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Abstract

Most people are multilingual, and most multilinguals code-switch, yet the characteristics of
code-switched language are not fully understood.We developed a chatbot capable of completing
a Map Task with human participants using code-switched Spanish and English. In two
experiments, we prompted the bot to code-switch according to different strategies, examining
(1) the feasibility of such experiments for investigating bilingual language use and (2) whether
participants would be sensitive to variations in discourse and grammatical patterns. Participants
generally enjoyed code-switching with our bot as long as it produced predictable code-switching
behavior; when code-switching was random or ungrammatical (as when producing unattested
incongruent mixed-language noun phrases, such as ‘la fork’), participants enjoyed the task less
and were less successful at completing it. These results underscore the potential downsides of
deploying insufficiently developed multilingual language technology, while also illustrating the
promise of such technology for conducting research on bilingual language use.

Highlights

• We developed a state-of-the-art chatbot that can code-switch in English and Spanish.
• Our chatbot played 1556 Map Task games with 389 bilingual participants.
• We compared participants’ behavior across different code-switching strategies.
• Performance was worse for strategies with random or ungrammatical code-switching.
• All of our data and the code for implementing the chatbot are publicly available.

1. Introduction

Code-switching (CS), in which individuals seamlessly alternate between two or more languages
or varieties in conversation, has gained prominence in recent years as researchers seek to
understand the social, linguistic and psycholinguistic factors that shape CS patterns. CS is both
ubiquitous in bilingual interaction and widely known to be subject to a variety of conditioning
factors, and yet it is still far from being fully understood. Furthermore, CS in human – machine
interactions has only recently begun to be investigated. Contemporary dialog systems are almost
exclusively monolingual, although many bilinguals choose to code-switch when given the
opportunity. Understanding whether and how to enhance CS capabilities in dialog systems is
crucial for enabling more fluid interactions between humans and machines, and ideally such
enhancements can be developed in such a way as to accommodate human conversational
preferences and facilitate human behavioral responses.

To this end, the current study addresses fundamental questions regarding CS strategies in
human-machine dialog. First, we investigate the mechanisms through which conversational
agents can generate more human-like code-switching. Second, we hypothesize that code-
switching strategies based on previously attested grammatical patterns correlate with improved
task performance and participant satisfaction. Indeed, we find that participants’ satisfaction and
performance are greatest when conversational agents engage in predictable code-switching
strategies (as opposed to random behavior).

This article makes several contributions. First, we describe the development of an end-to-end
system implementing aMap Task, an experimental task widely used for eliciting spontaneous yet
experimentally controlled dialogs for the purpose of linguistic analysis (e.g., Anderson et al., 1984,
1991). The online platform we developed is easily expandable and allows for experimentation
with various CS strategies. Second, we present a new English–Spanish (alternational and inser-
tional) CS dataset reflecting human–machine interactions collected using the platform. The
dataset consists of two separate experiments, each examining different CS strategies. We used a
large language model (GPT-4) to carry out the dialog task, and manipulated its responses
according to predetermined CS strategies. This resulted in highly fluent bilingual language on
the part of themachine, but with deliberately varying degrees of naturalness in its code-switching.
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Third, we report the novel finding that participants responded
positively to more predictable CS strategies, as evidenced by both
increased enjoyment and greater objectively measured task success.
Most notably, when a code-switching-specific grammatical pattern
that is widely expected to be ungrammatical was intentionally
introduced, it resulted in a significant decline in overall perform-
ance. This has important implications for what chat systems need to
strive for. Users will become frustrated and make mistakes if such
systems produce grammatically unexpected language. All the
resources produced in this work, including the dataset of dialogs
and the code for the system, are publicly available.

2. Background

Code-switching, the act of shifting from one language to another,
has been studied in linguistics and sociolinguistics for decades
(Auer, 1998; Clyne, 2003; Gardner-Chloros & Weston, 2015;
Gumperz, 1982; Milroy et al., 1995; Muysken, 2000; Sankoff &
Poplack, 1981), and more recently, psycholinguists have begun to
explore the insights it can provide into language processing (e.g.,
Beatty-Martínez, Navarro-Torres, & Dussias, 2020). One of the
central insights from linguistic research on CS is that it is non-
random: qualitative linguistic analyses (Bhatt, 1997) and quantita-
tive corpus studies (Pfaff, 1979) alike support the generalization
that certain types of switches occur frequently, while others do not.
Myriad factors are known to affect the probability and grammatical
form of switched elements (see Bellamy & Parafita Couto, 2022;
Deuchar, 2020; and Schwieter & Festman, 2023, chapter 5, for
relevant reviews), and researchers have taken a variety of approaches
to explaining such tendencies (see Aaron, 2015; Poplack, 1980; and
Torres Cacoullos & Travis, 2018 for examples of variationist
approaches; Balam, Parafita Couto, & Stadthagen-González, 2020;
Beatty-Martínez & Dussias, 2017; and Kootstra, Dijkstra, & van
Hell, 2020 for experimental investigations; Bhatt, 1997; and Gold-
rick, Putnam, & Schwartz, 2016 for constraint-based approaches;
and MacSwan, 2014 and Myers-Scotton, 2002 for approaches cen-
tering grammatical factors).

As an example relevant to our work, consider switches that
occur between the determiner and the noun (Bellamy & Parafita
Couto, 2022; Clegg, 2006;Myers-Scotton&Gross, 2002; Otheguy&
Lapidus, 2003; Pfaff, 1979; Valdés Kroff, 2016). Spanish normally
has gender agreement here, as in ‘el tenedor’ (the fork, masculine)
but ‘la cuchara’ (the spoon, feminine). When an English noun is
inserted into a Spanish grammatical frame, the masculine deter-
miner ‘el’ is often used irrespective of the English noun’s Spanish
translation equivalent (e.g., ‘el spoon’ is common, rather than ‘la
spoon’). By contrast, the feminine determiner ‘la’ is used infre-
quently and only in cases where the English noun would be fem-
inine in Spanish (e.g., ‘la spoon’ is possible but uncommon, while ‘la
fork’ is not possible). It should be noted that while this pattern has
been documented in numerous Spanish–English contexts, the
grammatical form of mixed-language noun phrases shows vari-
ation due to a number of factors (Beatty-Martínez & Dussias, 2019;
Bellamy & Parafita Couto, 2022), and more work is needed to
understand the role of community-specific norms in CS (Balam
et al., 2020; Deuchar, 2020). Nonetheless, the current study takes
advantage of this expected asymmetry to ask whether human
participants’ performance in a dialog-based game shows sensitiv-
ities to grammaticality unexpected CS patterns.

With the rise of social media platforms, written CS (Sebba et al.,
2012) has also become a pervasive communication style (Rijhwani
et al., 2017). The spoken language domain is not directly comparable

to the written one, and findings on CS in written discourse differ
somewhat from those in speech (Chan, 2009; Gardner-Chloros &
Weston, 2015; McClure, 2001). Our work focuses on written code-
switching, and more specifically, on interactions between humans
and computational agents (bots). Our primary goal is to improve the
quality of bilingual language that is generated by such agents.

Recent works that use neural language models to generate code-
switched text have explored various approaches. For instance, Chang
et al. (2018) proposed data augmentation techniques to enrich code-
switching corpora, while Samanta et al. (2019) employed an auto-
encoder architecture for generating an extensive corpus of code-
switched text. Rizvi et al. (2021) developed a toolkit that generates
one code-switched sentence from twomonolingual parallel sentences
in different languages. However, thesemethods were not designed for
text generation in dialogs. Despite the success of neural language
models in general text generation, applications which require CS text
generation (e.g., Ahn et al., 2020; Parekh et al., 2020) sometimes prefer
rule-based generation methods, relying on contemporary machine
translation for translating the utterance’s parts.

The work of Ahn et al. (2020) stands out as the first to introduce
code-switching into dialog systems. They collected and released
Common Amigos, a corpus of 587 human–computer mixed Spanish
and English text conversations between their dialog system and
human participants, facilitating studies of human preferences in
written code-switching. Common Amigos is an extension of the
Common Friends game (He et al., 2017), in which two players are
each given a list of friends with certain characteristics (e.g., residence,
field of study, etc.), and the purpose is to find the one friend they have
in common by asking each other questions (e.g., “Do you have a
friend who studies geography?”). Ahn et al. examined two main
code-switching strategies, insertional and alternational (Muysken,
2000). The former refers to the insertion of elements from one
language into the “frame” of the other (Myers-Scotton, 1993, 2002)
in a way that generally respects themorphological and syntactic rules
of the frame language, while the latter involves alternation of longer,
more syntactically complex utterances. Parekh et al. (2020) extended
the work of Ahn et al. to an additional language pair, Hindi–English,
using the same Common Friends task.

Our work draws inspiration from Ahn et al. (2020) and Parekh
et al. (2020), but we employ a more realistic and diversified con-
versational task, namely theMap Task (Anderson et al., 1984, 1991;
Thompson et al., 1993; Section 3.1). This is a commonly used game
in (psycho)linguistics, where it has been employed to acquire
natural (i.e., human–human) dialogs that are simultaneously con-
versational and spontaneous in nature, but also semi-controlled,
experimentally (for a review, see Berríos, Swain, & Fricke, 2023).
This task is expected to produce more diverse and complex lin-
guistic interactions (than Common Friends), while still being con-
fined to a restricted vocabulary, and to yield generalizable results
that are less domain-dependent.

Like Ahn et al. (2020), we also explore alternational and inser-
tional CS. For the latter, we focus on a particular subtype of
insertional CS, known as mixed noun phrases. As noted above,
previous research on noun phrases in code-switched English and
Spanish has documented an asymmetry in grammatical gender
assignment, with a preference for masculine determiners regardless
of the Spanish translation equivalent of the English noun. Beatty-
Martínez and Dussias (2017) used ERPs to compare processing
involving this asymmetry in Spanish–English bilinguals who CS
frequently versus those who do not, and found that code-switchers
exhibited a heightened sensitivity to (masculine) incongruency
manipulations of determiner–noun switches (e.g., la fork),
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manifesting as apparent difficulty in lexical integration. Our study
likewise investigates whether human participants are sensitive to
gender incongruency manipulations, asking whether this affects
their performance in amuchmore “macro-level” task. Through this
investigationwe address the broader question of how important it is
for dialog systems to “get it right” (i.e., to avoid grammatically
unacceptable patterns) when attempting to code-switch.

We begin with a relatively broad investigation designed to test
out our methodology and determine whether our task can detect
differences in human participants’ sensitivity to different CS pat-
terns. Experiment 1 addresses the phenomenon of adaptation
between partners during a conversation, known in the literature
as entrainment, accommodation, adaptation or alignment
(Nenkova et al., 2008).Monolingual andmultilingual speakers alike
are known to seamlessly adjust their communication style to their
interlocutors (Bell, 1984; Fricke & Kootstra, 2016; Kootstra et al.,
2010, 2012; Pickering & Garrod, 2004), and when interlocutors
share more than one language, they nearly inevitably engage in
CS. Parekh et al. (2020) examined user accommodation in CS
human–machine dialogs and found that humans engage in CS
significantlymorewhen the agent code-switches compared towhen
it converses monolingually. In Experiment 1, our agent generates
CS language using different accommodation patterns. We find that
our task is able to detect participants’ general preference for rule-
governed (i.e., non-random) CS. In Experiment 2, we follow up on
this finding in more detail, asking whether our task also detects a
participant preference for grammatically attested (relative to
unattested) CS patterns.

3. Methods

Wedeveloped an end-to-end online system for theMap Task game,
which is currently deployed on theGoogle Cloud platform, utilizing
a server-client architecture. The client component is implemented
as a website tailored for human participants, while the server side
incorporates the chatbot implementation necessary for facilitating
interactions. All sources and Supplementary Materials are available
at https://github.com/HaifaCLG/MapTask.

3.1. The task

TheMap Task presents maps containing a set of landmarks both to
an instructor (tasked with communicating the path depicted from a
start point to an end point, using language only) and a navigator
(tasked with faithfully reproducing the instructor’s path on their
own map). The dialog produced during this interaction is the main
object of research.

In our setup, each experimental session comprises four Map
Task games (Figure 1), each featuring a unique map. The start
point (marked with ‘X’) is always at the top of themap, and the end
point is marked by a checkmark. See Berríos et al. (2023) for
additional information on the development of these maps. Our
human participants assume the roles of both instructor and
navigator in a predetermined sequence: instructor, navigator,
instructor, navigator.

3.2. Participants

Participants were recruited using Prolific (https://www.prolific.
com) and then directed to our Map Task website. To help ensure
both English and Spanish proficiency, we used Prolific’s screening
procedures to invite only participants whowere self-reported fluent

speakers of Spanish residing in the U.S., and we presented our
Prolific advertisement in Spanish.

Participants were informed that they would be working with a
partner to either give or receive directions on a map, and that they
could do this using a dedicated chat box. To encourage them to be
more talkative, we informed them that this was a research study
about how people use language to communicate information, and
that their performance in the study may affect their eligibility for a
financial bonus. The experimental session lasted about 40 minutes
in total, and participants were paid the equivalent of £6, with a £1
bonus as long as they appeared to put in a good faith effort. The full
task instructions are available in Supplementary Appendix A (see
Supplementary Materials).

We recruited 50 participants per experimental condition, with
the total number of participants retained in each analysis given in
Tables 2 and 4. Participants who did not perform the navigation
task (i.e., whose path was empty) or who did not engage in con-
versation were excluded from the analyses. Additionally, partici-
pants who did not specify either English or Spanish as a native
(or second) language in our end-of-session language questionnaire
were excluded. However, we did not perform any further filtering
based on the questionnaire responses due to the prescreening
provided by Prolific and because we suspected that some partici-
pants may have skipped through the questionnaire rather quickly.

Table 1 provides self-reported demographic and language infor-
mation for participants in Experiments 1 and 2. While a goal of
recruiting participants currently residing in the U.S. was to reduce
variability in the data somewhat, we acknowledge that our analyses
lump together speakers from a wide variety of language commu-
nities and linguistic backgrounds. While most (~75%) participants
were born in the U.S. and considered Spanish their second or less
proficient language (~69%), participants lived in a variety of
U.S. states and reported various home language environments
(e.g., ~50% reported English as their only native language, versus
~25% reporting Spanish only and ~25% reporting English and
Spanish). Table 1 is intended primarily to document potentially
relevant variation among our participants, and we hope that future
research will employ the methods we develop here to better under-
stand how such variation impacts CS patterns.

3.3. System architecture

3.3.1. Client side
This is a web application that allows participants to play both roles
of the Map Task game, chat via a dedicated interface, and respond
to questionnaires (see Figure 2). When playing as the navigator,
participants build their path using an avatar on the map that can be
moved with the mouse and keyboard. More detail on the client is
given in Supplementary Appendix A.

3.3.2. Server side
This is a Python application that implements the conversational
agent (chatbot, or just bot, below) and records the data for each
experiment. The bot contains the implementation of the code-
switching strategies described below, and is based on GPT-4
(OpenAI et al., 2024). We use different prompts to handle the roles
of instructor and navigator, and to transmit knowledge about each
map. The code flow of the bot consists of two main stages:

1) Generate a new response. The participant’s most recent
response is passed along with the chat history to GPT to

Bilingualism: Language and Cognition 3

https://doi.org/10.1017/S1366728925100436 Published online by Cambridge University Press

http://doi.org/10.1017/S1366728925100436
https://github.com/HaifaCLG/MapTask
https://www.prolific.com
https://www.prolific.com
http://doi.org/10.1017/S1366728925100436
http://doi.org/10.1017/S1366728925100436
http://doi.org/10.1017/S1366728925100436
https://doi.org/10.1017/S1366728925100436


generate a suitable response based on the bot’s role in
the game.

2) Apply code-switching strategy.At this stage, we (potentially)
manipulate the response of GPT, based on the CS strategy.

More detail on the server is given in Supplementary Appendix B.

3.4. Overview of experimental setup

The setup for Experiments 1 and 2 is globally similar. We initially
provide a set of instructions (a prompt) to GPT-4 and then in the
course of the experiment, we potentially manipulate its output
according to a particular CS strategy. Each strategy corresponds to
a single condition, such that CS strategies in both experiments
constitute a between-groups manipulation. In Experiment 1 (our
“alternational” experiment), we do not instruct GPT-4 to com-
municate in any particular language, but rather use machine
translation to translate its entire output from one language to
the other, depending on the strategy. In Experiment 2, by contrast,
GPT-4 is explicitly instructed to communicate in Spanish, and the
messages presented to participants are in mixed Spanish-English

(i.e., following an “insertional” strategy), with their precise gram-
matical form depending on the condition. In both versions of the
experiment, the chat begins with one of a small set of predefined
welcome messages (see Supplementary Appendix B), in order to
establish a social foundation. The prompts to GPT-4 are written in
English, and its initial output in fact depends on the participant’s
language usage.

3.5. Computational resources

We implemented several language processing modules to modify
the bot’s generated utterances in line with our CS strategies.

3.5.1. Language identification (LID)
We classify each sentence into four categories: English, Spanish,
Mixed and None. This is done using a pre-trained transformer-
based model (Vaswani et al., 2017) at the token level: each token
(i.e., word) is classified as either English or Spanish. Then, the entire
utterance is classified asMixed if it includes at least one token from
each language. If all tokens belong to a single language, the

Figure 1. The four maps used in our experiments.
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utterance is labeled accordingly. The label None is given to short
(typically, one-word) utterances such as ‘ok’ or ‘no’, where language
identification is ambiguous.

3.5.2. Noun extractor
As one of our experiments focuses on code-switching around noun
phrases (NPs), we use SpaCy (Honnibal &Montani, 2017) to parse
the sentences. We then identify simple noun phrases by focusing on
nouns: we use the dependency structure to identify the determiner
of each noun. Complex noun phrases, such as those containing
adjectives, possessives or relative clauses, are disregarded during
this process, such that our experimental manipulations affect only
simple NPs.

3.5.3. Translation
For some strategies (in Experiment 1), we use Google’s translation
services to translate the entire utterance.

3.5.4. Spanish-to-English noun dictionary
We constructed a dictionary that contains the expected Spanish-to-
English translations of 135 objects found on the maps, including
common synonyms for some objects. It is used to translate a single
noun identified by the noun extractor component, in order to
generate mixed NPs.

3.5.5. English noun gender dictionary
We constructed a dictionary that lists the Spanish translation
equivalents of English nouns listed in the previous dictionary, along
with their Spanish gender. For example, an expected translation of
the noun ‘rock’ to Spanish is ‘roca’, which is feminine, hence the
item ‘rock – feminine’ is included in this dictionary. The dictionary
includes 109 nouns, fewer than the previous dictionary since some
Spanish synonyms are mapped onto the same English noun. In
cases where possible Spanish synonyms have different genders (e.g.,
‘papagayo’ is masculine whereas ‘guacamaya’ is feminine, but both
are translated to ‘parrot’), the gender is listed in this dictionary as
ambiguous.

3.5.6. Masculine-to-feminine mapping of Spanish determiners
These are actually two dictionaries containing mappings from
masculine to feminine and vice versa, adhering to Spanish gram-
matical rules. This allows any alteration of Spanish determiners to
select the contextually appropriate forms.

All dictionaries were curated by two Spanish–English bilinguals.

Table 1. Overall summary of participant demographics and language history
information

Exp 1
(Alternational)

Exp 2
(Insertional)

n
218

(47% male)
171

(45% male)

age mean (SD) 32.0 (10.6) 32.1 (9.7)

highest level of
education

less than high school 7 (3%) 1 (1%)

high school 21 (10%) 19 (11%)

trade school / other 3 (1%) 3 (2%)

(some) college 144 (66%) 100 (58%)

(some) graduate
school

43 (20%) 48 (28%)

native language(s) Eng only 99 (45%) 88 (51%)

Eng + other 2 (1%) 0

Spa only 59 (27%) 41 (24%)

Spa + other 1 (< 1%) 0

Eng + Spa 57 (26%) 41 (24%)

Eng + Spa + other 0 1 (1%)

Region of Birth *
(n participants)

U.S.
Mexico or Central
America

South America
Caribbean
Other (Europe, Asia,
Africa)

missing data

119 (77%)
14 (9%)

10 (6%)
4 (3%)
7 (5%)

64

128 (75%)
16 (9%)

14 (8%)
4 (2%)
8 (5%)

1

Current Residence *
(n participants)

CA
TX
FL
NY
Midwest (IL, OH,
IN, etc.)

Other Northeast (NJ,
MA, PA, etc.)

Other West (WA, AZ,
CO, etc.)

Other South (NC, VA,
GA, etc.)

missing data

33 (22%)
27 (18%)
18 (12%)
14 (9%)
16 (11%)

16 (11%)

14 (9%)

11 (7%)

69

35 (21%)
20 (12%)
22 (13%)
9 (5%)
17 (10%)

21 (13%)

13 (8%)

27 (16%)

7

AoA for “most
proficient second
language” **

for L2 Eng; mean (SD)
[n responses]

for L2 Spa; mean (SD)
[n responses]

7.9 (7.5)
[n=68]
5.5 (6.6)
[n=143]

8.7 (9.1)
[n=46]
5.9 (6.7)
[n=114]

self-rated Eng
proficiency

grand mean of speak,
understand, read,
write (SD)

93.2 (14.2) 96.2 (10.9)

self-rated Spa
proficiency

grand mean of speak,
understand, read,
write (SD)

77.4 (25.0) 68.9 (22.2)

how likely to mix
languages with
friends?

mean (SD) 53.0 (34.0) 52.2 (33.5)

how likely to mix
languages with
family?

mean (SD) 55.0 (36.4) 61.6 (36.1)

how likely to mix
languages at
work?

mean (SD) 41.7 (34.7) 44.5 (34.1)

(Continued)

Table 1. (Continued)

Exp 1
(Alternational)

Exp 2
(Insertional)

enjoy mixing
languages?

mean (SD) 59.2 (32.3) 59.4 (30.0)

Note: All self-ratings used a scale of 0 - 100. *Questions regarding birthplace and current
residence were added partway through the Alternational Experiments. **Participants were
first asked to enter their “native language, or the language they are providing responses for”,
followed by their “most proficient second language, or the language they are providing
responses for”, to account for the fact that many participants considered themselves
simultaneous bilinguals. The questionnaire asked for age of acquisition (AoA) information
only for the “most proficient second language”, which is what we report in this row. There
were a small number of missing responses or responses regarding a language other than
English or Spanish.
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3.6. Dependent measures

Some of the dependent measures of interest are computed from the
dialog, while others are reported by the experiment participants via
questionnaires. A full description of the questionnaires is given in
Supplementary Appendix C.

3.6.1. Task performance
We focus on two quantitative measures:

1) Time taken to complete a single game, where each map has a
time limit of seven minutes.

Figure 2. Illustration of the client-side interface for participants to play the roles of (A) instructor and (B) navigator.
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2) Route similarity. The participant’s route is compared to the
target route and given a numeric score using the dynamic time
warping algorithm (Salvador & Chan, 2007), which finds
optimal temporal alignment between two sequences; we use
Manhattan distance as the basic distance measure, so all
distances are integer values, but we normalize the resulting
score by dividing it by the length of the target path.

3.6.2. Participant satisfaction
Each participant was asked to respond to the following questions
using a scale from 0 to 100, following the completion of the
experimental task:

Task Enjoy. “How much did you enjoy the task?”
Task Success. “How successful do you think you were at com-

pleting the task?”
Difficult Comm. “How difficult was it to communicate with

your partner?”
Difficult Ins. “How difficult was it to understand your partner’s

instructions?”
In addition, we also analyze twometrics specific to Experiment 1:

3.6.3. Inter-sentential CS
This metric tracks language shifts within the dialog for the human
participant. A switch is tallied when the language of sentence i
differs from that of sentence i+1, where neither is mixed language.

3.6.4. Inter-sentential entrainment
This metric counts the number of utterances in which the partici-
pant’s language is the same as the bot’s language in the preceding
utterance. We consider mixed language sentences as wildcards,
i.e., equal to either Spanish or English.

We use task success as a general term to refer to both task per-
formance and participant satisfaction, either jointly or individually,
and in the analyses that follow, we ask whether task success, inter-
sentential CS, or inter-sentential entrainment vary as a function of
CS strategy.

4. Experiment 1: Alternational code-switching

4.1. Research questions

In this experiment, we examine the relationship between discourse-
level characteristics of CS and task success. We hypothesize that:

1) Participants may experience lower task success when the bot’s
language choice is anti-cooperative and/or unnatural.

2) Greater entrainment (on the part of the participant and/or the
bot) may be associated with greater task success (Reitter &
Moore, 2014).

4.2. Experimental conditions

In Experiment 1, we investigate five CS strategies:

Baseline
Display the bot’s response without translation ormodification. This
strategy serves as a control.

Alignment
If the last human utterance was in one language (specifically, not
mixed), respond in the same language. This strategy builds on
evidence that bilinguals tend to accommodate their interlocutors
in general (Trofimovich & Kennedy, 2014) and adapt to their CS
style in particular (Parekh et al., 2020), with the possibility of
converging to a totally unilingual dialog.

Adversarial
If the last human utterance was in one language, respond in the
other language. This (presumably unnatural) strategy is expected to
generate the largest amount of intersentential CS per dialog.

Random
Switch the language of GPT’s response in a randomly determined
50% of cases. In all other cases, do nothing. If the original response
is in mixed English–Spanish, retain it as is. The motivation behind
this strategy is to produce a dialog in which language switching is
present, but follows no obvious pattern.

Short Context
If the last k utterances of the bot were in the same language (bot
utterances that mix English and Spanish are not counted), switch to
the other language. We set k to be 3. The first few (< k) bot
utterances are retained intact. The motivation for this strategy is
to generate language switches at a constant rate.

Participant characteristics across the two experiments are summar-
ized in Table 1 above, while Table 2 gives the breakdown across the
experimental conditions in Experiment 1 only.

4.3. Analysis and results

Table 3 gives detailed descriptive statistics characterizing the dia-
logs collected in both Experiments 1 and 2.

Table 2. Participants’ self-reported language background in Experiment 1, broken down by condition

CS Strategy Total n Participants Eng Spa Both Eng Prof Spa Prof

Baseline 46 28 9 9 88.6 68.2

Alignment 43 25 6 12 92.9 67.5

Adversarial 43 19 15 9 90.0 71.2

Random 41 16 18 7 85.4 68.7

Short-context 45 13 12 20 88.3 67.3

Total 218 101 (46%) 60 (28%) 57 (26%) 89.1 (sd=13.5) 68.6 (sd=20.6)

Note: Eng and Spa are the numbers of participants who listed each language as a native language. Both is the number of participants reporting both English and Spanish as native languages.
Three participants reported an additional native language other than English or Spanish: there was one English–French, one English–Urdu and one Spanish–Korean speaker. For simplicity, these
participants are counted above as Eng, Eng and Spa, respectively. Eng Prof and Spa Prof refer to self-rated mean proficiency in speaking, understanding, reading and writing each language.
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4.3.1. Task performance and participant satisfaction
The data were analyzed using ANOVA, with post hoc pairwise
t-tests to follow up on significant effects, using the multivariate
t adjustment for multiple comparisons as implemented in the
emmeans package (Lenth, 2024), as appropriate. Dependent vari-
ables were transformed to improve normality as warranted; this
affected the analyses of Game Time (arcsin transformed), Route
Distance (log transformed), Task Enjoy, Task Success, Difficult
Comm and Difficult Ins (all arcsin transformed).

Game Time
There was a main effect of role only (F(1, 426) = 146.6, p < .001);
completion times were slower for navigators compared to instruct-
ors (mean times of 326 s vs. 240 s; t(426) = 12.1, p < .0001).

Route Distance
Route Distance did not differ significantly according to strategy,
human role, or their interaction (all Fs < 1.6, ps > .22).

Task Enjoy
There was a main effect of strategy (F(4, 426) = 3.1, p = .02) and a
main effect of role (F(1, 426) = 7.4, p = .007). Only the random
condition differed from the baseline condition (mean enjoyment
ratings of 70.0 vs. 83.6; t(426) = -3.4, p= .003). Across all conditions,

participants enjoyed being instructors more than navigators (mean
ratings of 81 vs. 75, respectively; t(426) = 2.7, p = .007).

Task Success
The analysis of self-reported success revealed a main effect of role
only (F(1, 426) = 146.6, p < .001); participants self-reported greater
success when they were instructors compared to when they were
navigators (74 vs. 70; t(426) = 2.2, p = .03).

Difficult Comm
There was a main effect of strategy (F(4, 426) = 3.7, p = .006) and a
main effect of role (F(1, 426) = 7.3, p = .007). Only the random
condition differed from the baseline condition (mean difficulty
ratings of 43.5 vs. 29.8; t(426) = 3.3, p = .004). Across all strategies,
participants found communication more difficult when they were
navigators compared to when they were instructors (38 vs. 31;
t(426) = 2.7, p = .007).

Difficult Ins
There was a main effect of role only (F(1, 426) = 5.0, p = .03);
participants found understanding more difficult when they were
navigators compared to when they were instructors (40 vs. 32;
t(426) = �3.0, p = .003).

Table 3. Detailed descriptive statistics for the dialogs collected in Experiments 1 and 2

Experiment 1: Alternational Strategies Experiment 2: Insertional Strategies

Baseline Alignment Adversarial Random
Short-
Context

Average or
Total Baseline Cong

Fem.
Incong.

Masc.
Incong.

Average or
Total

Dialog Metrics # Dialogs 184 172 172 164 180 174.4 (6.9) 176 164 168 176 171 (5.1)

Mean # Utts/Dialog 9.4 9.4 8.7 9.5 9.4 9.3 (3.6) 9.0 9.2 9.6 9.3 9.3 (3.5)

Mean # Tokens/Utt 7.8 9.6 8.8 6.7 8.3 8.3 (10.1) 8.0 6.7 8.4 6.7 7.4 (7.0)

% Eng 55.3 51.4 47.2 55.0 52.2 52.2 (36.3) 18.2 14.1 15.1 23.5 17.8 (34.4)

% Spa 27.6 34.0 32.6 28.6 32.3 31.0 (32.7) 71.5 65.3 62.9 61.2 65.2 (37.0)

% Mixed 8.2 8.1 16.3 8.5 9.7 10.2 (17.8) 7.7 10.5 16.5 9.4 11.0 (18.0)

% IS 6.0 3.1 32.9*** 20.6*** 18.2*** 16.0 (23.2) 2.2 2.9 2.6 2.4 2.5 (9.0)

% IS Entrainment 84.4 89.0 66.5*** 73.4** 67.4*** 76.2 (26.0) 80.1 81.9 82.9 75.8 80.1 (32.4)

Task Success
Metrics

% Games Complete 90 88 77 84 86 85 (36) 72 66 80 68 71 (45)

Game Time (sec.) 268.1 282.5 301.4 284.4 281.0 283.2 (99.9) 324 325 309* 322 320 (95)

Route Distance 2.8 2.7 2.4 3.1 2.5 2.7 (2.7) 3.1 3.6 2.2** 3.1 3.0 (2.8)

Task Enjoy (0–100) 83.6 79.7 79.1 70.0** 77.7 78.2 (23.3) 86.0 77.9* 84.1 74.7** 80.7 (21.2)

Task Success (0–100) 74.2 73.1 74.0 66.8 71.5 72.0 (23.6) 69.5 65.1 75.0** 67.8** 69.0 (23.8)

Diff. Comm. (0–100) 29.8 30.0 36.5 43.5** 32.2 34.2 (29.7) 37.3 42.3 31.7 48.6* 40.0 (29.4)

Diff. Ins. (0–100) 33.7 38.2 37.0 35.8 33.5 35.6 (29.1) 36.7 38.2 25.7* 42.4 35.8 (27.8)

NP Switches # Fem. Cong. NPs 0 1 5 6 4 16 1 (0.06) 14 (0.14) 20 (0.18) 13 (0.22) 48

# Fem Incong. NPs 5 10 5 4 13 37 5 (0.29) 34 (0.33) 43 (0.39) 3* (0.05) 85

# Masc. Cong. NPs 7 7 10 15 13 52 10 (0.59) 53 (0.51) 46 (0.42) 35 (0.60) 144

# Masc. Incong. NPs 0 0 1 0 0 1 1 (0.06) 2 (0.02) 1 (0.01) 7* (0.12) 11

Total # Mixed NPs 12 18 21 25 30 106 17 103 110 58 288

Note: Cells that differ from each other (for Task Success, Experiment 2) or from the baseline condition (all other cases) according to post hoc t-tests are bolded andmarkedwith asterisks (* p < .05,
** p < .01, *** p < .001). For NP switches in Experiment 2, relative proportions are calculatedwithin each condition, and cells whose absolute Pearson residuals are greater than 2.0 aremarkedwith
an asterisk (*).
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4.3.2. Statistical analysis of CS behavior
To better understand participants’ linguistic behavior and how it
might have affected their experience of the task, we also analyzed
the inter-sentential entrainment and inter-sentential CS metrics.
For inter-sentential CS, there was amain effect of strategy (F(4, 426)
= 43.1, p < .0001). As compared to the baseline (mean = 6.0%), all of
the strategies showed a greater proportion of utterances with inter-
sentential switches, except for the alignment condition (mean =
3.1%), which did not differ from the baseline (t(426) = -1.2, p = .59).
For adversarial, the mean was 32.9% (t(426) = 10.3, p < .0001); for
random, themeanwas 20.6% (t(426) = 6.0, p < .0001); and for short-
context, the mean was 18.2% (t(426) = 5.2, p < .0001).

The analysis of inter-sentential entrainment returnedmain effects
of strategy (F(4, 426) = 20.9, p < .0001) and role (F(1, 426) = 20.6, p <
.0001). All strategies showed less entrainment compared to the
baseline condition (mean = 84.4%) except for the alignment condi-
tion (mean = 89.0%), which did not differ from baseline (t(426) = 1.5,
p = .4). For adversarial, the mean was 66.5% (t(426) = 5.7, p < .0001);
for random, the mean was 73.4% (t(426) = 3.5, p = .002); and for
short-context, themeanwas 67.4% (t(426) = 5.5, p < .0001). Across all
conditions, instructors demonstrated more entrainment than navi-
gators (80% vs. 72%; t(426) = 4.5, p < .0001).

4.4. Experiment 1 discussion

Most differences across the alternational experiments involved the
user’s role in the dialog. In general, participants were less successful
as navigators than as instructors, and perceived nagivating to be
more difficult than instructing. However, these role effects were
consistent across the different CS strategies.

In terms of differences in task success across CS strategies, only
the random strategy differed significantly from the baseline. Intro-
ducing random code-switching behavior caused participants to
enjoy the task less and rate the communication task as more
difficult. We assume that language choice is less predictable under
this condition, and participants are often surprised, leading to
difficulties in understanding their interlocutor. This partially cor-
roborates our hypothesis that anti-cooperative and/or unnatural
language choices on the part of the bot may lead to lower task
success. To our surprise, however, the adversarial strategy did not
show a similar effect. It is possible that participants perceived the
strategy that we imagined as adversarial to actually be somewhat
accommodating. To illustrate from the participant’s point of view,
in this condition if the bot is speaking only Spanish and the user is
speaking English, then as soon as the user switches to Spanish, the
bot will switch to English. This could be perceived as a cooperative
behavior, that is, “If I switch to Spanish for you, it’s nice that you
switch to English for me.” However, this is only conjecture, and
further investigation is needed to test this proposal.

In terms of participants’ own language use, the baseline strategy
was not characterized bymany intersentential switches, meaning the
dialogswere predominantly unilingual, while the adversarial strategy
had the most intersentential switches, indicating a more bilingual
dialog. Additionally, due to being largely unilingual, baseline and
alignment were the CS strategies that yielded the highest intersen-
tential entrainment, that is, participants aligned to the bot’s (single)
language the most under these two conditions, while the other
strategies showed less entrainment. However, task success was only
significantly lower than thebaselineunder the random strategy, sowe
did not find strong evidence supporting our second hypothesis.

Interestingly, quite a fewutterances (around 10%, averaging across
all conditions) were classified as mixed, and some of these contained

noun phrase (NP) switches, where a language switch occurs between
the determiner and the noun, as in ‘el fork’. Importantly, we did not
explicitly instruct participants to code-switch, nor was the bot
instructed or manipulated to produce such switches. The fact that
participants still produced NP switches under these conditions, and
that their production preferences generally aligned with previously
observed tendencies in terms of which types of NP switches occur
most frequently in bilingual communities, is an interesting finding of
this experiment. The bot’s intersentential code-switching seems to
have motivated the participants to code-switch themselves, and their
CS patterns naturally contained insertional (mixed NP) switches.
While this was not the subject of Experiment 1, we decided to
explicitly investigate this phenomenon in Experiment 2.

5. Experiment 2: Insertional code-switching

5.1. Research questions

In this experiment, we explore the behavior of human participants
when our conversational bot produces insertional noun phrase
(NP) code-switches. We hypothesize that:

1) Participants may experience lower task success when the bot
produces code-switches that have been associated with processing
difficulty in previous work (i.e., the masculine incongruent condi-
tion, ‘la fork’).

2) Participants will generally tend towards entrainment, such
that their grammatical patterns tend to align with those of the bot.

5.2. Experimental conditions

This experiment includes four CS strategies that the chatbot
(instructed in its prompt to communicate exclusively in Spanish)
employs as it interacts with the human participant. To implement
these strategies online, we use the language identification and
dictionaries described in Section 3.5 to translate nouns and change
the gender of determiners. Below are the four strategies and our
expectations of each:

Baseline
Display the bot’s response without translation or modification. We
expect this condition to result in overwhelmingly Spanish-language
conversation.

Congruent
Translate nouns from Spanish to English, and ensure that all
Spanish determiners match the original noun’s gender. For
example, an initially generated NP such as ‘el tenedor’ would be
translated to ‘el fork’, and ‘la cuchara’ would be translated to ‘la
spoon’. We expect this condition to be perceived as relatively
natural, and hence to not have a negative effect on task success.

Feminine Incongruent
For feminine nouns only, translate the noun and switch the deter-
miner’s gender. For example, an initially generated NP such as ‘la
cuchara’ would be translated to ‘el spoon’.We expect this condition
to be broadly acceptable, based on previous research.

Masculine Incongruent
For masculine nouns only, translate the noun and switch the
determiner’s gender. For example, an initially generated NP such
as ‘el tenedor’ would be translated to ‘la fork’. Based on previous
research, this is the most unnatural condition, and we expect it
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(1) not to be present at all in the human utterances and (2) to have a
detrimental effect on task success.

These strategies are implemented as follows: For every generated
response, we utilize the noun extractor component to identify all
simple noun phrases. Then, each Spanish noun is translated using
our Spanish-to-English noun dictionary. Finally, to switch the
Spanish determiner’s gender, we use our masculine-to-feminine
mapping.

Table 4 gives the breakdown of participant characteristics across
the experimental conditions in Experiment 2 only.

5.3. Dependent measures

To evaluate task performance, we use all the measures defined in
Section 3.6, plus counts of the following four types of mixed NPs.
We focus on the quantification of simple NP switches, where the
matrix language of the sentence is Spanish and an English NP is
inserted into it. Below, ‘noun’ refers to the Spanish translation
equivalent of the English noun that occurred in the utterance
(according to our dictionary), and ‘determiner’ is the Spanish
determiner that precedes the English noun. In cases where the
noun’s gender cannot be determined (because there are multiple
straightforward translation equivalents and their genders differ),
the NPs are categorized as ambiguous and excluded from analysis.

Congruent masculine. Both the noun and the determiner are
masculine.

Congruent feminine.Both the noun anddeterminer are feminine.
Incongruent masculine. The noun is masculine while the

determiner is feminine.
Incongruent feminine. The noun is feminine while the deter-

miner is masculine.
Table 3 gives descriptive statistics for the participants’ perform-

ance (i.e., ignoring the bot’s utterances and averaging across the
navigation and instruction tasks).

5.4. Analysis and results

5.4.1. Task performance and participant satisfaction
The data were analyzed as in Experiment 1, with dependent vari-
ables again transformed as warranted to improve normality; this
affected Game Time (arcsin transformed), Route Distance (log
transformed), Task Enjoy, Task Success, Difficult Comm and Diffi-
cult Ins (all arcsin transformed). In Experiment 2, rather than
collecting participants’ evaluations after each map, we collected
self-evaluations a single time, after the final map. Consequently,
we do not test for effects of participant role on self-reported data in
Experiment 2.

Game Time
There was a main effect of role (F(1, 334) = 71.8, p < .001), and an
interaction between role and strategy (F(3, 334) = 3.2, p = .02). The
main effect of strategy was not significant (F(3, 334) = 1.2, p = .3).
Follow-up t-tests indicated that averaging over all conditions,
navigators completed the task more slowly than instructors
(mean times = 338 s vs. 261 s, respectively; t(334) = 8.5, p <
.0001), and that the interaction between role and strategy was
driven by the fact that navigators in all conditions except the
feminine incongruent condition completed the task more slowly
than instructors (all ts> 4.5, all ps< .0001, except t(334) = 1.7, p = .3
for the feminine incongruent condition). In other words, the slow-
ing effect of being a navigator as compared to an instructor was
consistent across all conditions except for the feminine incongruent
condition, where navigators were able to complete the task particu-
larly quickly. This effect is depicted in Figure 3 and suggests that
comprehension in particular may have been easier in the feminine
incongruent condition as compared to the other conditions.

Route Distance
Objectively measured distance scores differed by strategy (F(3, 334)
= 3.9, p = .009), but not by map (F(1, 334) = 0.8, p = .4) or their
interaction (F(3, 334) = 0.1, p = .9). Follow-up t-tests demonstrated
that the effect of strategy was driven by the fact that in the feminine
incongruent condition, distance scores were lower than in the
baseline (mean distance scores = 2.2 vs. 3.1; t(334) = -2.8, p =
.02), indicating that objectively measured task success was better
in the feminine incongruent condition as compared to the baseline,
and this effect was consistent across maps.

Task Enjoy
There was a main effect of strategy (F(3, 338) = 6.0, p <.001), such
that enjoyment was lower for both the congruent (t(338) = -2.7, p =
.02) andmasculine incongruent conditions (t(338) = 4.0, p < .001) as
compared to the baseline, with mean enjoyment ratings of 77.9
(congruent), 74.7 (masculine incongruent) and 86.0 (baseline). The
feminine incongruent condition did not differ from the baseline
(means of 84.1 vs. 86.0, respectively; t(338) = �1.2, p = .5).

Task Success
For self-reported success (F(3, 338) = 2.6, p = .04), none of the
conditions differed significantly from the baseline (all ts < 1.7, all ps
> .24). Instead, themain effect of strategy was driven by a difference
between the masculine incongruent and feminine incongruent con-
ditions (t(338) = 2.7, p = .006); participants self-reported somewhat
less success in the masculine incongruent condition than in the

Table 4. Participants’ self-reported language background in Experiment 2, broken down by condition

CS Strategy Total n Participants Eng Spa Both Eng Prof Spa Prof

Baseline 44 19 12 13 88.2 63.8

Congruent 41 25 6 10 92.4 59.7

Fem. Incong. 42 19 13 10 90.0 69.4

Masc. Incong. 44 25 10 9 90.4 67.0

Total 171 88 (51%) 41 (24%) 42 (25%) 90.2 (sd=11) 65.1 (sd=19)

Note: Eng and Spa are the numbers of participants who listed each language as a native language. Both is the number of participants reporting both English and Spanish as native languages. One
participant reported three native languages (English, Spanish and Arabic), and this participant is included in the Both category above. Eng Prof and Spa Prof refer to self-ratedmean proficiency in
speaking, understanding, reading and writing each language.
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baseline (means of 67.8 vs. 69.5, respectively), and somewhat more
than baseline in the feminine incongruent condition (75.0 vs. 69.5).

Difficult Comm
For difficulty communicating (F(3, 338) = 5.3, p = .001), only the
masculine incongruent strategy differed from the baseline (mean
ratings of 48.6 vs. 37.3, respectively; t(338) = 2.6, p = .03).

Difficult Ins
For difficulty understanding (F(3, 338) = 5.8, p < .001), only the
feminine incongruent strategy differed from the baseline (means of
25.7 vs. 36.7; t(338) = �2.7, p = .02).

5.4.2. CS behavior
We also analyzed participants’ own linguistic production; specific-
ally, we counted the total number of NP switches that were pro-
duced across all of the experiments, and we used a chi-squared test
to ask whether the relative proportion of these differed across CS
strategies. Table 3 shows the result of this counting, with propor-
tions calculated within each column in parentheses (thus asking the
question, “within a given condition, what proportion ofNPswere of
each grammatical type?”). Values for which the absolute Pearson
residuals from the chi-squared test were greater than 2 (i.e., those
that differed significantly from the expected value) are marked with
an asterisk. The chi-squared test returned a significant result
(χ2(9) = 35.5, p < .0001), which was driven by performance in the
masculine incongruent condition; this condition yielded fewer fem-
inine incongruent switches and more masculine incongruent
switches as compared to the other conditions.

However, this analysis collapses across participants. To deter-
mine whether differences in production were generalizable across
participants, we counted the number of people who produced each
type of NP switch across all experiments. A chi-squared test on
these data was marginal (χ2(9) = 16.0, p = .07), indicating that in
general, any differences across cell countsmaywell have been due to
chance. However, the Pearson residuals for a single cell were greater
than 2.0: the number of participants producing masculine incon-
gruent NPs in the masculine incongruent condition (n = 5, versus
just 1 or 2 in the other conditions), indicating that of the partici-
pants who produced masculine incongruent NPs, more were in the
masculine incongruent condition than would be expected by
chance. Along with the tabulation of NP counts above, this indi-
cates that bot behavior in the masculine incongruent condition
affected participants’ language use, though the effect was driven
by a small number of participants.

As seen in Table 3, participants produced the smallest number of
mixed NPs (n = 17) in the baseline strategy, whereas in other
strategies the quantities are much higher (n = 58 or more). This
is a strong indication of alignment: participants seem to have
adapted their CS style to the bot, producing many more mixed
NPs when the bot did so than when the bot did not. Additionally,
the most common NP switches are congruent masculine and
incongruent feminine; in both, the determiner is masculine, in line
with previous findings indicating an overall preference for mascu-
line determiners (Valdés Kroff, 2016). In contrast, under the mas-
culine incongruent condition, the number of incongruent feminine
switches produced by participants was significantly lower com-
pared to the other conditions. In fact, participants in this condition
hardly made any incongruent feminine switches, despite them
being widely considered grammatical. This is another indication
of alignment; under this condition, the bot did not produce any
incongruent feminine switches, and therefore neither did the par-
ticipants.

5.5. Experiment 2 discussion

In terms of path quality and self-report of enjoyment, success and
difficulty communicating with the bot, the most successful strategy
was feminine incongruent. In addition, participants were generally
slower to complete the task when acting as navigators than as
instructors, but this effect was greatly reduced in the feminine
incongruent condition. Taken together, these results suggest that
participants may have found it particularly easy to understand the
bot’s instructions when they contained grammatically expected

Figure 3. Interaction between CS Strategy and Role in the analysis of Game Time in
Experiment 2. The slowing effect of the navigator role was significant in all conditions
except for the Feminine Incongruent strategy.

Table 5. Comparison of the current experiments with the subset of the Common Friends experiments that yielded the highest success rates

CS Strategy # Dial. % Success # Utts./Dial. # Tokens/Utt. % Mix

Ahn et al. (2020) Spa Ins Eng (Informal) 44 64 8.6 6.0 37

Eng Alt Spa (Informal) 47 64 7.7 6.1 37

Eng Ins Spa (Informal) 44 77 7.4 5.7 44

Parekh et al. (2020) Hin Ins Eng 41 63 8.6 6.0 47

Eng Alt Hin 39 54 9.3 5.8 46

Eng Ins Hin 41 76 9.5 6.3 53

Current Alternational 872 85 9.3 8.3 10

Insertional 684 71 9.3 7.4 11

Note: # Dial. is the number of dialogues produced,%Success is the percentage of successful games, # Utts./Dial. is the average number of utterances per dialog, # Tokens/Utt. the average number
of tokens per utterance, and % Mix is the percentage of mixed utterances.
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code-switches, and this ease in language comprehension appears to
have made the Map Task itself easier and more enjoyable.

Our analysis of participants’ own linguistic production also
showed some modest evidence of entrainment to the bot’s gram-
matical patterns. In the masculine incongruent condition, partici-
pants produced unexpectedly few feminine incongruent switches,
while also producing more masculine incongruent switches than in
the other conditions. Given that feminine incongruent switches are
widely considered grammatical across bilingual communities (e.g.,
Valdés Kroff, 2016), it is perhaps not surprising that they were
produced at a relatively high rate across most conditions. Feminine
incongruent switches constituted from 29% to 39% of the total
number of NP switches in the baseline, congruent and feminine
incongruent conditions, more than the proportion of feminine
congruent switches in each case.

It is surprising, however, that participants produced so few
feminine incongruent switches in the masculine incongruent con-
dition. In this condition, the bot consistently produced ungram-
matical mixed NPs such as la tiger, la tree and la crocodile, while
never producing the more expected feminine incongruent mixed
NPs (such as el giraffe, el snake, el butterfly, etc.). The combination
of the lack of expected constructions and the presence of ungram-
matical constructions not only resulted in lower task enjoyment
and self-reported success in the masculine incongruent condition,
and in greater difficulty communicating, it also appears to have
affected participants’ own willingness to code-switch. Importantly,
while feminine incongruent switches in particular were much
reduced in the masculine incongruent condition, the total number
of mixed NPs was considerably lower in this condition as well (only
58, vs. 103 and 110 in the other conditions in which the bot was
specifically manipulated to code-switch). One interpretation of this
finding is that when a bot code-switches poorly, participants are less
inclined to code-switch themselves, and they are especially less
likely to produce grammatical patterns that they perceive to be
colloquial, such as feminine incongruent switches. We were also
surprised to find that a handful of participants themselves produced
incongruent masculine switches in this condition, given that this
construction is widely considered ungrammatical. However, this
finding was constrained to a small number of participants, so we do
not wish to overstate its importance.

Finally, we were somewhat surprised to find that participants
rated their task enjoyment lower in the congruent condition as
compared to the baseline. In this condition, the bot produced
roughly twice as many mixed NPs as compared to the two incon-
gruent conditions (because all nouns were translated to English
rather than only nouns of a particular gender). Future work should
examine the question of whether the number and/or regularity of
code-switches can help predict participants’ enjoyment in human-
machine interactions.

6. General discussion

6.1. Comparing alternational and insertional CS in our
experiments

While our two experiments were built on the same platform and
were similar in many ways, future work can benefit from an explicit
consideration of the ways in which they differed. Most notably, in
Experiment 1, we did not instruct GPT-4 as to which language to
use, while in Experiment 2, we told it to communicate in Spanish.
This difference is reflected in the percentage of utterances produced by
participants in each language (31% Spanish in Experiment 1 vs. 65%

Spanish in Experiment 2, averaging across conditions). Second, in
Experiment 1, we used machine translation to translate full utter-
ances of GPT-4’s output according to our CS strategies, while in
Experiment 2, we used online parsing and custom-prepared dic-
tionaries to extract, translate and manipulate particular noun
phrases. These differences are reflected in the number of inter-
sentential switches produced by our participants and in the number
ofmixedNPs in particular, butnot in the number ofmixed-language
utterances, which were quite similar across experiments. These
findings can be taken as high-level evidence for entrainment,
and Experiment 1 in particular also suggests that as long as a bot
demonstrates some facility in both of a participant’s languages, some
non-negligible proportion of the participant’s utterances are likely to
contain utterance-internal code-switching.

In terms of the amount of language produced, Table 3 shows that
the number of utterances and tokens produced in each of our
experiments were similar. The proportion of utterances containing
both English and Spanish ("Mix") was also similar across experi-
ments, as was participants’ self-reported task enjoyment and task
success. However, game durations were shorter and path differences
were smaller, on average, in our alternational experiment as com-
pared to the insertional one. These differences may have been due to
the fact that many of our participants were English-dominant, and
the majority language of the insertional experiments was Spanish.

6.2. Comparison with previous work

Similar to us, Ahn et al. (2020) and Parekh et al. (2020) compared
two main code-switching strategies, insertional and alternational.
They collected and released two datasets, in two different language
pairs (Spanish-English and Hindi-English, respectively), using the
same Common Friends task. In this section, we refer to their results,
jointly, as the Common Friends experiments. While our goals were
influenced by the Common Friends experiments, our analyses
focused more heavily on how different (natural and unnatural)
CS strategies affect task success at different levels. Our work takes
advantage of state-of-the-art language technology (namely, a far
more sophisticated chatbot based on GPT-4), and compared with
the Common Friends task, the Map Task is a more realistic and
diversified conversational task. Because of the richness of the data
generated in the Map Task, we were able to examine a wide variety
of metrics, producing a more complete picture of task success than
was available in previous work.

Our alternational strategies differ from the Common Friends
experiments in that we switch the language of the entire sentence,
while they switched only parts of it. Another difference is that they
differentiate in the directionality of the switch, either English
inserted into Spanish/Hindi or vice versa, whereas we focus only
on English-into-Spanish switches in our insertional experiments,
and in our alternational experiments, the direction of the switch
varies throughout the dialog in a pattern that depends on the
condition. Still, as in their work, our insertional strategies also focus
on nouns or noun phrases.

Ahn et al. (2020) also experimented with a parameter of
informality, operationalized using discourse markers, in order
to test the hypothesis that CS is observed more often in informal
and casual settings than in formal ones. Inspired by their work,
we attempted to create a casual setting by beginning each chat
with an informal welcome message, and by prompting our bot to
imagine playing a dialog-based game “with a good friend” (see
Supplementary Appendix B). However, we did not include for-
mality as a variable in our experiments.
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The results of Ahn et al. (2020) established that 1) the insertional
strategy, specifically English inserted into Spanish (the same direc-
tion we employed), was the most frequent in the corpus, and the
one in which task success was the highest; and 2) humans some-
times adapted to the agent’s CS, but their choice of CS strategy
primarily depended on their language proficiency. Parekh et al.
(2020) showed that participants code-switched significantly more
when the agent was code-switching, compared to when the agent
was monolingual.

To facilitate further comparisons with Common Friends, we
computed a binary success metric, as they did: theCommon Friends
researchers considered the percentage of successful games, where a
successful game was one in which the common friend was found.
We dichotomized success in our Map Task by computing the
percentage of games where the goal was reached in less than seven
minutes. Table 5 gives a subset of the results of theCommon Friends
experiments (i.e., only those with the highest success rates) along
with our results, aggregated to two rows containing the grand
averages of our two experiments. In general, longer dialogs were
produced in our experiment. This is not surprising since the Map
Task requires participants to share more information than Com-
mon Friends. On the other hand, Common Friends conversations
had a higher percentage of mixed utterances. This is likely due to a
difference in instructions; according to Ahn et al. (2020), their
instructions encouraged users to “use English, Spanish, or amixture
of the two” and the title of their task was ‘Charlemos en Spanglish!’,
“Let’s chat in Spanglish!”. Our instructions, on the other hand, did
not mentionmixture of languages, bilingualism, or the word ‘Span-
glish’ (see Supplementary Appendix A.1). It is also worth noting
that naturally occurring CS corpora tend to exhibit rather low rates
of mixed utterances (e.g., the Bangor Miami corpus includes less
than 6% utterances with an intrasentential switch; Fricke & Koot-
stra, 2016).

According to Table 5, in the Common Friends experiments,
insertional strategies were more “successful” as compared to alter-
national, while the reversewas true in our experiments. However, our
success rate is higher on average (about 85%, aggregated across
alternational conditions) compared with Common Friends (highest
score of 77%). Given the greater task complexity in our experiments,
it is notable that our participants were generally more successful at
completing their task, and that they generated more language in
doing so. Moreover, our participants were spontaneously motivated
to code-switch with our chat agent despite any explicit instruction or
suggestion to do so on our part, and given the more detailed analysis
of our results above, we would also underscore that our experimental
setup was able to capture “macro” differences in participant behavior
as a function of relatively “micro” differences in grammatical usage.
We therefore submit that the Map Task and its implementation in
our experiments show the greatest future promise for researchers
wishing to study naturalistic code-switching patterns.

7. Summary, limitations and conclusions

We created a novel bilingual dialog system and recruited a large
number of participants to converse with our chat agent. These
experiments resulted in two human–machine dialog datasets for
Spanish–English. To the best of our knowledge, our system is the
first of its kind to examine different code-switching strategies using
a chatbot based on a large language model, and as a result, rich,
linguistically diverse dialogs were produced. All of our data and
code are publicly available.

We carefully manipulated the behavior of our bot to explore
participants’ responses to a variety of code-switching strategies. We
found that basic conversation characteristics (such as the number of
utterances and tokens, and even the number of mixed-language
utterances) were very similar across strategies, and both experi-
ments showed indications of alignment. In our alternational experi-
ment, where the language of entire sentences was switched across
utterances, we found that strategies with unpredictable behavior,
such as random, led to poor task performance. More predictable
strategies, such as the baseline and even the adversarial strategy
(which performed better than expected), yielded higher success
rates according to some performance metrics.

In our insertional experiment, we replicated previous findings
that feminine incongruent NP switches were widely used by parti-
cipants, and were even associated with higher success rates in our
Map Task. In contrast, participants very rarely producedmasculine
incongruent switches, and when the bot used them, it resulted in
poorer task performance. Surprisingly, our congruent strategy
revealed that higher overall rates of insertional switches produced
by the bot negatively impacted task success. More research is
needed to better understand this finding.

Previous research (Ahn et al., 2020; Parekh et al., 2020) sug-
gested that insertional strategies were more successful than alter-
national ones, but only when task success was defined in simple
terms. In contrast, our comparison of the strategies, which relied on
more elaborate success metrics, showed the opposite. We attribute
this difference to the nature of the experiment (the bot in our
insertional experiment communicated predominantly in Spanish)
combined with our sample of participants (who tended to be
English-dominant). Whether insertional or alternational, code-
switching strategies that felt more natural to participants yielded
higher success rates, while unnatural strategies generally resulted in
worse performance.

While our work sheds new light on the nature of code-switching,
especially in human-machine dialogs, many questions are left for
future work. One question is the impact of the number of switches
the agent performs on task success. Is there a number or proportion
of switches that leads to negative outcomes (as was the case in our
congruent strategy)? Moreover, consistent with previous work (e.g.,
Valdes Kroff, 2016), we observed a clear preference for NP switches
in which the determiner was masculine, regardless of the Spanish
translation equivalent of the English noun. However, as acknow-
ledged in the Methods section, a potential limitation of the current
work is that our participants represented a heterogenous sample of
language profiles and speech communities, obscuring the impact of
these factors on CS behavior in our experiments. Given research
suggesting that community normsmay be a significant driver of CS
patterns (Balam et al., 2020; see also Beatty-Martínez et al., 2020;
Bellamy & Parafita Couto, 2022; Blokzijl, Deuchar, & Parafita
Couto, 2017), future work should investigate the impact of these
variables (and others) on CS preferences. Our system makes it is
possible to quickly collect large amounts of data to help address
these questions, and with relatively small adjustments to the archi-
tecture, it can also facilitate similar investigations in a variety of
other language pairings.

In fact, many interesting directions for future research are
related to the technology we used in this work. State-of-the-art
language models are capable of generating mixed-language utter-
ances, but they often sound unnatural; improving the quality of
future language models, such that they can generate bilingual
utterances in a way that sounds natural to bilingual speakers,
remains a challenge. To address this challenge, more linguistic
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work is required, focusing on identifying the types of “errors”
(i.e., deviations from typical bilingual language) that are most off-
putting to users, so that such errors can be avoided. Acknowledging
that bilingual language in general and CS in particular often has
“dialects”, and that switches that sound natural to some usersmight
be totally unacceptable to others (Balam et al., 2020), only high-
lights the importance of this challenge. Our work underscores the
fact that if multilingual language technology fails to avoid unnatural
and unacceptable grammatical patterns, it risks alienating users and
even disrupting their ability to effectively complete the tasks that
they wish to accomplish.

Supplementary material. To view supplementary material for this article,
please visit http://doi.org/10.1017/S1366728925100436.
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