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Abstract

We present a new English corpus of typed instant-messaging dialogues that includes detailed timing information.
Messages are collected from interactions between pairs who know each other well; the corpus is rich in typed
features that augment the purely lexical, including hesitations, self-corrections, expressive respellings, and other
markers of spontaneous interaction. Messages are collected using a custom-built chat platform that logs not
only message content but also keystroke dynamics, screen activity, and demographic metadata. Designed with
a transparent and reproducible protocol, the corpus enables scalable data collection while ensuring privacy and
consent. We intend that the rich collection of features collected will facilitate future research in areas such as
cognitive modelling, human—computer interaction, and conversational Al.

Keywords: written conversation, keystroke dynamics, behavioral and contextual features

1. Introduction

Text-based communication, particularly in instant
messaging, is rich in phenomena that extend
beyond the literal content of messages. Users
frequently employ hesitations, self-corrections,
pauses, expressive respellings, repeated punc-
tuation, and emoji use to convey affect, empha-
sis, or engagement. These behaviors reflect
cognitive and social processes and are increas-
ingly observed in digital dialogue (Wengelin, 2001;
Molomer and Trausan-Matu, 2016; Medimorec
etal., 2017).

While existing datasets in natural language pro-
cessing and human-computer interaction have ad-
vanced research on text-based conversation, they
often lack the integration of natural conversational
flow with detailed behavioral and contextual infor-
mation, such as keystroke timings, message edits,
pauses, typing indicators, screen activity, and par-
ticipant demographics. On the one hand, widely
used text-based conversational datasets like NPS
(Forsythand and Martell, 2007) or DailyDialog (Li
et al., 2017) primarily capture message content.
On the other hand, previous keystroke-based re-
search has focused on, for example, authentication
(Arsh et al., 2024; Sridhar et al., 2015), biomet-
ric analysis (Monrose and Rubin, 1997; Shadman
et al., 2025), or other tasks (Borj and Bours, 2019;
Ning et al., 2025; Buker et al., 2020; Lee et al.,
2014), with no real human interactions and no pub-
licly available data due to privacy concerns. For
example, Borj and Bours (2019) explored whether
keystroke patterns can indicate lying, but partic-
ipants communicated via predefined scenarios
rather than engaging in natural conversation. Simi-

larly, (Ning et al., 2025) attempted to predict cogni-
tive functioning in mood disorders through smart-
phone typing dynamics, but no public dataset is
available, and the protocol is difficult to reproduce
or scale due to its intensive time and effort require-
ments.

These limitations leave significant gaps for study-
ing cognitive processes, emotion, engagement, so-
cial dynamics, and adaptive interfaces. To address
them, we introduce a transparent and scalable
data collection protocol for capturing anonymized,
real-time spontaneous text-based conversations.
Our corpus, MaiChat, is enriched with behavioral
and contextual features such as keystroke logs,
message timing, typing indicators, screen activity,
and demographic metadata, and captures inter-
actional patterns including hesitations, expressive
respellings, and non-lexical expressions such as
emojis. Examples of typical conversational pat-
terns observed in our corpus are shown in Fig-
ure 1.

In this paper, we present our data collection pro-
tocol and the conversational dialogue features that
this protocol allows us to capture. We present
quantitative and qualitative analyses of the data
and compare this to other commonly used text-
based dialogue corpora. We find that our data
collection method successfully elicits features of
spontaneous, conversational interaction, with fea-
tures like typed laughter, emoji, and expressive
respellings appearing much more prominently in
MaiChat than other text chat datasets. We argue
that these features align MaiChat more closely with
corpora of (transcribed) spontaneous spoken dia-
logue, e.g., Switchboard (Godfrey and Holliman,
1993) and CallHome (Canavan et al., 1997). Nev-
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Figure 1: Examples of conversational patterns in
our dataset. We add red for laughter, green for
emoticons, blue for intentional misspellings, and
pink for filled pauses.

ertheless, exploration of typing behaviours also
shows how the text-based dialogue in MaiChat is
distinct from spoken dialogue. We also find that
LLMs alone fall short in generating the types of
features observed in MaiChat. Moreover, while ex-
posure to MaiChat data can make LLM generated
chat more similar to MaiChat, we observe that fea-
ture diversity is still lower than in our human-human
dialogues.

We hope that the additional information elicited
by the MaiChat data collection process will ad-
vance understanding of the dynamics of text-based
conversations across multiple domains. For exam-
ple, we expect that detailed behaviour information
will enhance investigations into cognitive and af-
fective processes (Lee et al., 2014; Nahin et al.,
2014; Poria et al., 2019; Pereira et al., 2024); hu-
man—computer and human-robot interaction, sup-
porting the development of adaptive and socially
aware systems (lftikhar et al., 2023; Yang et al.,
2021); conversational Al and chatbots, through
modeling human-like interaction and turn-taking
(Goodkind, 2021; Supriyanto et al., 2019); behav-
ioral biometrics and security (Arsh et al., 2024);
education and collaborative learning technologies
(Farida et al., 2025; Sun et al., 2021; Talebinamvar
and Zarrabi, 2022); and sociolinguistics and prag-
matics, by facilitating analyses of variation, turn-
taking, and digression in written social conversa-
tion (Anderson et al., 2007; Guydish and Fox Tree,
2022).

We publicly release the MaiChat dataset for re-
search and educational purposes.'

2. Background

2.1. Written Conversational Features

Spoken discourse is typically characterized by
spontaneity, interaction, and co-construction,

'Available at https://doi.org/10.7488/ds/8083.

whereas written discourse is more planned, struc-
tured, and permanent (Chafe, 1982; Chafe and
Tannen, 1987; Halliday, 1989). Accordingly, the
term “conversational features” traditionally evokes
phenomena associated with spoken language. Yet,
with the rise of online communication, many of
these features now appear in written chat, where
real-time, informal, and multi-threaded exchanges
exhibit interactional patterns reminiscent of spoken
interaction (Crystal, 2006; Garcia and Baker Ja-
cobs, 1999; Meredith and Stokoe, 2014).

In general, online messaging is characterised by
more dynamic/informal structure, as indicative of
spoken interaction (Baron, 2010; Herring, 2013;
Tagg, 2015). Moreover, digital platforms have
created new conventions for interaction, including
multimodal elements like emojis and GIFs, which
function similarly to nonverbal cues in spoken
conversation (Androutsopoulos, 2011). Several
studies have observed conversational features in
text-based interaction (Kénig, 2019; Petitjean and
Morel, 2017; Sampietro, 2021; Wengelin, 2001;
Medimorec et al., 2017; Molomer and Trausan-
Matu, 2016; Tarighat et al., 2024). However, there
are still differences between modalities. For ex-
ample, Molomer and Trausan-Matu (2016) finds
that disfluency is more prevalent in spoken lan-
guage compared to text-based chat. Similarly, stud-
ies have suggested that turn-taking in computer-
mediated discourse differs substantially from that
of oral conversation (Garcia and Baker Jacobs,
1999). These features provide rich signals about
affect, cognition, and interaction style, which are
often absent in traditional corpora.

To capture these aspects, we design the collec-
tion protocol of MaiChat to encourage conversa-
tional interaction, guided by the following observa-
tions how conversation differs from other forms of
text chat/task-oriented dialogue:

« Informality: Participants engage without spe-
cific goals in a spontaneous and unplanned
way, mirroring the informality of face-to-face
conversations.

* Immediacy: The expectation of rapid re-
sponses leaves participants with less time to
formulate their thoughts, encouraging active
and continuous engagement.

* Non-linearity: Turn-taking structure can be
unpredictable and non-linear, and multiple
threads may develop simultaneously.

2.2. Related Text Chat Datasets

Many text chat corpora have been collected, span-
ning spontaneous chat rooms (Forsythand and
Martell, 2007; Kummerfeld et al., 2019; Ringer
et al., 2020), everyday conversations (Li et al.,
2017), customer service interactions (Lowe et al.,
2015; Axelbrooke, 2017), and task-specific chats
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(Zhang et al., 2018; Gopalakrishnan et al., 2019;
Lewis et al., 2017). These datasets vary in con-
versationality, participants, and focus. For ex-
ample, UDC (Lowe et al., 2015) is heavily task-
oriented, DailyDialog (Li et al., 2017) lacks spon-
taneity, and NPS (Forsythand and Martell, 2007)
differs in group chat structure. More recent cor-
pora such as Topical-Chat (Gopalakrishnan et al.,
2019) and PERSONA-CHAT (Zhang et al., 2018) in-
volve strangers or topic/persona-specific dialogues.
However, none of these corpora fully capture the
temporal and behavioral dynamics of real-time in-
teraction. Critically, these datasets do not record
keystroke sequences, message timing, or pauses.
With this in mind, we designed MaiChat to cap-
ture these sort of features to enable new analyses
of cognitive and behavioral dynamics. We inves-
tigate these differences further in Section 4 and
Section 5.

3. Dataset Design

We have collected conversations in the MaiChat
corpus using a custom-built real-time chat platform.

3.1. Web-based Messenger Application

We developed our own messaging platform for the
data collection. The platform’s interface mirrors
that of widely used messaging applications, such
as Messenger or WhatsApp, to provide a user-
friendly experience. The platform records:

 content and timing of each message sent.

* user keystroke timings during composition

 a screen (active) log to track when a user nav-

igates away from the chat interface

We incorporated an “is-typing” indicator to im-
prove participants’ engagement and overall chat-
ting experience (lftikhar et al., 2023; Kalman and
Rafaeli, 2011; Hancock and Dunham, 2001), filling
a gap left by prior text-chat datasets where such a
feature was not explicitly included.

3.2. Task

We aimed to create a relaxed setting in order to
encourage open conversation from the start, whilst
steering the topic away from personal details. To
achieve this, we introduce brief, amusing videos
covering everyday topics such as childhood inci-
dents, pets, and other generally relatable themes.
Participants were given cue questions to start con-
versation, following the video viewing, but it was
emphasised they should feel free to digress onto
any other topics of interest.

3.3. Participants

All participants are native English speakers , paired
with partners from their social circles. This setup is
designed to make the conversation as natural and
enjoyable as possible. We record all interactions
with the system anonymously and have ensured
that the dataset can be publicly shared in a way
that protects participants’ privacy. MaiChat con-
tains 42 conversations from 84 participants from
diverse national backgrounds, including British,
American, Canadian, and Indian, among others,
totaling 40,016 tokens. The participant pool is
40.48% male, 53.57% female, and 5.95% other,
with ages ranging from 18 to 61. Conversation
pairs are primarily friends (71.4%) and romantic
partners (22%), with the remainder being family
members and colleagues. Examples of a snippet
of our dataset are presented in Table 1.

Log Content Timing (hh:mm:ss.ms)
Chatlog |Hi! 20:13:50.843
Typing log |H 20:13:48.789
Hi 20:13:49.130
Hi! 20:13:50.218
Screen log | isActive: TRUE |20:14:04.507
isActive: FALSE | 20:15:57.210

Table 1: Snippets of our dataset. Samples are
simplified for display purposes.

4. Analysis of Conversational
Content

This section analyses the message-level content of
MaiChat to highlight its unique conversational char-
acteristics. By comparing with other chat corpora
and LLM-generated dialogues, we aim to show
how MaiChat better captures the spontaneity and
affective richness of natural human communica-
tion.

4.1. Comparison to Other Datasets

We compare several text chat datasets, which
we believe represent the most “conversation-like”
chat data collected to date: NPS, Topical-Chat,
PERSONA-CHAT, DailyDialog, UDC, Customer Sup-
port on Twitter, Deal or No Deal, IRC, TwitchChat.
For speech data, we use a combination of Switch-
board (SWB) and CallHome corpora, which are
commonly used together based on similarities in
their data collection protocols. These corpora are
both spontaneous nature, and come with the care-
ful transcription of laughter, disfluencies and filled
pauses. However, we note that speakers were
strangers in SWB, which may effect their inter-
action style. Given the significant size variation
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Statistics # tokens # laughter # OL # AL # EM #TE #FP #IM #IC
MaiChat 40016 412 253 [83] 159 [39] 274 [114] 84 [37] 91[26] 326 135
NPS 40153 732 42 [25] 690 [5] 10 [3] 93[24] 26[12] 128 19
Topical 40073 172 92[8] 80[3] 0 18 [5] 0 7 0

PERSONA-CHAT 39985 115 43[3] 72[1] 0 0 7 [3] 8 0

DailyDialog 40112 0 0 0 0 0 6 [2] 0 0

Ubuntu Dialogue Corpus 40106 121 113[12] 8[1] 0 197 [27] 48[7] 29 33
Customer Support on Twitter 40829 12 7 1] 5[1] 349[82] 25[10] 0 3 0

Deal or No Deal 39022 18 7M1 11[1] 0 0 8[2) 16 25
IRC 40172 618 43[23] 575 [24] 0 67[15] 18[3] 132 17
TwitchChat 40190 189 135[9] 54([7] 326[37] 61[15] 3[1] 23 19
Zero-shot GPT 40055 153 96[2] 57[1] 352[84] 0 0 19 18
Few-shot GPT 40211 314  242[12] 72[13] 393[64] 5[2] 31[12] 72 149
Switchboard 40024 237 N/A N/A N/A N/A  1832[7] N/A N/A
CallHome 40015 259 N/A N/A N/A N/A 158 [7] N/A N/A

Table 2: Conversational phenomena statistics of our dataset. OL: onomatopoeic laughter, AL: other
laughter, EM: emojis, TE: typed emoticons, FP: filled pauses, IM: intentional misspellings, IC: intentional
capitalisation, Numbers in square brackets indicate the number of distinct examples seen from each

category.

across corpora, we ensure comparability by extract-
ing 40K tokens random subsets from each corpus,
matching the total token count in our dataset. In the
following, we report the averages from 5 randomly
chosen subsets per corpus.

Manual annotations of various conversational
features in MaiChat and other datasets were per-
formed by a single annotator. Our goal is not to
provide detailed annotations in itself, but rather
to provide an overview of systematic differences
across corpora. With that in mind, a single anno-
tator was deemed sufficient. However, we also
performed spot checks which revealed no system-
atic errors.

Table 2 provides statistics on the occurrence of
conversational phenomena. MaiChat exhibits a
substantially higher occurrence of laughter than
the other corpora, both onomatopoeic (e.g., “haha”
“hehe”) and other forms (e.g., “lol” “lmao”). NPS
and IRC do surpass our dataset in the total number
of other laughter occurrences, but these are of a
limited variety.

Our dataset is also very high in emoji usage,
with 274 instances, similar to other public chat or
chat-room datasets such as Twitter, and Twitchat.
MaiChat includes a wide range of emojis: 114
distinct instances of emojis and 37 distinct in-
stances of typed emoticons—much more diverse
than most human-generated chat datasets. While
filled pauses, misspellings and non-standard cap-
italisation are almost non-existent in other text-
based chat corpora, they are much more frequent
in MaiChat. This further emphasises its richness
in conversational features. In the following, we
further discuss the use of the conversational phe-
nomena in MaiChat, and how this differs from LLM
generated chat.

4.2. Laughter, Emojis & Typed
Emoticons

Figure 1 presents examples of the laughter and
emoji patterns observed in our dataset. Unlike
other chat corpora, our dataset captures a wide
array of laughter expressions (e.g., “lmaoooo” “ha-
haha”) and emajis, reflecting the diverse ways peo-
ple express emotions in digital conversations. Sim-
ilarly, the deployment of emojis, such as the series
of shocked faces “@ &) @)”, convey complex emo-
tions and reactions that might be challenging to
express through words alone.

4.3. Expressive Respelling

We find numerous instances of “respelling” in our
data, i.e., where participants enrich the text-based
interaction by deviating from formal written text.
For example, in the snippet shown in Figure 1,
participant B uses “..” followed by the intentional
misspelling “mmaybe” to indicate uncertainty.

Intentional misspellings in MaiChat (cf. Figure 1)
mirror prosodic variation in spoken language. For
example, “mmaybe” represents the speech elonga-
tion that often occurs when someone is unsure of
their response. Duplication in “yesssss” expresses
enthusiastic confirmation or joy, similar to how vo-
cal emphasis is used to convey strong emotions.
Similarly, capitalisation, e.g. “SO GOOD?”, like vo-
cal emphasis, cues heightened emotional states or
shifts in the expressive intensity, underscoring the
significance of the content.

4.4. Comparison to LLM Generated
Chats

We also examine the ability of GPT-4 (OpenAl
et al., 2024) to generate realistic human-like writ-
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Mai Nah nah you'd love it &3
Chat L0&0 &5 &it acc looksss superrrr delicious
@)U wish

the ending was ##

I’'m now officially a matcha master chef. &2

| finally beat that level in Super Mario Odyssey

| was stuck on for weeks! @4

Your favorite chocolate cake coming right up. i

GPT-4

Figure 2: Examples of emojis used in MaiChat and
GPT-4.

ten conversations. This evaluation serves two
purposes: it demonstrates how conversational
data like MaiChat can benchmark dialogue nat-
uralness, and it highlights current gaps between
model-generated and human-written interactions.
In doing so, we connect corpus design with down-
stream applications in dialogue modeling and hu-
man—Al communication research. Two settings
are used: (i) zero-shot, where the model gener-
ates dialogues without access to real data, and (ii)
few-shot, where it continues real MaiChat conver-
sations after seeing their first 10 lines. The model
is prompted with the same task instructions as hu-
man participants, simulating different relationship
types. Overall, GPT-4 seems to struggle to sus-
tain long, natural exchanges comparable to the
15-minute human dialogues. To ensure size com-
parability, we generated 123 and 61 dialogues for
the zero-shot and few-shot settings, each totaling
around 40K tokens.

MaiChat demonstrates substantially richer ex-
pressive behaviour than the Zero-shot GPT-4
dataset, with more laughter expressions both in fre-
quency (412 vs. 153 instances) and variety (122 vs.
2 types), indicating greater humour and spontane-
ity. Emoiji use is also more diverse and meaning-
ful: 30.17% of GPT-4 emoijis are merely illustrative
(e.g., s, - -, ¢M), compared to 3.6% in MaiChat,
where emojis often express or intensify emotions
and even substitute for words (e.g., “the ending
was ##"—i.e., “the ending was mind-blowing™ giv-
ing a direct representation of feelings and providing
insight into the speaker’s state beyond the textual
content). GPT-4 outputs also lack intentional mis-
spellings and filled pauses, distinguishing it from
our human-human chat.

Quantitatively, the few-shot setting increases the
frequency of several features compared to zero-
shot, including onomatopoeic laughter, intentional
misspellings, and capitalization. Emojis are also
more naturally integrated, with only 17.2% being
illustrative, and filled pauses and typed emoticons—
virtually absent in zero-shot outputs—do appear.

Despite these improvements, feature diversity
remains far lower than in MaiChat (e.g., 12 vs. 83
distinct laughter instances), indicating that few-shot
GPT tends to mimic rather than generalise from

Statistics Counts
Total messages 5297
Avg messages per conversation 125
Median message duration 19.37 s
Total turns 2856
Median turn duration 31.57 s
Median turn duration after pause partner 33.27 s
Median turn duration after fast partner 25.45 5
Shortest turn duration 0.05s
Longest turn duration 61.12 s

Average turns per conversation 68

Total keystrokes 89728

Median keystroke duration 210 ms

Avg keystrokes per conversation 2136

IKI distribution 220 ms; 210 ms;1.1;3.3
Typing acceleration/deceleration + 50 ms?

Table 3: General statistics of the MaiChat’s compo-
sition phase. For inter-keystroke intervals (IKl),
mean, median, skewness, and kurtosis are re-
ported in this order.

examples. Overuse of forms such as “haha” (164+
instances) and excessive emojis or intentional mis-
spellings further suggests reliance on surface cues
from the prompt rather than a deeper replication of
natural discourse patterns.

5. Analysis of Composition Phase

5.1.

The keystroke-level log provides a detailed view of
participants’ interaction dynamics (Table 3). We
define a turn as the interval starting from a partici-
pant’s first message in a sequence of one or more
consecutive messages and ending at the time of
the partner’s first message in their subsequent se-
quence. Even a single message constitutes a turn
under this definition. This approach captures the
temporal structure of conversation, producing very
short turns for rapid interjections and longer turns
when participants are inactive or the partner de-
lays responses. On average, each conversation
contains 125 messages and 68 turns, with turn
durations ranging from 0.05 s—i.e. very short turns
contain single message such as “ok”, “ye"™-to 61.12
s, reflecting rapid exchanges alongside occasional
longer, more deliberate turns. Median keystroke
duration is 210 ms, and the inter-keystroke interval
(IK1) distribution exhibits a slight positive skew (1.1)
with a moderately heavy tail (kurtosis 3.3), indicat-
ing generally consistent typing speeds punctuated
by occasional longer pauses.

We observe that turn durations vary with the part-
ner’s recent activity. Turns following a pause be-
tween messages in the partner’s turn (> 5 times av-
erage interval) are slightly longer than the median
(33.27 s vs. 31.57 s), while turns after rapid con-
secutive messages (no pause) are shorter (25.45
s vs. 31.57 s). These patterns, though not causal,
show how MaiChat’s temporal logs capture interac-

General Statistics
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Statistics Counts

Messages w/ TB, no AS change 3182
Messages w/ TB, AS change 84
Typing behaviours 4277
Delays 1521
Deletions 2355
Insertions 401
Messages w/ three TB types 168
Partial-word deletions 789
Full-word deletions 1,312
Undo patterns 254
Laughter w/ TB 51

Table 4: Statistics of typing behaviours. AS de-
notes “Active Status”. TB denotes “Typing Be-

haviour”.
Type Examples
They're friendly and loveable
delay They're friendly and loveable

deletion friendly and loveable
insertion Dogs are friendly and loveable
insertion Dogs are loyal and friendly and loveable

Table 5: Example of a sequential typing behaviours
from MaiChat.

tional and partner-influenced dynamics in real-time
conversation.

This fine-grained timing data enables the study
of typing rhythm, micro-level typing behaviour pat-
terns, and conversational pacing that are often
invisible in standard text-based dialogue corpora.

5.2. Typing Behaviours

The keystroke logging in MaiChat allows us to anal-
yse typing behaviours, which are in some ways
akin to the concept of disfluencies in spoken lan-
guage (Medimorec et al., 2017; Wengelin, 2001).
While some instances correspond to simple typos,
we also observe more substantial hesitations, re-
tractions, and corrections, reminiscent of the pro-
cesses found in spoken conversation. However,
in spoken dialogue we can only observe the what
was actually said, but with typed chat, we can also
observed what was written but then deleted or in-
serted. This allows for a different view of message
construction and turn-taking.

Following Shriberg (1994)’s categorisation of
speech disfluencies, we define typing behaviours
as the temporal and revision-related phenomena
observed during typing: (i) messages exhibiting
at least one significant delay between keystrokes
(> 5 times the average interval); (i) messages in-
volving the deletion of at least one character during
composition; and (iii) messages with insertion of
at least one character into an existing typed se-
quence.

Composition behaviours were observed in 60%
of messages (Table 4), indicating a highly spon-
taneous and uncertain typing flow. Among these,
deletions were the most frequent, occurring in 44%
of messages, though all three types could co-occur
within the same message. Table 5 illustrates the
different types of typing behaviours within a single
message. The pause reflects hesitation during typ-
ing, potentially signalling momentary uncertainty
about what to write. Then the deletion of “they’re”
indicates rephrasing and the insertion represents
the addition of information to improve clarity.

Out of 5,297 messages, 3,182 exhibiting typ-
ing behaviours were typed without any change in
active status, indicating that the participant was
fully focused. Within these messages, 1,521 de-
lays, 2,355 deletions, and 401 insertions were ob-
served. Partial-word deletions account for 33.5%
of deletions, whereas full rewrites are less fre-
quent (10.7%). Interestingly, 12.3% of laughter-
containing messages also include edits or delays,
suggesting that even playful messages are some-
times refined. These keystroke-level features pro-
vide insights into conversational style and micro-
level behaviours that cannot be captured by stan-
dard message timestamps.

6. Discussion and Conclusion

MaiChat contains a rich set of features that reflect
natural interactional and expressive dynamics, in-
cluding misspellings and capitalization reminiscent
of prosodic cues, filled pauses, self-corrections,
and onomatopoeic expressions that signal hesi-
tation and emphasis. Quantitative analyses show
that the frequency of these markers aligns with spo-
ken dialogue corpora such as Switchboard (God-
frey and Holliman, 1993) and CallHome (Canavan
etal., 1997), highlighting MaiChat’s capacity to cap-
ture conversationality, interactivity, and spontaneity.
Beyond textual content, its detailed keystroke-level
logs, message timing, and contextual metadata en-
able research across multiple domains, including
cognitive science, human—robot interaction, soci-
olinguistics, and conversational Al.

While recent large language models generate
coherent text, their outputs often lack the nuanced,
spontaneous, and expressive patterns observed in
human dialogue (Mayor et al., 2025; Jawale et al.,
2024). Our few-shot experiments demonstrate that
exposure to MaiChat can guide LLMs toward more
varied, cognitively plausible, and human-like dia-
logue in timing, interactivity, and expressiveness,
underscoring the value of rich behavioral and con-
textual information.

In summary, MaiChat provides a novel corpus of
written dialogue that captures a broader spectrum
of conversational markers than existing text-based
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corpora and LLM-generated dialogues. Its combi-
nation of textual, behavioral, and contextual fea-
tures offers a transparent and openly accessible
resource for advancing research in linguistics, cog-
nitive science, human—computer interaction, and
conversational Al, providing a unique tool for un-
derstanding human communication in interactive
written contexts.

7. Limitations and Potential Risks

7.1.

Although MaiChat offers rich conversational fea-
tures and our experiments demonstrate its align-
ment with spoken speech, particularly SWB, com-
pared to other chat datasets, there are some limi-
tations to our work. First, MaiChat is smaller than
other text-chat datasets. However, it was collected
with careful attention to ethical considerations, us-
ing paid participants on a custom messaging plat-
form, making the data collection process more
resource-intensive but yielding a richer source of
conversational dynamics.

Second, several important features, such as tim-
ing, emaijis, and typing patterns, remain unexplored
and could provide further insights. These elements
may be better captured by more advanced cluster-
ing techniques or specialized models.

Moreover, all conversational features were an-
notated by a single annotator. In practice, the
tagging guidelines proved straightforward and in-
ternally consistent, and spot-checks during post-
processing revealed no systematic errors; we
therefore do not expect additional annotators to
materially change the findings. Nevertheless, fu-
ture work could verify these annotations through
an independent second pass or crowdsourced ad-
judication to quantify reliability and further reduce
any residual noise.

In conclusion, while our results are informative,
further exploration using more advanced methods
is necessary to gain a deeper understanding of the
unique characteristics of MaiChat and its relation
to other datasets

Limitations

7.2. Potential Risks

There are no significant risks associated with this
study, as participants engage in text-based con-
versations on a private messaging platform in a
controlled environment. The study protocol was
subject to an independent ethics review, ensuring
that all ethical considerations regarding participant
privacy and data security were met.

There remains a low potential risk that partici-
pants may be identified based on the information
they share during the conversation. To mitigate this,
participants are informed of this risk in advance

and advised not to disclose any personally iden-
tifiable information during their discussions. Ad-
ditionally, the platform does not collect or store
sensitive personal data beyond what is necessary
for the study. Participants are free to discuss any
topic they feel comfortable with, and if they feel un-
easy at any point, they may stop the conversation
and request the data to be removed. Given these
precautions, we believe the risks are minimal and
well-managed.

In addition, training models on the MaiChat
corpus—which consists of genuine human
conversations—introduces a subtle societal impact:
the model may sound so natural that telling its
messages apart from genuine chat becomes
harder, potentially complicating fraud or imperson-
ation checks. Future work should pair this training
data with simple safeguards (e.g., provenance
tags or light watermarking) and assess models not
only for accuracy but also for their impact on the
detectability of machine-generated content.
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