant), Neuroticism, Agreeability. b. Dependent Variable: LIKEABILITY. c. Predictors: (Constant), Neuroticism, Agreeability. d. Dependent Variable: LIKEABILITY.
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