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This study examines the intelligibility of English and Spanish lexical items in code-switched utterances across different text-to-speech (TTS) synthesis methods. Using stimuli generated with neural and concatenative TTS, 49 Spanish-English bilingual participants listened to 96 sentences, mixed with noise, and typed the phrase-final keyword. Half of the sentences contained English-Spanish code-switches (equal number of English and Spanish target keywords), and half were monolingual sentences (half English, half Spanish). Accuracy was coded binomially for correct word identification. Results show that intelligibility is lower: (1) when the target words are produced in Spanish, and (2) in code-switched conditions. These results are in contrast with previous work showing intelligibility differences between TTS conditions. Moreover, the lower intelligibility results in the Spanish target word sentences and code-switched conditions present motivations for improving voice-AI speech to include common bilingual practices.
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1 Introduction

We are in a new digital era; the use of devices like Siri and Amazon Alexa are becoming more common in daily life. These devices are used to complete various tasks (e.g., creating shopping lists, setting reminders, etc.) as well as to help with information retrieval. Their growing use is being considered among researchers interested in seeing how voice-AI fares in spaces like classrooms and healthcare settings (Kim et al., 2022; Zhan et al., 2024). The fact that many of these devices require human speech recognition and produce highly human-like speech patterns motivates inquiries about how language users communicate with such systems. Some work has begun to investigate this realm, demonstrating ongoing effects in both production and perception. Additionally, this motivates more work investigating how diverse types of linguistic modes interact with voice-AI, including bilingualism. The current study examines effects of voice-AI code switching on language processing by Spanish-English bilingual users.

Bilingualism is a ubiquitous reality for many communities across the globe, in which speakers communicate daily in multiple varieties, such as Spanish and English. In the US alone, data from the Census Bureau estimates that over 43 million, or roughly 13% of the American population, report some level of proficiency in Spanish (U.S. Census Bureau, U.S. Department of Commerce, 2023). Although English continues to be the main language used across institutional settings, the presence and growing rate of multilingualism in the US continues to motivate researchers to consider linguistic diversity in voice-AI use and development. A key aspect of this is supporting code-switching, a common linguistic behavior in many bilingual communities.

While the term code-switching has been described using a range of different formulations depending on disciplinary perspective (Nilep, 2006; Mabule, 2015), here we define code-switching as the use of more than one variety or language in the same conversational context or utterance, based on previous literature (Auer, 1984; Heller, 1988). This could include different types of switches (Poplack, 2000; Mabule, 2015), such as:


	1. Extrasentential switches, consisting of tag word insertion from another variety. Example: You went to the store yesterday, verdad? You went to the store yesterday, right?

	2. Intersentential switches, in which speakers switch between varieties at sentence boundaries. Example: She works in programming y lo hace bien. She works in programming and she does it well.

	3. Intrasentential switches, in which speakers switch between varieties within the same sentence/utterance. This is the switch type we utilize in our study. Example: Él tiene una historia for everything. He has a story for everything.



In many Spanish-speaking communities across the U.S., code-switching is a very common practice that represents the linguistic norms of bilingual speakers (Barker, 1947; Cooper, 2013). Considering its ubiquitous nature, integrating natural linguistic patterns like code-switching into text-to-speech (TTS) models can have many practical applications and user benefits, such as greater accessibility to content that bilingual speakers consume more regularly, like mixed-language media, online resources, or using TTS to read digital sources. Additionally, incorporating code-switching into TTS models could help improve user experience by having more natural and realistic speech technology for multilingual users. This can enhance the usability of devices that rely on TTS systems, promoting increased human-device interaction due to having devices that match the user. Finally, incorporating code-switching into TTS voices could enhance cultural sensitivity in technology design. Voice-AI devices that pronounce cultural terms and phrases using the same phonetic and prosodic patterns that bilingual speakers use across their varieties can further enhance user experience by promoting and representing natural linguistic diversity.

While voice-AI enabled devices were originally designed to be monolingual, many different devices have been recently updated to permit multiple varieties in the same context to some extent, including Google Assistant and Amazon Alexa. However, there is a dearth of resources to incorporate different varieties and a lack of code-switching capabilities in both speech generation and recognition across different voice technologies. This disparity warrants further work to assess the current state of digital devices and explore how this technology can be developed to be more linguistically inclusive (Cihan et al., 2022; Kann, 2022). Some work has begun to develop automatic speech recognition (ASR) tools that permit the use of multiple varieties at once, such as Google Assistant, though code-switching remains to be fully incorporated (Toshniwal et al., 2018). Code-switching is an important phenomenon to examine in both the realm of production and perception.

One question that remains unanswered is how code-switching affects user performance in intelligibility. The current study focuses on this question. Previous studies have explored the perceptual effects of switching on listeners’ intelligibility performance in human-human interactions. For example, Piccinini and Garellek (2014) found that Spanish-English bilingual listeners rely on prosodic contours to anticipate upcoming switches, demonstrating how integral linguistic cues are for comprehension. Similar studies investigate related effects, such as the absence of phonetic-level cues creating switch costs (Shen et al., 2020), and code-switched sentences inducing cost effects at the processing level (Gross et al., 2019). Additionally, García and colleagues explored switch costs in noisy conditions, showing that highly proficient Spanish-English bilinguals tend to perform worse with mixed language conditions compared to single language conditions (García et al., 2018). While these studies investigated code-switching phenomena in human-to-human interactions, the role that different linguistic cues play in switch anticipation warrants further work to assess how listeners perform with voice-AI devices.

A handful of studies have begun to address related issues in this line of work. For example, Yu et al. (2023) outline and test TTS generation methods to improve Transformer-Transducer (T–T) models of Mandarin-English texts, against a lack of spoken data. Additionally, Hu et al. (2023) focus on improving ASR models through code-switching data from large language models. While these studies do not focus on intelligibility of generated code-switching, their methodological incorporation of TTS output of code-switching data motivates the present study to assess how listeners perform with digitally-generated speech. Addressing this facet of TTS voice development can be of use to related work looking to improve digitized speech output that is used for further purposes, including ASR.

In this realm of work, a key component to consider is the quality of TTS speech output and how that affects intelligibility among listeners. For example, Cohn and Zellou (2020) found that while listeners rated neural TTS methods as sounding more naturalistic, they performed better in concatenative TTS conditions. Such observations have important implications when it comes to the different speech generation methods that are used in different devices. Additionally, this adds further motivation to our work about what types of TTS methods might suit speakers and listeners who use more than one linguistic variety in the same conversational contexts. Our study brings together these remaining questions to consider how TTS voice quality conditions affect perception between monolingual and code-switched sentences.

The current study was designed to test the specific question of how code-switching in a TTS voice affects users’ comprehension of the utterance, as well as how the TTS method might mediate perception of code-switched sentences. We played English-Spanish bilingual sentences generated using two different types of TTS methods (concatenative and neural) and asked them to transcribe the final word they heard. Across trials, sentences varied as being monolingual or code-switched and also whether the keywords were produced in English or Spanish. Consistent with prior work from human-human interactions, we predict that code-switched sentences should result in lower performance than monolingual sentences, due to effects stemming from potential lack of phonetic cues that are important in switch anticipation (Gross et al., 2019; Shen et al., 2020). Moreover, we predict that the TTS method should mediate this effect - the more difficult-to-understand TTS speech will result in even lower performance in code-switched sentences. Observing how code-switching and voice-AI quality affect user comprehension is important for both theoretical and practical reasons. From a theoretical perspective, it is important to understand whether the same types of language processing patterns from human-human interaction carry over into interactions with digital devices. Observations in this study and future studies may shed more light on how human listeners cognitively process different types of linguistic information from generated speech. Additionally, these findings may be helpful to researchers interested in generating large language models, which should ultimately be inclusive of fluid speech patterns as well. For example, differences between human-human and human-device interactions in switch contexts will warrant researchers in these areas to better understand how to model TTS code-switching to be reflective of human code-switching.

Practically, our study is informed by calls for better recognition of diverse speech patterns in voice-AI devices (Cihan et al., 2022; Zellou and Holliday, 2024) can be informative to the engineering and design of voice-enabled systems which permit code-switching, a common and natural linguistic behavior of bilingual language users. This not only serves as a type of representation for stigmatized and non-standardized linguistic practices, but can also be useful in translation and media transcription that rely on text-to-speech methods.



2 Materials and methods


2.1 Materials

To test these questions, we designed a word-identification task to assess how listeners perform with both monolingual and code-switched sentences for two TTS conditions, concatenative and neural. For the stimuli, 96 original English sentences were gathered from the speech-intelligibility-in-noise (SPIN) materials (Kalikow et al., 1977). Of these, 72 sentences were translated by the first author to create full Spanish stimuli and introduce intrasentential code-switches at utterance midpoints, yielding two linguistic modes (monolingual vs. code-switched) and two final-word targets (English vs. Spanish). This generated four conditions according to the final word and mode in the sentence, English, Spanish, English-Spanish, and Spanish-English. Sentence stimuli were then generated through Amazon’s AWS TTS generator using a bilingual AWS Polly voice based on U. S. Spanish, Lupe, to create the switched and Spanish sentences. This resulted in 48 sentences being generated in two TTS conditions, concatenative and neural. In the end, this produced a full stimuli set of 12 sentences per target/mode condition in each TTS treatment. Additionally, following similar work examining intelligibility patterns and to increase the difficulty of the task, each stimulus was mixed with noise via Praat, with a sound-to-noise ratio at −3 dB, following similar procedures in prior work also examining speech intelligibility (Bradlow and Alexander, 2007; Clopper and Bradlow, 2008; Aoki et al., 2022).



2.2 Procedure and measurements

Participants were recruited through the University of California, Davis Psychology subject pool and received credit for their participation. 49 bilingual Spanish-English speakers (ages 19–30, 36 women, 11 men) completed a Qualtrics survey in which they listened to all 96 samples in randomized order. For each sentence, they were asked to type the final word. Listeners only heard the sentence once in order to control for potential effects of repetition aiding intelligibility. Additionally, participants completed a post-survey questionnaire to collect demographic information (e.g., gender, age, language use scores, etc.). Participants were specifically asked to rate their proficiency levels in a score out of 5 in speaking, listening, reading, and writing for both English and Spanish. Table 1 shows a full descriptive overview of these scores. Relevant to our study, 57.1% (n = 28) of participants reported a 5/5 rating for listening in Spanish, followed by 26.5% (n = 13) for 4/5 ratings, 12.2% (n = 6) for 3/5 and 4.1% (n = 2) for 2/5 ratings. No participant reported 1/5. For English listening proficiency scores, all participants reported either a 4 or 5 rating, with 89.8% (n = 44) reporting a 5/5 and 10.2% (n = 5) reporting a 4/5.


TABLE 1 Participants’ language proficiency scores.


	Domain
	Spanish
	English

 

 	Speaking 	Average - 3.7 / 5 	Average - 4.8 / 5


 	Score percentages and counts 	Score percentages and counts


 	5–22.4% (n = 11) 	5–83.7% (n = 41)


 	4–44.9% (22) 	4–16.3% (8)


 	3–18.4% (9) 	3–0


 	2–10.2% (5) 	2–0


 	1–4.1% (2) 	1–0


 	Listening 	Average - 4.4 / 5 	Average - 4.9 / 5


 	Score percentages and counts 	Score percentages and counts


 	5–57.1% (n = 28) 	5–89.8% (n = 44)


 	4–26.5% (13) 	4–10.2% (5)


 	3–12.2% (6) 	3–0


 	2–4.1% (2) 	2–0


 	1–0 	1–0


 	Reading 	Average - 3.7 / 5 	Average - 4.8 / 5


 	Score percentages and counts 	Score percentages and counts


 	5–24.5% (n = 12) 	5–85.7% (n = 42)


 	4–34.7% (17) 	4–12.2% (6)


 	3–28.6% (14) 	3–2.0% (1)


 	2–8.2% (4) 	2–0


 	1–4.1% (2) 	1–0


 	Writing 	Average - 3.0 / 5 	Average - 4.7 / 5


 	Score percentages and counts 	Score percentages and counts


 	5–12.2% (n = 6) 	5–75.5% (n = 37)


 	4–14.3% (7) 	4–20.4% (10)


 	3–40.8% (20) 	3–4.1% (2)


 	2–22.4% (11) 	2–0


 	1–10.2% (5) 	1–0




 

Participant responses were coded binomially for accuracy of word identification (1 = correct, 0 = incorrect). Data for the Spanish token regazo (lap) were excluded, due to investigator error causing a misspelling in token generation. All together, this yielded 4,679 trials included for analysis. After data cleanup, an accuracy analysis was conducted through a linear mixed-effects regression model using the lmer package in R (Bates et al., 2015), to assess TTS and linguistic predictors. Fixed effects included TTS method (concatenative vs. neural), linguistic mode (switched vs. monolingual), and target word (Spanish vs. English), along with all possible interactions. Random effects included by-subject random slopes for TTS model and all linguistic conditions.



2.3 Predictions

Previous work has shown different rates of intelligibility for both concatenative and neural TTS voices (Cohn and Zellou, 2020), alongside other work showing switch costs in noisy conditions and in the absence of important phonetic cues (Shen et al., 2020). Informed by these findings, we predict that the concatenative condition will be more intelligible for listeners across all linguistic modes and target word conditions, and that code-switching conditions will induce lower intelligibility.




3 Results

Regression analysis (Table 2) shows that participants were overall accurate in their prediction of sentence-final target words (estimate = 0.90, pr < 0.001). For fixed effects, listeners performed worse in both the Spanish target condition (estimate = −0.76, pr < 0.001). They also performed worse in the code-switched contexts overall (estimate = −0.32; pr < 0.05), and in the code-switched contexts with Spanish target words (estimate = 0.35; pr = 0.05), though this interaction effect was marginal. No other fixed effects and interactions came back significant.


TABLE 2 Regression model output for all listeners.


	
	Estimate
	Std. Error
	z-value
	Pr(>|z|)

 

 	Intercept 	0.90 	0.15 	6.14 	< 0.001 ***


 	Neural TTS 	−0.15 	0.13 	−1.13 	0.26


 	Spanish target 	−0.76 	0.13 	−5.85 	< 0.001 ***


 	Code-switched 	−0.32 	0.13 	−2.43 	< 0.05 *


 	Neural TTS × Spanish target 	0.09 	0.18 	0.47 	0.64


 	Neural TTS × code-switched 	−0.23 	0.18 	−1.28 	0.20


 	Spanish target × code-switched 	0.35 	0.18 	1.93 	0.05.


 	Neural TTS × Spanish target × code-switched 	0.30 	0.26 	1.16 	0.25




 

In addition to analyzing fixed and random effects for specific predictors, mean values of lexical identification and standard errors were analyzed as well. Figure 1 provides a visual comparison of mean values for TTS types across the two modes, separated by language of the lexical target, showing relatively better intelligibility in the English target word conditions.

[image: Graph showing mean word identification accuracy for English and Spanish listeners. English accuracy drops from monolingual to switch context for both TTS systems, CON and NEU, with CON higher. Spanish accuracy is lower with a slight increase from monolingual to switch for both systems.]

FIGURE 1
 Mean values for correct word identification across all conditions for all listeners.


Given participants’ varied self-ratings on listening proficiency in Spanish, we also analyzed a subset of the data to observe any differences in identification accuracy for those who self-reported higher listening scores (score of 4 or 5 out of 5). 41 participants reported rating their listening skills in Spanish to be at least 4, excluding 8 participants. Regression analysis for the higher self-rated listeners showed only minimal difference in both regression analysis (Table 3) and mean difference visualizations (Figure 2). In this model, listeners still performed worse with the Spanish target words overall (estimate = −0.54; pr < 0.001), with no significant effects for code-switched contexts or interactions.


TABLE 3 Regression model results for subset of listeners who self-reported higher listening proficiency scores (4 or 5).


	
	Estimate
	Std. Error
	z value
	Pr(>|z|)

 

 	Intercept 	0.86 	0.16 	5.24 	< 0.001 ***


 	Neural TTS 	−0.16 	0.15 	−1.09 	0.28


 	Spanish Target 	−0.54 	0.14 	−3.75 	< 0.001 ***


 	Code-switched 	−0.23 	0.14 	−1.59 	0.11


 	Neural TTS × Spanish target 	0.07 	0.20 	0.33 	0.74


 	Neural TTS × Code-switched 	−0.25 	0.20 	−1.25 	0.21


 	Spanish target × Code-switched 	0.20 	0.20 	1.01 	0.31


 	Neural target × Spanish target × Code-switched 	0.31 	0.28 	1.10 	0.27




 

[image: Line graph comparing mean accuracy in word identification for English and Spanish participants with higher listening scores. English monolingual mode shows a higher accuracy with CON TTS, decreasing in switch mode. Spanish accuracy remains low in both modes with minimal difference between CON and NEU TTS.]

FIGURE 2
 Mean values for subset of listeners who self-reported higher listening skills for Spanish (scores 4–5) for all conditions.




4 Discussion

Several key findings emerge in our study that raise important questions pertaining to past work and future directions. First, we predicted that there would be a statistically significant difference in intelligibility ratings between TTS methods. Specifically, we hypothesized that listeners would perform worse with neural TTS, and better with concatenative TTS. This is informed by Cohn and Zellou’s (2020) study, in which listeners performed worse with neural TTS, even though they rated this method as more naturalistic-sounding. In contrast to their study, our findings show no significance for TTS across all conditions. There are a few possible reasons for this contrast, including population differences between each study, such as listeners’ familiarity with both concatenative and neural TTS methods in voice-enabled devices. Additionally, when considering the lack of significance in the switch conditions, it could be the case that TTS methods incur less switch costs compared to human speech. We would expect this for the concatenative condition at the very least, due to less reduction in its TTS generation. Still, this does not explain why we do not observe significantly lower performance in the neural condition. In any case, future work should expand on this with a larger listener sample representing different ranges of voice-AI familiarity and linguistic experiences to better understand intelligibility of TTS. Additionally, comparative analyses should be conducted to look further at perceptual differences of code-switching between human-human and human-device interactions.

While TTS was not significant, our findings do show that listeners overall performed worse with Spanish target words, raising several questions about the nature of intelligibility with digital non-English voices. Alongside this, when considering previous work on switch costs in human-human interactions (García et al., 2018; Gross et al., 2019), we find that there was a small significant effect for code-switched conditions, confirming our prediction that intelligibility would be lower in those conditions due to potential switch costs in the perception of non-human speech. This motivates future work to continue assessing what phonetic cues are important for listeners in code-switching conditions, and to observe and compare switch-cost effect patterns between human-human and human-computer interactions.

Additionally, we collected information from each listener about their Spanish and English proficiency skills, with some listeners reporting higher listening scores in English. To observe any potential differences between listeners who self-reported lower vs. higher scores, we examined a subset of the data to assess only listeners who reported higher proficiency levels. Regression and mean accuracy analysis remained virtually unchanged; listeners performed worse still in the Spanish target word condition, with no significant effects for code-switching or TTS method. The reasons for overall lower intelligibility in Spanish target words, in both modes and TTS conditions, might be due to several reasons related to Spanish voice development in devices. For one, many of our listeners might be less familiar or have less daily frequency with Spanish digital voices, compared to English, influencing overall intelligibility over any effect the TTS methods might have had. This is not to say that the listeners in this dataset exhibited certain levels of linguistic ability, but rather that familiarity with digital Spanish voices might have an overall effect for all bilinguals, regardless of proficiency level. Additionally, it might be the case that the digital Spanish voice results in lower intelligibility due to being less developed compared to English digital voices. One previous study has shown that transcription of different Spanish dialects in Amazon Alexa results in higher word error rates for U. S. Spanish, which is the variety used here (Nacimiento-García et al., 2024). While we expect that most of our listeners, being U.S. speakers, will have the most familiarity with the U.S. varieties of Spanish in human-human interactions, a lack of development on digital voices based on U.S. Spanish dialects could result in lower intelligibility overall. This encourages more work to see if this is indeed the case, and future studies should specifically look at different intelligibility patterns alongside word error rates for different Spanish accents. This could uncover several important points, including areas where enhanced TTS voice development is needed. Additionally, this advocates for more inclusivity within technological development of digital voices, to enhance intelligibility for human listeners and ASR across different varieties that represent natural linguistic diversity.

With these observations in mind, it is difficult to fully assess whether or not target word frequency and listener proficiencies affected intelligibility in the Spanish conditions. It might be the case that listeners’ familiarity with voice-AI devices in Spanish affected their intelligibility with both TTS methods, or a combination of familiarity and word frequency of Spanish target words. In any case, our study highlights the ongoing need for more inclusivity of non-English varieties and fluid language practices in the design of voice-AI enabled devices. Outside of Spanish-English, code-switching is the norm for many speakers and is even represented in media, as in the case of Hinglish (Sailaja, 2011).

There were several limitations to this study that future studies could address. For one, the stimuli we used came from the SPIN test word list. Although this facilitated sentence generation, we did not control for word frequency, which may have an effect on bilingual listeners’ processing of sentence-final words in noisy conditions. This, combined with switch costs from both TTS and noise, may have affected intelligibility rates, though this is difficult to assess from the data. Another key addition to future work is the inclusion of a set of human-voice trials in addition to the TTS stimuli. Incorporating a human comparison here would be beneficial to assess if the intelligibility differences we observe here are due to perceptual challenges or bias points in the TTS models. Additionally, we cannot be certain about each listeners’ familiarity with each Spanish target word as bilinguals already exhibit a wide array of variation in linguistic production and perception. Future studies could both control for word frequency and assess how bilinguals perform with high and low frequency target words in their languages. Additionally, future work could generate stimuli in more than one SNR treatment to see if intelligibility varies in different noise conditions.



5 Conclusion

This study assessed intelligibility of code-switching in neural and concatenative TTS in noise. Our results show that Spanish target words were overall less intelligible than English target words across all conditions. Additionally, code-switched sentences were also less intelligible. The same findings emerged for the Spanish target words condition when observing the subset of listeners who reported higher listening proficiency. Additionally, the lack of significance in intelligibility rates between concatenative and neural TTS emerges in contrast to previous work (Cohn and Zellou, 2020) and motivates future work to continue investigating intelligibility of TTS across a wide range of linguistic contexts.
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