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Abstract: Gamification has been increasingly adopted across a range of domains, including academic research, 
thanks to its inclusive and scalable nature. Gamified tasks involve the incorporation of game elements such as 
points, levels, and rewards within non-game contexts to enhance participant’s engagement and motivation. 
Despite its online accessibility and motivating nature, however, there is no agreed protocol regarding which 
gamified elements to include in what type of tasks, especially in linguistic research which is mostly text-based. 
Rather than proposing a one-size-fits-all solution, this paper demonstrates the viability of audio-based gamified 
tasks, testing whether listeners from the North East of England, a region in which many residents believe there 
are fine-grained dialectal distinctions, can accurately distinguish speakers by location. In comparison to tradi-
tional identification tasks, our tasks were gamified through the inclusion of elements such as a points system, a 
post-task leaderboard, and rewards for high-scoring participants. Results indicate that within–North East speaker 
identification was a more difficult task for listeners than folk belief would indicate. We suggest that despite its 
limitations, gamification successfully replaced traditional per-participant incentives as a data collection strategy 
in a phonetic perception study.
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1 Background

The rise of digital technologies and growing public preference for interactive and entertainment-based experi-
ences have contributed to the increasing adoption of gamification in research areas such as economics, health, 
education, and marketing (Bozkurt and Durak 2018; Landers et al. 2018; Long et al. 2023; Seaborn and Fels 2015; 
Shortt et al. 2023). When implemented through standardized, scalable online gamified tasks, gamification can 
support reproducibility and higher statistical power by enabling consistent replication, and can support 
generalizability by facilitating broader recruitment, more diverse samples, and cross-context replication (Hamari 
et al. 2014; Hartshorne et al. 2018; Long et al. 2023; Shahzad et al. 2023). For example, over four million people have 
participated in the Music Lab (Bertolo et al. 2025; Cho et al. 2025), which investigates perception and creation of 
music through large-scale gamified online experiments.

In linguistics, games have also been used for data collection, although most have been text-based rather than 
speech-based (e.g., Genovese et al. 2024; Kim et al. 2023; Leemann et al. 2019). A small number of gamified designs 
have been used to collect speech production data, typically for large-scale crowdsourcing (e.g., Leemann et al.
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2016, 2018). While gamification can support large-scale data collection, its primary value is not necessarily 
maximizing participant numbers; it can also improve participant experience in studies with relatively small 
samples.

Here, we aim to test whether gamification is a useful data collection method in phonetic research. Data 
collection in phonetics and phonology often requires participants to engage in repetitive listening or speaking 
tasks, which can be time-consuming and monotonous. Introducing gamification into this process offers a positive 
interference by enhancing participant motivation and encouraging more naturalistic responses. This approach 
can lead to larger datasets and more spontaneous speech, both of which are essential for advancing phonetic 
research. The current study implements a gamified accent identification task as a proof-of-concept test case to 
demonstrate how gamification methods can be used in phonetic data collection (RQ1). For this test case, we 
examine whether listeners from North East England can distinguish different local North East English accents 
accurately (RQ2) and if the selected phonetic features can predict the identification accuracy (RQ3).

1.1 Gamification: definition and elements

Game-related methods can be broadly categorized into two types (Deterding et al. 2011; Kim et al. 2023; Kogan 
2025): game-based methods and gamification methods. Game-based methods incorporate existing games. This is 
relatively common in phonetic research, where researchers often use structured activities such as map tasks 
(Thompson et al. 1993) or off-the-shelf games (e.g., Arvaniti et al. 2022) to elicit spontaneous speech. In contrast, 
gamification methods, not aiming for a full-fledged game, are usually defined as the incorporation of game 
elements – such as points, levels, competition, and rewards – in non-game contexts to enhance engagement and 
motivation. These gamified elements tap into participants’ intrinsic motivation: the internal desire to engage in 
an activity out of personal interest and satisfaction, rather than external pressure (Bozkurt and Durak 2018; Ryan 
and Deci 2000a,b). The aim of gamification is to improve participant experience, enhance engagement, and 
potentially increase the scalability of data collection, which is intrinsically different from crowdsourcing data 
collection (e.g., Eryiğit et al. 2023; Genovese et al. 2024; Hilton 2021).

1.2 Accent identification: an overview

Speakers draw inferences about their interlocutor(s) based upon indexical relations between linguistic features 
and social categories (Eckert 2008). One such social category is one’s region of origin. However, regional origin 
intersects with other social categories such as race, class, and ethnicity, shaping how people perceive and evaluate 
dialect boundaries. This intersection produces perceptions of prestige versus non-standard dialects, affecting 
social solidarity and identity (Coupland and Bishop 2007).

Even if listeners can reliably identify varieties that they are familiar with, it is unclear how fine-grained this 
identification can be. Residents of a metropolitan area often claim both that the local language variety differs 
between towns and neighbourhoods, and that they can recognize such differences. One well-known instance of 
this is that New Yorkers often claim that the five boroughs of New York City have distinct accents. Crucially, these 
folk claims involve categorical differences in kind, rather than differences in frequency of usage; for example, it is 
claimed that Queens is “nasal” to the exclusion of other boroughs (Becker and Newlin-Łukowicz 2018). Such claims 
are usually at odds with variationist sociolinguistic research, which finds that speakers from all over a city are 
members of the same speech community and therefore share both evaluative norms and a “uniformity of abstract 
patterns of variation” (Labov 1972: 121). This would include shared access to the same variants of a given variable, 
though of course speakers will vary systematically in usage rates. That said, social categories that influence 
patterns of linguistic variation such as social class are very often spatialized. As such, class-based variation in a 
single regional variety may present as regional variation within a city or larger metropolitan area (Duncan 2019). 
Given this spatialization of variation based on class and other social categories, it is possible that local listeners 
attuned to patterns of linguistic variation in their speech community may be able to identify which
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neighbourhood a speaker is from by relying on their local geographical knowledge in conjunction with their 
knowledge of how a linguistic feature indexes a social category. However, explicit tests of this, such as that by 
Becker and Newlin-Łukowicz (2018), have shown this to not be practically achievable to the degree asserted by 
folk belief.

1.3 North East England accent features

Like New York, the North East of England is widely believed by locals to contain highly localized dialect variation. 
As Pearce (2009, 2011) shows, the Tyne and Wear (T&W) conurbation, centred on the cities of Newcastle and 
Sunderland, is divided perceptually at least into two dialects linked to Newcastle (“Geordie”) and Sunderland 
(“Mackem”), although many locals will claim that more fine-grained regional variation between even neigh-
bouring towns is identifiable. However, there is relatively limited evidence of such within-T&W difference. For 
example, Burbano-Elizondo (2008a) finds that speakers from Sunderland participate in H-dropping to a greater 
extent than speakers from Newcastle, although both cities show lower rates than elsewhere. This feature, 
alongside the pronunciation of several vowels such as GOOSE, is commonly claimed by locals to distinguish 
Newcastle and Sunderland (Burbano-Elizondo 2008b; Pearce 2012). Pearce (2009) does suggest that such lay 
perceptions match patterns of local variation in production. However, with little research on linguistic pro-
duction in the North East outside of Newcastle, it remains unclear whether differences are substantial, regional, 
or class-based, and whether listeners can reliably perceive them (RQ2).

Given this, we chose four features claimed to vary within North East England: H-dropping and STAR at the 
county level; and NURSE and GOAT at the borough level (Burbano-Elizondo 2008b; Pearce 2009). These may occur 
infrequently and mainly in production, but as perceptual variants they provide a starting point for testing how 
fine-grained local identification can be (RQ3). Following Pearce (2009) and Burbano-Elizondo (2008b), H-dropping 
is more common in southern counties (including Sunderland); STAR may occur as [ɑː] ∼ [ɒː] in Northumberland, 
[ɒː] in T&W, and [aː] in County Durham; NURSE may be [ɔː] in parts of Newcastle and [øː] in other T&W boroughs; 
and GOAT may be [oː] in Sunderland versus [ɵː] further north.

2 Methods

2.1 Gamified task design: stimuli, speakers, and procedures

2.1.1 Audio stimuli

The gamified task was designed to test folk belief about regional variation in North East England: that there is 
perceivable fine-grained geographic variation not only between Newcastle and Sunderland but from town to 
town within the region, and that this geographical variation is a matter of kind (i.e., one town has a variant that 
another categorically does not) rather than rate (i.e., two towns share a pool of variants, but one town favours a 
particular variant in comparison to the other town). Audio stimuli were selected from two sub-corpora of the 
Diachronic Electronic Corpus of Tyneside English (DECTE; Corrigan et al. 2012): the Newcastle Electronic Corpus of 
Tyneside English 2 (NECTE2), recorded in 2007–2010; and another corpus recorded in 2023 (not yet published). The 
audio corpora contained 203 speakers, who we grouped by county of origin (Northumberland, T&W, County 
Durham) and, within T&W, by borough (Newcastle, Gateshead, Sunderland, North Tyneside, South Tyneside). We 
note that Northumberland and County Durham are quite large, and include towns quite close to T&W (Ashington, 
Chester-le-Street, etc.) as well as towns quite removed from T&W (Berwick-upon-Tweed, Newton Aycliffe, etc.). 
However, if indeed the folk belief of fine-grained geographical difference bears out, a listener would be able to 
accurately classify speakers from Ashington or Berwick-upon-Tweed as being from Northumberland. Stimuli 
contained one of four sociolinguistic variables (Section 1.3): STAR vowel, H-dropping, GOAT vowel, and NURSE vowel. 
Note that our inclusion of these features is not us assuming a clear difference in production and testing whether
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listeners can recognize it. Rather, it should be taken as us giving participants a “fighting chance” of sorts at the 
task: if folk belief is that features such as these distinguish towns from one another by kind, and there is at least 
limited evidence that there may be geographical differences in rate for these features, then listeners would be 
most able to successfully identify speakers’ regionality from stimuli such as these if the folk belief has merit. 

Speakers were selected to balance speaker gender (female vs. male), age (below 35 vs. 35 or more), and 
education level (highest educational attainment below university level or at or above university level), resulting 
in eight categories. Thus, stimuli at the county level came from 24 speakers (8 categories × 3 counties); at the 
borough level, from 40 speakers (8 categories × 5 boroughs). Each speaker appeared only once per level. Six 
speakers were used twice across the two levels as there was no available other speaker representing the specific 
category.

Two audio clips were extracted from each speaker, each 3–8 s long and containing a different target feature. 
For the county level, one utterance featured H-dropping (stimuli_h) and the other the STAR vowel (stimuli_ar). For 
the borough level, one utterance featured the NURSE vowel (stimuli_ur) and the other the GOAT vowel (stimuli_ou). 
Other features were not strictly controlled, to prioritize naturalness and authenticity.

2.1.2 Task levels

The gamified task asked players to identify the speaker’s accent origin in two levels: a county level with 24 trials 
(Figure 1), and a borough level with 40 trials (Figure 2). In each trial, players manually played a one-time audio 
stimulus. Map options became clickable only after the audio had finished playing. Trials advanced automatically 
after each response, with no option to skip or return.

To keep the gamified tasks concise, two versions were created, each combining one county-level and one 
borough-level feature. The stimuli_h_ou version combined county-level stimuli_h and borough-level stimuli_ou, 
while the stimuli_ar_ur version contained county-level stimuli_ar and borough-level stimuli_ur. There was no 
statistically significant difference in performance between the two versions ( χ 2 (1) = 3.31, p = 0.069).

2.1.3 Gamified elements

We incorporated several gamified elements to maximize player engagement, while balancing these elements to 
safeguard the integrity of the results.

Multi-platform access: The game was built as an interactive map-clicking game using LabVanced (Finger 
et al. 2017). Players could access the game on mobile phones, tablets, or laptops, via a QR code or a direct link. 
Before starting, they completed a short demographic questionnaire, designed to resemble the character-setting 
stage of a role-playing video game.

Figure 1: Screenshot of the game 
interface at the county level.
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User interface and interaction: The game interface followed basic mobile-friendly UI/UX principles. It was 
visually engaging yet minimal (Figures 1 and 2): a map, a compass, and a large play button, using a colour-blind-
friendly scheme. Maps were generated from UK Local Authority District digital boundary data (Office for National 
Statistics 2023) using ggplot2 (Wickham 2016) in R (R Core Team 2022). The map became clickable only after the 
audio finished. All clickable elements were mobile-appropriate, and location names were clearly displayed. 

Progress bar: A progress bar tracked by-trial progress, as shown at the bottom of Figures 1 and 2.
Points: Each trial was worth one point. Scores were shown twice: at the end of the county level and at the end 

of the borough level. Although displaying points after each trial could boost engagement, we avoided it to prevent 
perceptual learning (e.g., Lehet et al. 2020).

Leaderboard: At the end of the game, a leaderboard appeared by the side of the player score, displaying the 
top three participants and their scores.

Rewards: The top three participants on the leaderboard won shopping vouchers (£30, £20, £10), and four 
additional £10 vouchers were randomly awarded to other participants who agreed to enter a lucky draw at the 
end of the game.

2.2 Game participants

Forty-seven (mean age = 31, SD = 9) out of 50 players who completed the game and self-identified as native English 
speakers were included in the analysis (Version stimuli_h_ou: N = 21, Version stimuli_ar_ur: N = 26). Recruitment 
took place over two months at Newcastle University, through posters displayed on campus and online mailing 
lists for phonetics and sociolinguistics modules (which reached approximately 200 students). The data collection 
scale was small since this was a proof-of-concept test case. Out of the 47 participants included in the analysis, 
Figure 3 demonstrates participants’ residence distribution: six participants neither currently reside in the North 
East nor lived in the North East for longer than they lived elsewhere.

2.3 Data analyses

We analysed the data in two steps: exploratory and hypothesis-testing. First, random forest models (Breiman 
2001) ranked predictors, trained separately at county and borough levels as an exploratory method to identify 
predictors of correct accent identification. Predictors included listener-level (listener age, education, and current, 
childhood, and longest residence locations), speaker-level (origin, age, sex, and education), and stimulus-level 
variables (duration and word count). The dataset comprised 1,880 trials from 47 listeners, split into 70 % training 
and 30 % test sets using stratified sampling. Feature selection was performed using the Boruta package (Kursa

Figure 2: Screenshot of the game 
interface at the borough level.
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and Rudnicki 2010); the final model was trained using only the confirmed important features. The randomForest 
package (Liaw and Wiener 2002) was used for model training, and evaluated using the caret package (Kuhn 
2008).

Second, we conducted mixed-effects logistic regression models with lme4 (Bates et al. 2015), focusing on 
speaker origin (the highest-ranking predictor) and our primary manipulation, phonetic feature. Fixed effects 
included both factors and their interaction; random intercepts were included for participant and item. Model 
selection used backward comparison via likelihood ratio tests, with county- and borough-level models analysed 
separately. Pairwise comparisons used emmeans (Lenth 2024).

Additional exploratory analyses, based on the random forest results, are provided in our OSF repository 
(https://doi.org/10.17605/OSF.IO/A7S3B).

3 Results and discussion

3.1 Results

3.1.1 Descriptive statistics

At the county level, Figure 4 shows that participants were numerically more accurate at identifying speakers from 

T&W (49 %) than those from Durham (37 %) and Northumberland (30 %). The confusion matrix (Figure 5) further 
indicates that participants showed a bias towards identifying speakers as being from T&W, with many Durham 

and Northumberland speakers incorrectly classified as T&W. This suggests that when uncertain, listeners 
defaulted to the most familiar or probable regional option.

Figure 3: Left: Participant (N = 46) 
distribution by current residence 
in England. (Note that one 
participant self-reported living in 
France.) Right: Participant
(N = 44) distribution by longest 
residence in England. (Note that 
one participant did not report 
valid information; two partici-
pants lived in Wales and Scot-
land.)

Figure 4: Mean accuracy at the county level by speaker origin 
(Durham, Northumberland, or T&W). Cross marks represent 
mean accuracy. The red y-axis intercept represents chance 
level at 33.3 %.
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At the borough level, speakers from Sunderland were identified with higher accuracy than other regions 
(Figure 6). Figure 7 further reveals that Tyneside boroughs (Newcastle, North Tyneside, South Tyneside, and 
Gateshead) were often confused, with participants frequently misattributing speakers between these neigh-
bouring regions. This pattern suggests that listeners recognized Sunderland’s distinct features but struggled with 
Tyneside differences.

3.1.2 Feature importance ranking

For the county level, four predictors were confirmed as important factors: speaker origin, stimuli duration, 
speaker education, and word count. For the borough level, Boruta confirmed six important factors: speaker age, 
speaker education, speaker origin, speaker sex, stimuli duration, and word count.

The final random forest models achieved lower overall accuracies than their no information rate (NIR) 
counterparts (i.e., when the majority class is always chosen) for both county and borough levels (county: 61.5 %, 
NIR = 63.9 %, p = 0.83; borough: 73 %, NIR = 76.05 %, p < 0.005). The below-chance performance suggests that the 
identification task was challenging and that listeners may have been using inconsistent cues or strategies. 
However, the variable importance rankings (Figure 8) remain informative for understanding which factors 
contributed most to the variation in responses, even in this difficult task. Where the speaker of the stimulus audio 
is from (i.e., speaker origin) is the most important variable for both levels. Stimuli-related factors such as length 
(duration and number of words) are important factors, which is not surprising, since statistical learning is

Figure 5: Confusion matrix for county-level accent identifi- 
cation. Rows show speaker origins; columns show partici-
pant responses.

Figure 6: Mean accuracy at the 
borough level by speaker origin 
(Gateshead, Newcastle, North 
Tyneside, South Tyneside, or 
Sunderland). Cross marks 
represent mean accuracy. The 
red y-axis intercept represents 
chance level at 20 %.
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positively correlated with the amount of data received. Speaker education is also an important feature for county 
identification, together with the sex and age of the speaker in the borough level.

3.1.3 Effects of speaker origin and phonetic features

County-level model comparisons 1 confirmed that identification accuracy was higher on T&W than on Durham 

and Northumberland, χ 2 (2) = 12.21, p = 0.002. There was no effect of phonetic feature, χ 2 (1) = 0.92, p = 0.34, or 
Speaker Origin × Phonetic Feature, χ 2 (2) = 0.23, p = 0.89.

Pairwise comparisons showed that recognition of T&W speakers was significantly more accurate than for 
Northumberland speakers, β = 0.88, SE = 0.25, p < 0.001, and marginally more accurate than for Durham speakers, 
β = 0.55, SE = 0.24, p = 0.059. Accuracy did not differ significantly between speakers from Northumberland and 
Durham, β = −0.34, SE = 0.25, p = 0.36.

Figure 7: Confusion matrix for 
borough-level accent identifica-
tion. Rows show speaker origins; 
columns show participant re-
sponses.

Figure 8: Variable importance plots based on mean decrease in accuracy (higher = more important). A: top county-level predictors. B: top 
borough-level predictors.

1 Best-fit model: glmer(correct ∼ accent_origin + (1| item) + (1| participant)).
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Borough-level model comparisons 2 confirmed that speakers from Sunderland were identified with higher 
accuracy than other regions (Figure 6), χ 2 (4) = 12.52, p = 0.01. There was no effect of phonetic feature, χ 2 (1) = 1.47, 
p = 0.23, or Phonetic Feature × Speaker Origin, χ 2 (4) = 2.48, p = 0.65.

Pairwise comparisons indicated that the only significant difference in identification accuracy was between 
speakers from Sunderland (32 %) and South Tyneside (17 %), β = 0.85, SE = 0.24, p = 0.004.

3.2 Discussion on accent identification

This study examined county- and borough-level accent identification in North East England, testing the folk belief 
that such distinctions are possible. We investigated whether recognition depended on speaker origin or phonetic 
features (i.e., GOAT, H-dropping, STAR, and NURSE). Some signal emerged: T&W speakers were more identifiable, likely 
due to local accent familiarity (Kerswill and Williams 2002; Leach et al. 2016), as more than half of the participants 
were from T&W. At the borough level, Sunderland speakers were most accurately recognized, despite most 
listeners being from Newcastle, a pattern consistent with the recognizability of culturally prominent areas (Leach 
et al. 2016). Additionally, the four phonetic features did not predict recognition effectively, perhaps because short 
audio clips (3–8 s each) were stripped of context and limited access to broader linguistic cues. This indicates that it 
can be difficult for listeners to extract social associations from other linguistic aspects (lexicon, syntax, prag-
matics, etc.) apart from the accent itself. However, note that Becker and Newlin-Łukowicz (2018) found that 
although listeners could not accurately place speakers within New York City, they nevertheless placed speakers 
strategically based on other perceived social categories and attributes. Similarly, our results may reflect listeners’ 
knowledge of how class and geography intersect in North East England. Indeed, speaker education level being a 
key factor influencing accuracy in the county-identification level suggests that listeners may be mapping de-
mographic, rather than linguistic, features onto their mental map of the region. The limited signal may therefore 
reflect not an accurate folk belief in fine-grained geographical differences in kind of linguistic production, but 
instead listeners’ mappings of social indexicalities within the region.

4 General discussion

We demonstrated that a gamified design can successfully replace traditional per-participant incentives as a data 
collection strategy in a phonetic perception study. For researchers, data collection was efficient in terms of both 
recruitment and cost. Most data in this study were obtained by advertising the game through class mailing lists 
and via physical posters on campus. Although the final number was not as big as large-scale studies (e.g., Bertolo 
et al. 2025; Genovese et al. 2024; Leemann et al. 2019), compared with traditional laboratory experiments, 
recruitment required little active encouragement, as many participants were willing to take part simply because 
the task was presented as a game. We spent £100 on vouchers in total. By contrast, a traditional experiment would 
require £300–£600 in participant payments at the current minimum wage (£12.21 per hour; UK Government 2024), 
while likely yielding comparable or smaller datasets. Participants also reported that the game felt less “intimi-
dating” than a traditional lab task. The sociophonetic test case was especially well suited to gamification, as it does 
not require precise playback timing measures or accurate reaction time records. With the topic’s natural appeal 
to the public, gamifying the experiment can further support engagement with citizen science through knowledge-
exchange events. Using an improved version of the game, we subsequently collected additional data during a 5-h 
ESRC Festival of Social Science event and a 6-h Discover Festival pop-up stand, attracting over 100 and around 50 
participants, respectively.

However, implementing gamified studies, especially with customized digital games, is not without hurdles. 
For a gamified design with an attractive user interface and interaction, a digital platform is needed. For

2 Best-fit model: glmer(correct ∼ accent_origin + (1| item) + (1| participant)).
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traditional experiments, free tools such as PsyToolkit (Stoet 2017), PsychoPy (Peirce 2007) and jsPsych (De Leeuw 
2015) are available, and there are plenty of readily built sample tasks. However, these platforms are less flexible 
when it comes to the design mechanisms and user interactivity demanded by gamified approaches. Moreover, 
there are few freely available options and they are not straightforward to incorporate without the necessary skill 
sets – such as programming and UX design – considering that gamification is usually applied in other sectors (e.g., 
social sciences) than computer science.

The same issue occurs when hosting a task on free servers (e.g., university servers). Especially with the 
function of data collection, coding a gamified task from scratch requires strong programming skills, and good 
infrastructure support. Another way of developing tasks is using hosting platforms that include game building 
abilities such as LabVanced (https://www.labvanced.com/), Gorilla (https://gorilla.sc/), and Genially (https:// 
genially.com/). However, these platforms often run on a subscription basis and once the subscription runs out, the 
game is no longer accessible. Nevertheless, it is encouraging to see that some of these experiment-building 
platforms have started to incorporate game-builders (e.g., Gorilla).

Gamification needs to go beyond explicit employment of individual gamified elements (e.g., the points-
badges-leaderboard design or PBL; Liu et al. 2017; Seaborn and Fels 2015). These elements can be effective if the 
tasks are progress-oriented, such as learning or behaviour tracking (e.g., Sanchez et al. 2020; Shortt et al. 2023; 
Smith et al. 2022), or if the rules are simple, which helps to keep games short and maintain attention. To employ 
gamified elements in such contexts is straightforward, and the effect can potentially be measured in a controlled 
experiment. However, issues arise when game rules get complicated or when large-scale repeated measures are 
required (Schöbel et al. 2020). For instance, in typical psychological experiments involving repeated trials over a 
long time, simple implementation of the gamified elements would not work to reduce fatigue effect, as partici-
pants get bored naturally when the game length reaches a certain point (Landers and Landers 2014; Seaborn and 
Fels 2015). Although the current project managed to collect simple click responses through gamification, a 
majority of phonetic research require high-quality production data or more complex behavioural responses 
which may involve complex game mechanics. In this sense, gamified elements beyond explicit structural com-
ponents might be more helpful. Without explicit employment of the PBL design, the logic-based word ladder game 
(Genovese et al. 2024) or the narrative-based Iowa Gambling Tasks (Brevers et al. 2013) are examples of 
competition- and engagement-oriented gamified forms.

5 Conclusions

This study demonstrates how gamification can be incorporated into phonetic research, offering both methodo-
logical innovation and practical insight. By detailing the benefits and challenges encountered, we aim to provide a 
useful reference point for researchers considering similar approaches. Our sociophonetic findings challenge the 
folk assumption that regional dialects are easily recognizable, revealing that local residents often struggle to 
identify speakers’ origins. We hope this work encourages further exploration of playful, participatory citizen 
science methods in phonetics and sparks new discussions around dialect perception.

Research funding: This project was funded by the Institute for Social Science at Newcastle University through a 
Pioneer Award (OSR/0352/NISR/0002) awarded to Cong Zhang. The subsequent knowledge exchange events, Wey 
aye, man: Think you know a North–East accent when you hear one? (Festival of Social Science) and Howay! Think 
you know a North–East accent when you hear one? (Discover Festival, Newcastle University and the Great North 
Museum: Hancock), were supported by the Economic and Social Research Council (ESRC) through an Impact 
Acceleration Account (IAA) and a Discover Festival grant, respectively.
Data availability: The data are available at the Open Science Framework (OSF) at https://doi.org/10.17605/OSF.IO/ 
A7S3B.
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