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Abstract. Live streaming platforms require streamers to interpret con-
stant chat flows while managing complex community dynamics. This
paper introduces PostChat, an Al-mediated reflection system with dual-
granularity analytics: message-level tools for detecting ambiguous neg-
ativity and supporting retroactive moderation, and persona-based tools
for understanding audience segments. Through usability testing with 11
Twitch streamers, we find that message-level analytics effectively reduce
emotional labor and inform content planning, while persona-based ana-
lytics receive mixed reactions regarding actionability. Our findings reveal
that effective post-stream tools must balance strategic insights with
affective support, validating streamers’ relational work while providing
actionable guidance. We contribute design implications for creator sup-
port systems that address both community understanding and emotional
well-being.
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1 Introduction

Live streaming has become a rapidly growing medium for content creation, char-
acterized by real-time, interactive engagement between streamers and their audi-
ences on platforms like Twitch and YouTube Live. However, these platforms
introduce distinct sociotechnical challenges: streamers must continuously inter-
pret fast-moving viewer chat messages, some supportive, others critical, many
ambiguous [23,34], while maintaining on-camera performance, leaving little cog-
nitive capacity for deep reflection on audience dynamics or message intent during
broadcasts [24]. The effects of these interactions linger beyond the live moment,
shaping streamers’ emotional well-being, understanding of their community, and
decisions about future content [10,27,35].

Prior work highlights the considerable emotional labor involved in streaming,
particularly around managing community dynamics, processing viewer feedback,
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and sustaining parasocial relationships at scale [10,27,35]|. Existing platform
tools, primarily focused on real-time moderation, flag or remove overtly harm-
ful content but often fail to account for context-dependent language (sarcasm,
banter, in-group slang) common in streaming cultures. This leaves streamers to
manually review hours of chat logs post-stream or forgo review entirely due to
time constraints and emotional taxation. Moreover, standard analytics empha-
size surface-level engagement metrics like view counts or chat message frequency
while offering little insight into who participated, what they valued, or how dif-
ferent audience segments responded [8,22]. These limitations make it difficult for
streamers to understand their communities at a meaningful depth, plan content
strategically, or process emotionally charged interactions in healthy ways.

This paper presents PostChat, a system designed to support streamers’ post-
stream reflection through two complementary approaches operating at different
granularities: (1) message-level analysis that helps streamers identify and contex-
tualize negative or ambiguous comments they might otherwise miss or misinter-
pret, and (2) persona-based audience analytics that cluster viewers into compos-
ite profiles to surface patterns in community engagement and viewer motivations.
By exploring both conceptual and functional prototypes with the same partic-
ipants, we investigate how reflection tools operating at different scales, from
individual message interpretation to audience-wide pattern recognition, affect
streamers’ emotional labor, content planning practices, and understanding of
their communities.

Through qualitative usability testing with active streamers, we examine three
interconnected research questions:

— RQ1: What types of post-stream insights do streamers find most valuable
for content planning and audience relationship building?

— RQ2: How do automated analysis tools affect streamers’ emotional labor
related to chat review and negativity management?

— RQ3: How does granularity of reflection (message-level vs. audience-level
analytics) shape streamers’ sense-making practices?

Our findings reveal that effective post-stream reflection systems must address
both strategic and affective needs: streamers valued tools that not only provided
actionable insights for content decisions but also validated their relational work
and helped them feel more connected to their communities. Automated anal-
ysis was appreciated not for eliminating engagement with difficult content but
for making comprehensive review feasible within the time and emotional con-
straints streamers face. Crucially, message-level and audience-level tools served
complementary rather than competing functions, the former addressing interpre-
tive ambiguity and negativity detection, the latter enabling pattern recognition
and strategic planning that individual message review cannot surface.

We contribute a layered understanding of how post-stream reflection can be
supported through sociotechnical design, with implications for developing tools
that mitigate emotional burdens while enriching community understanding in
live content creation. We begin with literature on live streaming, emotional labor,
and feedback exchange, describe the design and development of PostChat’s dual
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systems, present our usability testing methodology and thematic analyses, and
conclude with findings and discussion of key insights for future streaming support
tools.

1.1 Audience Analytics and Viewer Understanding

Recent scholarship highlights the importance of audience analytics in shaping
creators’ strategies and self-perceptions. Studies show that streamers use real-
time metrics and chat interactions to gauge viewer preferences, adapt content,
and foster community engagement [22,31]. However, analytics often provide only
a partial picture, leading to potential misinterpretations of audience intent and
satisfaction.

Content creators actively use analytics to adapt their content strategies
in response to audience behaviors and platform algorithms. Creators often
experience tension between algorithmic demands and genuine audience engage-
ment, regularity versus audience autonomy, and analytics versus decision-making
autonomy [12]. Prior work has shown that these are some strategies that enable
creative control over their content while also optimizing for platform and algo-
rithmic distribution.

One popular approach has been sentiment analysis for content adaptation.
Sentiment analysis has allowed creators to gauge audience reactions to their
content and inform content optimization strategies, which can be used for tai-
loring future content to audience preference [26]. This broadly applies to content
creators in general, such as YouTube videos and social media posts. For exam-
ple, platform analytics tools like YouTube Studio provide metrics on view counts,
watch time, and demographic data to support content decisions; similarly, Twitch
offers these same metrics and a suggestions page to help streamers with schedul-
ing and recommended categories for future planning. However, these analytics
have shown significant limitations for live streamers, leading many creators to
turn to external analytics tools. [19].

For live streamers, engagement metrics are often referred to as the currency of
success for those hoping to grow and resonate with their community [5]. The tech-
nical features of social media platforms also facilitate the formation of dynamic
and networked communities, not just within streamer-viewer relationships but
also between streamers and between viewers. Many content creators often try
to understand how the recommendation algorithms work so they can “work the
system” to potentially increase their visibility and profit [7,12,16,20,21].

While analytics offer valuable insights, they also introduce new forms of labor
and emotional investment for creators, as explored in the following section.

1.2 Labor in Live Streaming

Live streaming blurs the boundaries between work and play, demanding both
emotional and physical labor from creators. Streamers face constant pressure to
perform, manage their communities, and maintain an authentic presence, which
can often lead to burnout or emotional exhaustion [27,30].
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Live streaming requires creators to engage in intensive emotional labor
beyond just appearing on camera. Streamers often have to be constantly “on,”
friendly, or witty, while also staying in character for hours at a time [25,35].
This labor manifests through various performances required of creators, such as
being friendly to viewers, soliciting donations and subscriptions, and more [2,35].
Emotional labor is critical as streamers need to express the right emotions to
foster viewers’ active attitudes and behaviors in communication and transactions
[37]. This requires streamers to display organizationally desired emotions while
also actively suppressing others that might negatively affect current, live, and
ongoing content [37].

There are also gendered dimensions to emotional labor. For example, female
streamers are often expected and labeled to be “nicer” and to intersect with soci-
etal expectations of women as attentive and caring [27]. However, this becomes
intertwined with sexualized expectations, where viewers expect female stream-
ers to entertain with sexual innuendos and fantasies to maintain streamer-viewer
relationships and encourage gift giving, often hiding their personal relationships
behind the camera [27].

Prior research has identified and highlighted hidden labor as a key com-
ponent of streaming work, including the day-to-day maintenance for potential
earnings, responding to collaborations and emails, checking statistics, planning
future content, community management, and more to ensure that each stream
is well run. These tasks vary among different types of viewers and streamers.
For those who are successful, streamers spend many hours adhering to a reg-
ular streaming schedule, properly configuring technical aspects, and promoting
streams across social media [22,35].

Labor dynamics are further complicated by the ambiguous and interpretive
nature of online interactions, which can heighten uncertainty and stress for both
creators and viewers.

1.3 Limitations of Existing Moderation and Feedback Tools

Although platforms provide various moderation and feedback tools, research
indicates that these systems are often inadequate for addressing the nuanced
and evolving challenges of live streaming. Automated moderation can miss con-
text, while manual moderation places additional strain on creators and their
communities [3,18,29]. Feedback mechanisms may fail to capture the full spec-
trum of viewer sentiment, limiting creators’ ability to respond adaptively.

Recent advances in large language models (LLMs) and multimodal AT have
enabled interactive, real-time feedback systems at scale. Proxona, for example,
leverages static comments to build structured audience personas, allowing cre-
ators to simulate conversations with diverse viewer segments and use feedback
for ideation and content refinement [6]. SimTube extends this by generating pre-
dictive audience responses before a video’s release, combining video data with
persona modeling to offer creators context-rich, demographically varied feed-
back scenarios [13]. These tools frame feedback as a creative asset rather than a
reactive metric.
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While such systems highlight new possibilities for creator support, they also
underscore a critical gap in our understanding of how creators navigate feedback,
labor, and moderation in practice. While these systems offer creators simulated
perspectives and audience insight, they primarily operate in a static or antici-
patory context.

2 PostChat Design and Development

In this section, we describe the details of the iterative design and development
of two complementary designs of PostChat, aimed at supporting after-stream
reflection for live streamers: a chat message-level analysis and an audience-level
persona analysis dashboard. Our approach is grounded in user-centered design
principles, developing solutions iteratively and in cooperation with their target
users [11].

2.1 Chat Message-Level Reflection and Reframing

Existing moderation tools primarily address surface-level disruptions in real-
time, but rarely facilitate the deeper interpretive work that streamers undertake
after the broadcast. Our design investigates whether streamers value structured
message-level reflection, how ambiguous negativity affects them, and what fea-
tures are most beneficial.

Drawing on the framework from “Navigating Ambiguous Negativity: A Case
Study of Twitch.tv Live Chats,” we operationalized three tiers of harmful chat
behavior: surface-level disruptions (e.g., spam, slurs), relational /dialogic behav-
iors (e.g., trolling, banter), and meta-discourse/ambiguous negativity (e.g., sub-
tle social tensions or controversial topics) [23]. Representative chat messages
were generated across these layers, informed by this typology.

In the diagram below (Fig.1), we present a screenshot of the prototype for
chat negativity with the following components: On the left side, we start with the
metadata of the stream including category, stream date, duration, and number of
messages to allow users to easily contextualize which stream is being represented.
Below, we show the frequency of chat messages in a bar chart segmented in
5-minute intervals, highlighting segments with colors relating to themes that
showed up in the analysis. Finally, there is a scrollable chat transcript that
provides a line-by-line chat message history, with respective messages highlighted
with the theme color. On the top right, a pop-up tool tip provides information
about this page. Below, are the list of themes as collapsible/expandable sections
to get a description of the highlighted negativity themes, some findings related to
the chat, and associated recommendations. This is repeated for the other themes
found in this chat history.

For this part of the prototype, we simply designed a static HTML page
utilizing sample data. Given that different streamers may experience varying
degrees of “ambiguous negativity” from little to none, we presented them with
this synthetic page to get their feedback across these three themes.
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Fig. 1. Screenshot of Prototype Analyzing Chat Negativity

2.2 Audience-Level Reflection with Persona-Based Analytics

While Twitch offers a real-time chat for a continuous stream of audience feed-
back, this data is often noisy, overwhelming, and difficult to interpret. These
platforms also provide basic quantitative metrics (i.e., viewer count, chat mes-
sages), but they offer little support for understanding composition, communi-
cation styles, and motivations of the audience. Prior research has emphasized
the emotional and attentional demands of sustaining live engagement, yet tools
for post-hoc reflection on audience behavior and community dynamics remain
limited.

Building on systems like Proxona [6] and SimTube [13], that transform raw
feedback into persona-based insights, we also explore how persona-based analyt-
ics can support deeper reflection for streamers. By abstracting chat into compos-
ite audience profiles, this approach surfaces patterns in tone, recurring themes,
and styles of interaction.

A Chain-of-Thought (CoT) prompt guides the model through interpretable
steps: identifying patterns, assigning labels, selecting representative quotes, and
describing behavioral themes [33]. We adopted a grounded typology-based coding
framework, following categories from Schuck [28], to classify each chat message
into one of three recurring viewer personas:

— System Alterers (SA): Messages attempting to influence or direct the streamer
(e.g., advice, critique).

— Financial Sponsors (FS): Messages referencing financial support mechanisms
(e.g., subscriptions, donations).

— Social Players (SP): Messages engaging in playful, interactive, or socially
bonding behaviors (e.g., emote spam, memes).
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All chat messages were included via forced classification to ensure compre-

hensive representation.
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Fig. 2. Viewer Persona Prototype Tailored to Streamers Using Twitch VODs

To support audience-level reflection, we developed a prompt-based inference
pipeline leveraging GPT-40 via the OpenAI API [14]. Chat logs were segmented
into batches of 200 messages, with each batch analyzed independently to main-
tain granularity and scalability. For each batch, we employed structured prompt-
ing to guide the model in inferring approximately three distinct viewer personas.
Each persona profile (Fig.2) included a concise descriptive label, a summary
description, an estimated proportion of messages, and dominant communicative
theme (such as encouragement or critique). When users click the card, the profile
also includes representative quotes pulled from chat accompanied by actionable
feedback for streamers.

To ensure interpretability and reduce redundancy, similar persona profiles
were aggregated and merged using Levenshtein-based fuzzy matching on both
name similarity and behavioral traits [17]. This process allowed us to surface the
most salient and distinct personas for each stream, supporting nuanced audience
insights. Importantly, all model prompts included strict constraints to minimize
hallucination and speculation, ensuring that all generated insights were directly
traceable to the underlying chat data [36].

From a technical perspective, the system was configured with a tempera-
ture setting of 0.6 and a maximum token limit of 3000 per prompt. Outputs
from the language model were validated against a predefined JSON schema to
ensure structural consistency and facilitate downstream processing. Finally, the
resulting personas were visualized in an interactive dashboard, with each per-
sona represented as a card displaying sentiment bars on the front and qualita-
tive summaries on the back. This design enabled streamers to quickly assess the
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emotional landscape and communicative dynamics of their audience, supporting
reflective practice and informed community management.

Both prototypes were developed iteratively, beginning with low-fidelity wire-
frames created via Figma and advancing to interactive prototypes using Python
and Flask. This process enabled rapid exploration of the design space, early user
feedback, and refinement of core interaction flows [32].

3 Methods

This study employed remote usability testing sessions to investigate how stream-
ers reflect on and manage their post-stream activities, audience dynamics, and
interactions with chat data. We used personalized audience persona pages and a
message-level prototype to evaluate participants’ perceptions of these tools and
gather feedback on their potential utility (Table1).

Table 1. Participant Demographics. Note: Avg. Viewers and Hours Streamed are for
the past 30 days

PID | Location Followers | Status | Avg. Viewers | Hours Streamed
pl |USA 109 Affiliate | 2 11
p2 |USA 1580 Affiliate | 8 48
p3 | Philippines | 230 Affiliate | 8 82
p4 |USA 3569 Affiliate | 3 25
p5 |USA 5205 Affiliate | 12 28
p6 | India 7576 Affiliate | 56 122
p7 |USA 1685 Affiliate | 17 217
p8 |India 128 Affiliate | 5 25
p9 | Australia |3133 Affiliate | 16 244
pl0 |Indonesia | 7633 Partner | 46 51
pll |USA 143 Affiliate | 7 19

3.1 Participants

We had recruited 11 participants, recruited through a combination of personal
networks, public Discord servers, and relevant organizations. All recruitment
activities were conducted with appropriate permissions, including moderator
approval when necessary. Eligibility criteria required participants to have at
least 2 publicly available recent VODs (video on demand) for generating their
personalized audience personas, and have streamed recently. The streamers rep-
resented a range of content types including gaming, art, and just chatting, with
followers ranging from 109 to 7633. Participants were recruited globally with six
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from USA, four from Asia, and one from Australia. We also required our partic-
ipants to be at least Twitch Affiliates, the minimum level at which creators can
earn revenue on the platform, as a signal that they were serious about stream-
ing [1]. Participants received a $20 gift card upon completion of the study. This
study was approved by the Institutional Review Board (IRB) at the authors’
university.

3.2 Interviews

The usability testing sessions included a semi-structured interview. Prior to the
study sessions, participants were asked to share links to two of their previous
and recent Twitch VODs (videos on demand), enabling the research team to
generate personalized audience personas ahead of each interview. Participants
were first asked about their typical post-stream workflows and the ways in which
they currently analyze their stream content. Next, we introduced the personal-
ized audience-level personas generated from their own Twitch data and invited
participants to reflect on the personas’ effectiveness in helping them understand
their audiences. In the final stage of the session, we presented a prototype that
visualized individual chat messages using synthetic data, focusing on potential
applications for identifying negativity and supporting content analysis. Partici-
pants were asked about the prototype’s utility, design, and potential extensions.

3.3 Data Analysis

All interviews were recorded and transcribed using Otter.ai. The first author
manually reviewed each transcript to correct typographical errors and address
any transcription inaccuracies. Transcripts were then shared with the research
team for qualitative analysis and coding via Google Sheets and Miro.

We adopted a grounded theory approach to analyze the interview data [4].
The coding process began with a collaborative session on two transcripts, during
which the team identified initial themes and drafted a preliminary codebook. In
subsequent meetings, team members reconciled coding discrepancies and iter-
atively refined the codebook to incorporate emerging concepts. This process
continued until all transcripts were fully coded. To assess coding consistency, we
calculated inter-rater reliability using Cohen’s Kappa, achieving a score of 0.83.

These thematic categories structure the presentation of our findings in the
following section.

4 Findings
4.1 Post-Stream Insights for Content Planning and Audience
Relationships

Participants identified persona-based analytics and contextual recommendations
as the most valuable insights for shaping future content direction and deepen-
ing audience understanding. P1 explained their motivation: “I’'m mostly curious
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about the new viewers, what their preferences are, and how to keep them engaged
without changing my entire personality.” P1 articulated the desire for authentic
engagement:“I’d rather have someone come to my stream and want to stay here
whether they like my conversations or the content I create.”

This value stems from addressing a fundamental gap in existing analytics:
while platforms provide surface-level metrics like view counts, streamers need to
understand why viewers engage and who their audience segments are. Beyond
strategic planning, participants valued insights that validated their relational
work. P7 summarized: “The recommendations are nice, and it’s really good to
see that kind of thing.”

The actionable nature of recommendations, particularly when linked to spe-
cific chat quotes, made them especially valuable. P4 reflected: “It shows exactly
what they’re saying, like, ‘Oh, you didn’t press R.” Okay, fine. I'll press R next
time.” P6 appreciated theme-specific recommendations to create a dedicated seg-
ment of sharing tips and strategy to enhance [the] player segment, particularly
in games like Genshin Impact. However, P5 suggested the tool would be more
helpful if it was providing more data, such as emotional or gameplay context
when negative feedback occurred.

4.2 Automated Analysis and Emotional Labor

PostChat’s automated analysis capabilities were framed by participants as tools
for mitigating the emotional burden of comprehensive chat review, particularly
around identifying and processing negative content. P1 reflected: “If I want to
do any reflections, I do it, like, the next day I try to, like, see what’s going on
and how I can improve.” P8 captured post-stream exhaustion: “I just die in bed
[after stream] because I'm so tired. ”

One major application was retroactive moderation, giving streamers time to
make thoughtful decisions. P1 described evaluating user behavior: “This person
is a regular and they’re only saying this to make fun of me not in bad faith,” but
added, “If it’s a new person and they’re suddenly saying that stuff, of course, 'm
like, ‘Get out of here.”” P1 also recalled: “Why are you telling me about all your
dates? Okay, I'm gonna ban you,” illustrating the emotional burden streamers
face when establishing boundaries to preserve their emotional wellbeing.

For larger channels, tools that filter messages and identify hate speech were
essential. P7 noted, “this would be more useful for someone who has a huge
viewership so they can have the analysis even post stream.” P10 reflected on using
analytics to flag homophobic messages: “I think maybe I can use it to report it to
Twitch.” P11 emphasized that LGBTQ+ streamers may face disproportionate
hate, making robust detection tools especially critical. Across these contexts, the
ability to systematically identify harmful messages serves both the operational
needs of high-volume channels and the safety needs of marginalized streamers
facing targeted harassment.

Participants appreciated how the platform offered contextual cues that exist-
ing bots might miss. P4 commented, “it shows a lot more sections and what
specifically is being said,” highlighting the tool’s depth. P3 said, “I didn’t know
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what to do with the dude who’s commenting on the streamer’s appearance,”’
noting that recommendations could provide actionable steps. P3 described their
role as a moderator when they “try to catch the message before [streamer| read
it so it doesn’t ruin their mood while they’re streaming.”

However, several participants expressed concerns about how negative feed-
back was presented. P6 felt the platform initially was a page of everything that
they hate about you. P1 requested “I would love to see this for the positive com-
ments.” P11 reflected that banning can feel like an extreme move, even when
justified. These concerns reveal a tension in moderation analytics: while iden-
tifying harmful content is necessary for streamer safety, an exclusive focus on
negativity risks creating an emotionally taxing experience that may discourage
engagement with protective tools.

4.3 Granularity of Reflection and Sense-Making

The distinction between message-level and audience-level analysis tools served
different but complementary sense-making functions. Message-level features
addressed immediate interpretive challenges. P5 noted language barriers “English
is like a second or third language for a lot of them.” P3 reflected “I don’t remem-
ber all my conversations.”

A key use was identifying peak moments for clips and highlights. P4 liked to
“see where [they] make them talk to see what hypes someone.” P2 emphasized
that they are “always trying to get more clips [from my stream]. It is like a major
thing that [they] do.” P1 noted timestamps acted as markers “even if you cannot
get the context of the video itself you’ll be like, ‘Oh, that was this topic.”” P1
also expressed a way to recall community members: “Oh yeah, that conversation
did happen. Oh yeah, this person did say that.” Collectively, these uses highlight
how PostChat helps streamers overcome the cognitive challenge of remembering
specific moments from lengthy streams, surfacing content that would otherwise
be lost to the ephemeral nature of live broadcasting.

In contrast, audience-level persona analytics supported higher-order pattern
recognition. P1 envisioned using persona histories: “If this user has, like, a history
of being like an art enthusiast or a supportive person, then I won’t ban them
or something like that.” P1 explained interest in tracking shifts: “When did this
persona suddenly become different kinds of personas? Which sections of the
video were mostly this?”

P4 appreciated quantitative summaries: “That means I did something good
during that moment when learning subscriber engagement at specific times.” P10
highlighted surfacing missed moments: “A very heartfelt message because some-
times, honestly, I miss chat or totally forget about them.” However, participants
could recall specific instances but not their entirety, indicating that audience-
level analytics fill a memory gap that message-level review alone cannot address.
The complementarity suggests post-stream reflection tools should be designed
as integrated systems supporting both interpretive depth and synthetic breadth.
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5 Discussion

Our findings reveal that effective post-stream reflection systems must operate
simultaneously at multiple levels of granularity, each addressing distinct but
interdependent challenges in streamers’ sense-making practices. While prior work
has documented the emotional labor of live streaming |27, 35] and the limitations
of platform analytics [8,22], our study demonstrates that the granularity at which
reflection tools operate fundamentally shapes both their utility and their effect
on streamers’ emotional and cognitive work.

5.1 Complementary Granularities Challenge Single-Level Analytics

The complementarity between message-level and audience-level tools challenges
prevailing assumptions in platform design about providing uniform analytics
solutions. Current streaming platforms predominantly offer either real-time mod-
eration tools focused on individual message filtering [29] or aggregate metrics
emphasizing surface-level engagement statistics [22]. Our findings contest this
assumption: participants valued message-level analytics specifically for address-
ing interpretive ambiguity and retroactive moderation, while audience-level per-
sonas served entirely different functions related to pattern recognition and strate-
gic planning. This division maps onto a fundamental tension in live streaming
work: the cognitive impossibility of comprehensive real-time sense-making during
broadcasts versus the need for strategic understanding that emerges only through
synthesis. Streamers retain fragments of interactions but lack holistic under-
standing, they remember individual topics but not complete context, struggle
to recall all conversations, and find that individual messages leave vivid impres-
sions without systematic structure. Conversely, aggregate metrics tell stream-
ers what happened without explaining why viewers engaged or who comprises
their community. PostChat’s dual-granularity approach addresses both gaps:
message-level tools recover the interpretive work impossible during live perfor-
mance, helping streamers identify peak moments and understand engagement
drivers, while persona-based analytics provide the synthetic overview that iso-
lated message review cannot generate, revealing audience segment shifts and
content resonance patterns. Rather than pursuing increasingly granular data
capture or more sophisticated aggregation independently, our findings suggest
reflection tools should be designed as integrated ecosystems where different gran-
ularities inform one another.

5.2 Redistributing Rather Than Eliminating Emotional Labor

PostChat’s automated analysis capabilities were consistently framed by partic-
ipants as tools for redistributing emotional labor rather than simply reducing
it, a crucial distinction with implications for how we design creator support sys-
tems. Prior research has documented the substantial emotional work required
to maintain on-camera performance while processing viewer feedback [25,27],
leading to assumptions that automation should minimize creators’ engagement
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with challenging content. However, our participants valued PostChat not for
avoiding negative content but for making engagement with it more manageable
and comprehensive. This redistribution manifests in three specific ways. First,
automation enables comprehensive rather than selective review: where manual
chat analysis might focus only on obviously problematic messages, automated
flagging surfaces ambiguous negativity and behavioral patterns that streamers
might otherwise overlook, such as repeated low-level harassment across mul-
tiple messages. Second, structured presentation reduces the cognitive load of
sense-making itself, offering deeper analysis than traditional keyword filters by
showing complete sections and contextual information. This is particularly valu-
able given post-stream exhaustion, where streamers must balance reflection with
self-care and often delay analysis until the next day when they have emotional
capacity to engage thoughtfully. Third, temporal separation allows for emotional
distance and context-aware decision-making. Streamers described making more
nuanced evaluations when reviewing chat post-stream, distinguishing between
regular viewers engaging in playful banter versus new users making inappropri-
ate comments, and considering user histories to inform fair moderation decisions.
These findings complicate narratives of automation as straightforward labor-
saving technology in creative work [9]: PostChat transforms work from scattered
real-time processing to structured reflection, from emotionally reactive to analyt-
ically supported interpretation, potentially increasing the time streamers spend
engaging with chat data while decreasing its emotional taxation.

5.3 The Affective Dimensions of Analytical Tools

Perhaps most surprising was the extent to which participants valued PostChat
for affective rather than purely analytical functions. Streamers described the pro-
totype’s findings as validating their efforts, framing audience insights not merely
as strategic intelligence but as recognition of their relational work. This affec-
tive valuation reveals how professional creative tools operate simultaneously in
technical and emotional registers, particularly in fields characterized by paraso-
cial relationships and platform precarity [15,35]. The importance of validation
connects to broader literature on parasocial dynamics in streaming communi-
ties. Streamers invest substantial emotional labor in cultivating relationships
with viewers [27], yet this investment occurs under conditions of uncertainty.
They desire viewers who stay for authentic conversations and content rather
than performative personas, yet struggle to understand new viewer preferences
without compromising their identity. Platform analytics that focus exclusively
on growth metrics fail to validate this relational work because they measure
outcomes rather than relationships. In contrast, PostChat’s persona-based ana-
lytics operationalize what streamers already intuitively know about their com-
munities, surfacing emotional moments they missed during live broadcasts and
confirming their interpretive competence while making it actionable for content
planning. However, the affective impact can be negative if feedback is poorly
framed. Participants expressed concern when the platform felt like a catalog of
criticisms, requesting more emphasis on positive comments and validation. This
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tension highlights a critical design challenge: tools must balance transparency
about community dynamics with emotional support for creators. The affective
value of audience analytics illuminates how knowing your audience constitutes
both strategic and emotional work in content creation, enabling tailored content
decisions while providing the connection and motivation necessary for sustained
creative labor under precarious conditions.

5.4 Design Implications

Based on our findings, we propose four key design implications for post-stream
analytics tools:

Integrate Multi-granularity Analytics as Complementary Systems.
Tools should seamlessly connect message-level and audience-level views, allowing
streamers to drill down from persona patterns to specific chat moments and vice
versa. This addresses complementary needs: message-level for interpretive depth
and retroactive moderation, audience-level for strategic planning and pattern
recognition. Rather than offering these as separate features, design them as an
integrated ecosystem where insights at one level inform exploration at another.

Balance Negative and Positive Feedback Through Configurable Fram-
ing. Analytics interfaces must thoughtfully frame critique alongside affirmation.
Unbalanced negative feedback risks discouragement, with participants describ-
ing overwhelming experiences when confronted primarily with criticism. Design
configurable modes that allow streamers to prioritize positive insights, emotional
highlights, or critical feedback based on their current emotional capacity. Tools
should recognize that effective analytics serve both strategic and affective func-
tions.

Provide Contextual, Actionable Recommendations Grounded in Evi-
dence. Recommendations should be explicitly linked to specific chat evidence
and stream context. Participants valued concrete guidance showing exact viewer
comments and how to respond, rather than generic suggestions. Move beyond
abstract advice to concrete guidance tied to actual viewer behavior and com-
munity patterns, particularly for newer streamers seeking support in handling
challenging situations like inappropriate comments.

Support Temporal Moderation with Behavioral Context. Enable
retroactive moderation with full user history and behavioral patterns. Streamers
described making more nuanced evaluations when they could distinguish between
regular viewers engaging in playful banter versus new users making inappropri-
ate comments, and when they could detect patterns of repeated low-level harass-
ment rather than isolated incidents. Tools should surface patterns that inform
graduated responses rather than forcing immediate binary decisions, reducing
the emotional burden of real-time judgment calls where banning can feel like an
extreme action.

These implications highlight that post-stream analytics must address both
the strategic work of content planning and community management, and the
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affective work of maintaining emotional well-being and connection with audi-
ences. Tools that attend to only one dimension risk either providing emotionally
unsustainable insights or offering strategically hollow validation.

6 Future Work and Limitations

Several limitations should be acknowledged. First, our participant sample (N =
11 Twitch Affiliates, 109-7,633 followers) may not generalize to larger profes-
sional streamers, hobbyist creators, or non-English-speaking communities. Sec-
ond, findings are based on prototype reactions rather than longitudinal deploy-
ment data, reflecting initial impressions rather than sustained workflow integra-
tion. Third, we evaluated message-level and persona-level analytics separately
rather than as an integrated system. Finally, ethical considerations surround-
ing automated persona modeling, algorithmic bias in negativity detection, and
privacy implications of chat data analysis warrant deeper investigation.

Future research should pursue longitudinal deployment studies to reveal how
sustained use shapes content strategies, community health, and streamer well-
being over time. Comparative studies across platform scales would illuminate
how analytics needs differ by channel size. Cross-platform analytics could pro-
vide holistic understanding of multi-platform communities. Expanding scope to
include moderators and community members could foster collaborative com-
munity management. Finally, ethical frameworks for creator analytics, address-
ing consent, algorithmic accountability, and data governance, demand interdis-
ciplinary attention.

7 Conclusion

This study demonstrates the value of dual-granularity analytics for support-
ing post-stream reflection among live content creators. Through qualitative
usability testing with 11 active Twitch streamers, we found that message-level
and audience-level analytics serve complementary functions: message-level tools
enable retroactive moderation and interpretive depth, while audience-level per-
sonas support pattern recognition and strategic planning.

Our findings reveal that effective analytics tools must address both strategic
and affective dimensions of creator work. Streamers valued PostChat not only
for actionable insights but also for validation of their relational labor. Crucially,
automated analysis was appreciated not for eliminating engagement with difficult
content but for redistributing emotional labor, transforming scattered real-time
processing into structured post-stream reflection with contextual support.

We contribute empirical insights into how different analytical granularities
support distinct aspects of streamer sense-making, design implications for Al-
mediated creator support tools, and a working prototype demonstrating inte-
grated analytics. By designing tools that respect both the strategic and emo-
tional dimensions of creative labor, we can better support streamers in building
sustainable, healthy relationships with their audiences while managing the inher-
ent challenges of real-time interactive content creation.
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