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Abstract. Community feedback is critical for content creators’ growth,
yet live streamers often struggle to obtain meaningful qualitative input
from their audiences. To address this, we developed Streamfeed, a
chatbot-based system designed to elicit constructive viewer feedback,
paired with a streamer-facing dashboard that organizes and summarizes
audience responses. We evaluated Streamfeed using a mixed-methods
approach with 11 streamers and 166 viewers who engaged with the tool
both during and outside live broadcasts. Our ndings demonstrate that
Streamfeed provided streamers with novel insights and reinforced exist-
ing ideas, supporting reective practices and community engagement,
while also revealing design tensions: balancing the benets of anony-
mous candid feedback with streamers’ needs for richer contextual infor-
mation, and integrating feedback from newcomers without undermining
established community norms. These insights advance HCI research by
demonstrating how conversational agents can actively mediate participa-
tory feedback processes and by illuminating the complex role of feedback
as relational infrastructure within online communities.
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1 Introduction 

Live streaming has emerged as a dominant form of digital content creation,
with platforms like Twitch, YouTube Live, and TikTok Live collectively engag-
ing billions of viewers. Unlike traditional media, live streaming is inherently
participatory: creators and audiences co-construct content in real time through
chat interactions, donations, and shared rituals. However, this immediacy cre-
ates unique challenges for streamers who must simultaneously entertain, mod-
erate, manage technical production, and reect on their performance, all while
broadcasting live. Central to streamers’ growth is feedback from their audiences,
yet the fast-paced nature of streaming makes it dicult to obtain constructive
qualitative input beyond fragmented chat reactions or platform analytics that
illuminate what is happening but rarely why or how to improve.

To address this feedback gap, we developed Streamfeed, an AI-mediated sys-
tem consisting of a conversational chatbot that guides viewers through struc-
tured feedback prompts across content production, community management,
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and marketing strategy, paired with a streamer-facing dashboard that aggregates
and summarizes responses using large language models. We evaluated Stream-
feed through a mixed-methods study with 11 Twitch streamers and 166 view-
ers, examining not only whether the tool provided useful feedback but how it
integrated into streamers’ practices and revealed tensions in community dynam-
ics. Additionally, we compared feedback from established community members
versus newcomers, eight recruited individuals unfamiliar with the participating
streamers, to understand how feedback source aects perceived value.

Our study investigates the design and impact of Streamfeed, a feedback sys-
tem tailored to live streamers. We explore the following research questions:

RQ 1: How do streamers perceive the value and relevance of structured feedback
from Streamfeed?

RQ 2: In what ways does Streamfeed integrate into and shape streamers’ ongoing
content practices, decision-making, and community-building eorts?

RQ 3: What tensions or opportunities arise in engaging feedback from both
regular and newcomer viewers?

Our ndings demonstrate that Streamfeed provided streamers with novel
insights and armed existing ideas, supporting reection and concrete practice
changes. However, we also surfaced important design tensions: streamers valued
anonymous feedback for its candor but desired richer contextual information, and
while newcomer feedback oered fresh perspectives, it sometimes conicted with
established community norms. These insights advance HCI research by demon-
strating how conversational agents can actively mediate participatory feedback
processes and by illuminating the complex role of feedback as relational infras-
tructure within online communities.

1. 1 Fee db ack in  Inte ra ct ive an d C re at ive Co nte xt s 

Feedback plays a critical role in the iterative process of creative work, and
recent research highlights strategies that enhance its usefulness, specicity, and
emotional appropriateness in digital environments. Anonymity improves crowd-
sourced feedback quality, with anonymous contributors oering more specic
praise and criticism that is rated as more useful than identied feedback [13].
Additionally, scaolding, guiding individuals through structured subtasks [22],
produces more actionable critiques, as demonstrated by Critiki’s use of struc-
tured prompts with crowdworkers [10] and CrowdCrit’s nding that aggregated
crowd input approximates expert-level feedback [18]. Interactive guidance tools
with adaptive suggestions and reusable templates help novice reviewers generate
feedback that is specic, actionable, and justiable [20], yet feedback quality also
depends on relational dynamics: online fanction writers highly valued feedback
from individuals with authentic, ongoing relationships that fostered trust, con-
textual understanding, and emotional support [6]. These studies underscore that
eective feedback in creative digital contexts requires integrating structural sup-
port (anonymity and scaolding), technological guidance (interactive tools), and
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social connection (relational continuity), while recognizing that platform infras-
tructures and cultures shape what kinds of feedback are encouraged, making
it essential to study feedback mechanisms alongside the aordances and social
dynamics of their mediating platforms.

1. 2 A ud ien ce  En ga ge m ent an d V ie wer -S tr ea m er  D yn am ics  

Audience engagement in digital environments spans from intentional community-
building in institutional media to emergent, platform-mediated practices in
creator-driven spaces, with creators navigating dierent forms of participation
shaped by technological and social aordances. In public service media like
Flemish television, producers strategically cultivate engagement through immer-
sive and interactive practices supported by curator, facilitator, and observer
roles [27], contrasting with more decentralized creator-centered platforms where
algorithmic controls imposed by YouTube and Twitch create tension between
platform metrics and creator autonomy [4]. Twitch exemplies a participatory
model where live streams as “third places,” informal social hubs fostering co-
creative culture through real-time interaction, chat dynamics, and communal
rituals [11], while on algorithmically driven platforms like TikTok, inuencers
deploy charisma, content quality, and relational strategies to cultivate engage-
ment through emotional performance and identity bonding [28]. Together, these
cases reveal that audience engagement is strategically curated, algorithmically
constrained, and socially co-constructed depending on platform context and the
roles assumed by creators and audiences.

1. 3 La b or  wi th  O nl in e C onte nt Cr ea ti on  

Live streaming exemplies the increasingly complex nature of digital content cre-
ation labor, where creators operate simultaneously as entertainers, community
managers, technical producers, and entrepreneurs. Recent scholarship illumi-
nates how this work is characterized by precarity, emotional demands, and con-
stant self-optimization within algorithmically governed platforms, with stream-
ers engaging in “playbour,” the blurring of play and work, while managing paraso-
cial relationships and experiencing “algorithmic anxiety” as they attempt to
reverse-engineer platform recommendation systems [4]. Feedback plays a crit-
ical yet underexamined role in this labor ecosystem: constructive audience input
can validate creative decisions and provide emotional support, yet the lack of
structured feedback mechanisms means streamers rely on fragmented signals
that provide incomplete pictures of audience sentiment, intensifying the already-
demanding work of content creation by forcing consequential decisions with lim-
ited information.

1. 4 De sig ni ng  Fee db ack To ol s fo r Co nte nt Cr ea to rs 

As creative expression increasingly takes place within digital and algorithmically
mediated spaces, feedback has evolved into both a community-building mecha-
nism and a computational challenge, with contemporary research reecting this
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duality: platforms shape norms through interface cues and participatory culture,
while advanced AI systems simulate, interpret, and augment feedback in real
time. Feedback in creative communities often functions as social scaolding, plat-
forms like Mosaic foster reective peer feedback on works-in-progress rather than
nished products [16], while systemic approaches like Feedback Shaping predict
creator sensitivity to rebalance platform incentives supporting creator well-being
[26], and features like YouTube’s creator heart guide comment dynamics by sig-
naling approval and curating tone [7]. Recent advances in LLMs have enabled
interactive, anticipatory feedback systems: Proxona transforms comment data
into structured audience personas for simulated conversations [8], while Sim-
Tube generates pre-release audience comments using multimodal video analysis
and persona modeling [14]. However, these systems primarily operate in static or
anticipatory contexts, leaving a gap in dynamic, high-pressure environments like
livestreaming where creators must adapt rapidly without structured feedback
mechanisms. To address this, we built Streamfeed to embed constructive, struc-
tured feedback into the livestreaming workow through conversational guidance,
feedback structuring, and synthesis tools that support streamers in continuously
engaging with audience perspectives.

2 Streamfeed Development 

2. 1 D es ig n R at io na le 

The design of Streamfeed is grounded in recurring themes identied across
related work: the importance of structured feedback, the relational and aec-
tive dimensions of audience interaction, and the inuence of platform-specic
dynamics on engagement. We chose a chatbot interface because it supports
guided, conversational feedback, a format shown to reduce cognitive load and
improve clarity among novice reviewers [10], and embedded real-time follow-up
logic to clarify vague comments and redirect inappropriate inputs. To ensure
relevance to the streaming context, we adopted a “strengths and improvements”
framework [3], providing streamers with both armation and actionable advice
organized into three categories, content production, community management,
and marketing strategy [19], that reect the core dimensions of streamer success
and support reection and resilience in this inherently fast-paced, high-pressure,
and socially mediated work.

2. 2 C onver sa ti on al A ge nt D es ig n 

To address the needs surfaced in prior work and our formative study, we devel-
oped a conversational agent deployed during livestreams via a shared link, guid-
ing viewers through constructive feedback using prompt engineering strategies
centered on clarity, constraint, and adaptivity. The chatbot follows a structured
conversational prompt across three targeted domains, m ar ket in g st ra te gi es,
co nte nt pr o du ct ion, and co m mun ity m an ag em ent, asking one question at
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a time and assessing input quality in real time using heuristics such as mini-
mum character length, presence of vague or overly negative language, and rel-
evance; unclear or o-topic responses (e.g., “okay,” “boring”) trigger follow-up
requests for clarication as seen in Fig. 1. The system employs a strengths-and-
improvements framework [3] and aims to collect at  le as t on e st re ng th  an d  

on e ar ea  fo r im pr ovem ent p er  ca te go ry  before concluding. The dashboard
(Fig. 2) presents feedback using an inverted pyramid approach [21]: a top-level
“tl;dr” section summarizes viewer count, key motivations, and actionable sug-
gestions, while detailed breakdowns of each category below include synthesized
summaries and two representative viewer quotes, allowing streamers to quickly
grasp insights and access deeper context as needed.

Fig. 1. Chatbot interface example. The bot is asking the user for feedback about the
stream, and is asking for further clarications when the user is not responding clearly.

2. 3 Sy st em  D evel op m ent 

The system consisted of two main components: a chatbot interface and a dash-
board for presenting the data. Streamers shared a unique chatbot link (/chat/
<username>) with their audience, who interacted with the chatbot in real time.
These interactions were captured and stored in a PostgreSQL database. The
dashboard, accessible via a tokenized URL (/chat/?token=<unique_token>),
displayed a summary of viewer interactions. It was initially populated with data
upon the rst visit after engagement and was subsequently updated manually on
a weekly basis by the lead researcher. The front end of the system was developed
using React, while the backend leveraged Node.js and Express for routing and
API handling. The system diagram is presented in Fig. 3.
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Fig. 2. Streamer Dashboard for participant [p4], displaying a summary of viewer
engagement and qualitative feedback. The dashboard highlights a viewer count of
5, reasons viewers enjoy the stream (e.g., personality and visuals), suggestions for
improvement (e.g., consistent schedule, language learning), and categorized feedback
on content production, community management, and marketing strategy. Each section
includes quotes and insights drawn from viewer comments.

Fig. 3. System architecture of the Streamfeed platform. Viewers provide feedback
through a React-based chatbot interface during livestreams. Inputs are processed by a
Node.js/Express backend, which interacts with a PostgreSQL database and a GPT-4
API for both adaptive prompting and summarization. Summarized feedback is then
displayed to streamers via a secure dashboard interface.



Streamfeed: AI-Mediated Feedback 55

3 Methods 

This study aimed to evaluate the usability, challenges, and benets of a chatbot
based feedback system designed for streamers. The primary objective was to
determine whether the system could provide streamers with new and relevant
constructive feedback to improve their content and stream planning. To achieve
this, we recruited streamers to promote usage of the chatbot with their viewers
during, and after their live streams. These interactions generated feedback that
was ltered, aggregated, and summarized in a dashboard for streamers to review.
The study consisted of three phases: onboarding, active use of the system during
live streams, and a follow-up evaluation.

3. 1 Par ti ci pa nts  

This usability study consisted of 11 streamers (Table 1) recruited through social
media platforms and personal networks. Eligibility criteria required participants
to have prior experience in live streaming, and must have streamed the week prior
the onboarding call. The streamers represented diverse content focuses, including
gaming, art, and just chatting, with audience sizes ranging from 5 to 100 viewers.
Most participants were based in North America. Our participants also had a
range of streaming experience, three of whom were Partnered on Twitch, which
means they get a bigger portion of the revenue from ads, subscriptions and bits
in contrast to an Aliate streamer [1].

Table 1. Participant Demographics

Participant ID (PID) Location Followers Streamer Status Average Viewer
(past 30 days)

Hours Streamed
(past 30 days)

p1 Sweden 3,145 Aliate 18 86
p2 USA 49,676 Partner 82 133
p3 USA 106 Aliate 3 21
p4 Canada 304 Aliate 4 21
p5 USA 1,448 Aliate 18 249
p6 Mexico 19,046 Partner 69 173
p7 USA 144 Aliate 1 4
p8 Australia 14,123 Partner 88 127
p9 USA 7,395 Aliate 55 120
p10 USA 456 Aliate 1 49
p11 Philippines 166 Aliate 9 86

In addition to feedback from existing community members, we conducted a
focused case study involving a group of eight newcomers (Table 2) recruited from
a university research group. These individuals were familiar with live streaming,
either as viewers or former content creators, but had no prior relationship with
the participating streamers. Their role was to provide fresh, outsider perspectives
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Table 2. Newcomer Demographics

Newcomer ID Age Range Streamer Status Stream Engagement
Frequency

Preferred Stream
Genre

n1 2534 Yes, Aliate Daily Games
n2 2534 No Monthly Events
n3 1824 Yes, Aliate Daily Games
n4 2534 Yes, Partner Daily Games
n5 1824 No Rarely Games
n6 2534 No Rarely Games
n7 1824 No Rarely Games
n8 2534 No Daily Games
n9 2534 No Daily Games

by engaging with streams and submitting feedback through the same chatbot
interface used by regular viewers.

This study received institutional IRB approval (STUDY00013563) and all
participants provided informed consent prior to participation. Streamers received
a $50 gift card as compensation for their time and contributions, while newcom-
ers participated voluntarily as part of their involvement in the research group.

3. 2 St ud y Ph as es  

The study consisted of three phases described below.

O nb oa rd in g Ph as e.  Each streamer began with a 2030 min onboarding call.
Researchers explained the study purpose, obtained consent, and asked streamers
to complete a baseline survey assessing current feedback experiences. Researchers
then demonstrated the tool via screen sharing, showing both the chatbot inter-
face and an example dashboard. Streamers were asked to promote the chatbot
to their community and aim for at least ve viewer interactions before the eval-
uation call.

Sy ste m  En ga ge m ent.  After onboarding, streamers incorporated the chatbot
into their streams by sharing its link with viewers during or outside broadcasts.
The chatbot prompted viewers with questions about content, community, and
marketing. In addition to community members, the newcomer research group
provided feedback through the same interface, allowing comparison between
established viewers and newcomers. Dashboards were populated after initial
viewer engagement and updated weekly by researchers to reect new feedback
submissions.
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Eval ua tio n P ha se . Once ve viewers had engaged with the chatbot, streamers
participated in a 3040 min semi-structured interview. The interview explored
system usability, dashboard review with screen sharing, implementation of feed-
back suggestions, and dierences between community and newcomer feedback.
Streamers also completed a post-survey repeating the baseline quality items
using their Streamfeed dashboard as reference.

3. 3 Ne wco m er  Fee db ack Pr ot o co l 

Assessing live streamers from newcomers’ perspectives serves as an exploratory
approach to understanding how feedback from individuals with varying famil-
iarity yields distinct insights [11], informed by literature showing that feedback-
givers’ roles, identities, and relational positioning signicantly shape content and
reception [15]. We focused on newcomers because streaming growth depends
heavily on rst-time impressions, streamers’ ability to attract and retain new
viewers hinges on how quickly content communicates value [11], oering action-
able insights into growth barriers that long-time community members might
overlook. To ensure structured evaluations, newcomers followed research team-
developed heuristics, watching two to three recent clips, skimming full-length
recordings, observing live streams when possible, reviewing About and Sched-
ule pages for brand clarity, and examining past broadcasts and community ele-
ments (chat rules, follower counts, subscriber benets) to gauge consistency and
accessibility, providing feedback that complemented organic community input
by highlighting areas invisible to established viewers.

3. 4 Q ua nti ta ti ve M ea su re s an d A na ly sis  

Su rvey  In str um ent D evel op m ent. Survey items were custom-designed based
on Steelman et al.’s Feedback Environment Scale [24], adapted to the stream-
ing context. The pre-survey assessed feedback frequency, sources, and baseline
quality perceptions across nine dimensions (e.g., “provides clear steps for improv-
ing streams,” “helps improve community interaction”). The post-survey repeated
these nine quality items, with streamers rating them based on their Streamfeed
dashboard rather than typical feedback sources. All items used 5-point Likert
scales (1=Strongly Disagree to 5=Strongly Agree). The survey was pilot-tested
to assess clarity and completion time (35 minutes).

Q ua nti ta tive A na ly si s Ap pr oa ch.  Given our sample size (n = 11 stream-
ers) and the exploratory nature of this study, we employed descriptive statis-
tics as the primary quantitative method to characterize feedback patterns and
perceived quality changes. We calculated means and standard deviations for
pre- and post-survey responses across the nine quality dimensions, examining
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directional trends rather than conducting formal hypothesis testing. This app-
roach is consistent with mixed-methods research where qualitative ndings pro-
vide primary insights and quantitative data oers supporting context [9]. All
11 streamers completed both surveys with no missing data. For viewer chatbot
data, we required greater than 10 total messages (viewer + chatbot combined)
for inclusion, ensuring meaningful engagement beyond supercial interactions.
This threshold was determined through pilot testing to lter out sessions with
only single-word responses. Chatbot engagement metrics tracked unique par-
ticipants, message counts, drop-o rates, and completion rates to characterize
system usage patterns.

3. 5 Q ua li ta ti ve C o d in g an d T he m at ic  A na ly si s 

Interviews were recorded and then transcribed using Otter.ai. The rst author
cleaned typographical errors and mistranscriptions in all transcripts before stor-
ing them for analysis. Three members of the research group were involved in the
qualitative coding process described below.

The team employed a grounded theory approach to qualitative coding [5].
The process began with a collaborative coding session on one interview tran-
script, which facilitated the emergence of initial themes and informed the devel-
opment of a preliminary codebook. Each coder was then assigned three addi-
tional interviews to independently code. At subsequent meetings, the team dis-
cussed discrepancies and updated the codebook to reect emerging themes and
renements. This iterative process continued until the nal codebook was estab-
lished and all interview transcripts were fully coded. To assess consistency across
coders, we calculated inter-rater reliability using Fleiss’s Kappa, achieving a
score of 0.855, indicating near-perfect agreement.

The nal codebook organized eight codes into three themes. The rst theme
encompassed Ease of Use and Platform and Technical Considerations, captur-
ing participants’ experiences with tool functionality and constraints. The second
included Feedback Characteristics, Newcomer Perspectives, and Newcomer vs.
Community Feedback, addressing perceptions of feedback quality and source
dierences. The third comprised Feature Desires, Tool Integration, and Viewer-
Centered Improvements, reecting how streamers adopted the tool and envi-
sioned enhancements.

These categories informed the thematic organization of the qualitative nd-
ings presented in Sect. 5.

4 Quantitative Findings: Viewer and Tool Engagement 

4. 1 Su rvey  Fi nd in gs  

The survey results reveal diverse patterns in feedback frequency and sources
for live streamers. Regarding frequency, a majority of respondents (7 out of
11) reported that they “rarely receive feedback when I stream,” while a smaller
group (4 out of 11) stated they “receive feedback most of the time when I stream.”
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Feedback sources varied, with viewers being the most common, cited by 10 of 11
participants. Analytics tools, such as built-in Twitch analytics, were the second
most common source, mentioned by 7 respondents.

The content of feedback ranged from specic suggestions to general improve-
ments. Several streamers reported viewers suggesting games to play, with one
mentioning, “I have received suggestions for games to play” (p1). Another
streamer received advice to expand their content “and expand to Youtube at
least for short form videos” (p2). Stream improvements were also common, with
one participant noting a “viewer recently asked if [they] could add certain rewards
for viewers/chat experience” (p4).

C om pa rin g Fee db ack Q ua lity:  Pr e vs . Pos t-S tr ea m fe ed . To understand
how Streamfeed-generated feedback compared to streamers’ typical feedback
sources, we examined changes in perceived quality across nine dimensions. As
shown in Fig. 3, average scores improved across all assessed categories when rat-
ing Streamfeed feedback compared to baseline feedback sources. The largest
improvements were observed in “provides clear steps for improving streams”
(baseline M=3.00, SD=1.18; Streamfeed M=4.45, SD=0.52; dierence=+1.45)
and “helps me improve with my community” (baseline M=3.55, SD=1.04;
Streamfeed M=4.64, SD=0.50; dierence=+1.09). More modest improvements
appeared in dimensions like “is actionable” (dierence=+0.55) and “well-timed
and relevant to my needs” (dierence=+0.64).

While our small sample size (n=11) limits generalizability, these descrip-
tive patterns suggest that streamers perceived Streamfeed-generated feedback as
notably more structured, clear, and actionable compared to their typical feed-
back sources. These quantitative trends align with qualitative interview data
(Sect. 5), where streamers explicitly valued the tool’s categorization, specicity,
and constructive framing.

4. 2 V iewer  an d C ha tb ot  En ga ge m ent M et ri cs  

The study included 11 streamers and 161 viewers. Viewer engagement with the
chatbot (Table 3 varied across streams, ranging from 5 to 26 active participants
per stream. To measure sustained engagement, we ltered for meaningful inter-
actions by excluding conversations with fewer than 10 total messages (combined
from both viewers and the chatbot). Analysis revealed 25 viewer drop-os across
all 11 streamer sessions, with a total of 89 message drop-os observed throughout
the study.
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Table 3. Chatbot Engagement Statistics

PID Viewer Engagement Metrics Message Activity Metrics
Original Count Filtered Count Drop-Os Original Count Filtered Count Drop-Os

p1 7 5 2 80 72 8
p2 22 21 1 390 385 15
p3 5 5 0 84 84 0
p4 5 5 0 56 56 0
p5 20 16 4 242 228 14
p6 22 15 7 230 216 14
p7 6 5 1 60 56 4
p8 23 23 0 330 330 0
p9 26 19 7 425 401 24
p10 19 14 2 210 200 10
p11 6 6 0 110 110 0

5 Streamer Reflections on Streamfeed 

5. 1 Per ce ived  Val ue  of  St re am fe ed  

Streamfeed was widely perceived as highly accessible and user-friendly by both
streamers and viewers. During the onboarding process, the researcher guided
streamers through the initial setup, which included screen sharing, entering a
preferred display name, and accessing their personal dashboard and chatbot
link for viewer engagement. While streamers did not complete the setup inde-
pendently, they found navigating the dashboard and sharing relevant links to
be straightforward and uncomplicated. Participants consistently emphasized the
simplicity of the process. As one streamer explained, “I think it was very simple
because people didn’t have to do anything, like, there’s no sign up required,
so you can directly, just put what you think. . . So there’s no sign up, you can
be there anonymously and just tell what you think” (p9). A viewer echoed this
sentiment, noting, “Like, it’s very easy to kind of interact with. It’s like, I feel
like it’s in a format where people intuitively know how to use it” (p8). Overall,
the lack of required registration and the intuitive design were identied as key
factors contributing to Streamfeed’s ease of use for both streamers and viewers.

5. 2 Inte gr at io n Into  St re am er  P ra ct ice s 

Streamers used various methods to share the Streamfeed link and encourage
participation, integrating it into Discord servers,“It was mainly on my stream.
I did put in my Discord as well” (p9), and pinning it in chat: “I also pinned
it in my chat. So it was always on top of the chat that, like, if you want to
provide feedback, here it is” (p1). Some created custom commands or automated
reminders: “I kind of made a command in my stream title, and was actually
like having some time to encourage people to do it” (p6), while another used
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NightBot to periodically remind viewers about the feedback opportunity (p5).
Streamers also encouraged feedback verbally, “And then throughout the stream,
I would just ask people if they had time, and they felt like they’re up to it,
if they would mind leaving some feedback. Good and bad” (p2), or prompted
individuals directly: “I just, like, urged individual viewers, like, hey, ll out the
entire... ll out the stream feed link thing” (p3).Some placed the link in panels
below their streams ensuring persistent accessibility through these combined
strategies of Discord integration, chat features, verbal encouragement, and panel
placement. This range of adoption strategies suggests the tool accommodated
dierent streaming styles and community sizes without requiring major workow
disruption.

5. 3 N ovel ty an d C on st ru ct iven es s of Fee db ack 

The tool enabled streamers to receive novel insights they had never considered
and armations of ideas they had contemplated but not acted on, with one
noting: “I liked the feedback. I think there was some actually really insightful
feedback in there. It was just kind of highlighting what I’d already kind of self-
assessed. But I do think a streamer that isn’t as self-aware, it can be very valu-
able” (p8). The feedback was actionable, several streamers implemented sugges-
tions between onboarding and evaluation, such as one who started raiding other
streams after receiving that feedback: “that is easily xable. And I just started
doing that and implementing that” (p5) though not all feedback was adopted
due to required labor, with one resisting Discord and schedule requests: “I could,
technically, because they asked me to make a Discord server and to have a stream
schedule. I’m like, No, I’m not doing that” (p3). Streamers appreciated the struc-
tured interface with categorization, concise summaries, and direct quotes that
lent credibility and specicity. The anonymous nature enabled honesty: “I think
people were honest there. So I think I like that. Because usually people are a
little bit like, too damn scared if they want to say something” (p9), with another
adding: “Some people aren’t going to just outright say what they would like to
see, so I think this provides some anonymity for them to be able to give feedback
without feeling like they’re going to be targeted” (p5).

5. 4 R ea ct io ns  to  Ne wco m er  Fee db ack 

Streamers’ responses to newcomer feedback varied, balancing appreciation for
fresh perspectives with skepticism about contextual understanding. Many found
newcomer feedback brought critical observations existing community members
might overlook: “It’s interesting to see their aspect of things, since they haven’t
been around. . . they’re not necessarily familiar with how the stream goes. So it
is interesting to see from a fresh person’s aspect of things” (p5). However, this
freshness came with limitations, streamers raised concerns about engagement
depth and validity: “I would be interested to know how much engagement in
chat they did” (p5), with some deprioritizing newcomer input: “It’s informative,
it’s not useless, but it’s not going to inuence what my next stream is” (p8),
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noting “The community is a little bit more specic. . . because they don’t know
me, obviously they don’t have context, they’re just making an impression” (p8).
Language and cultural barriers further limited usefulness in some cases, as one
Spanish-speaking streamer noted that non-Spanish-speaking newcomers faced
disconnects: “It was kind of awkward. . . that would be a big barrier for them to
overcome the content and just actually enjoy it” (p6). In such cases, newcomer
feedback risked misinterpreting intentional creative choices as errors.

Despite these reservations, streamers recognized that both feedback sources
served distinct purposes: “I give value to both groups kind of the same way,
because you want newcomers, of course, but you also want to nurture the com-
munity you have. So those two are very, very valuable for me” (p4). The challenge
was not determining which source was “better,” but rather understanding when
each type of feedback was most relevant. Newcomer feedback proved valuable for
growth-oriented questions (e.g., “How can I attract new viewers?”), while com-
munity feedback better addressed retention and deepening engagement (e.g.,
“How can I better serve my existing audience?”).

6 Discussion 

Current feedback systems for live streamers prioritize analytics and numeric met-
rics or oer raw comment streams with minimal structure. Our ndings suggest
feedback systems should be reconceptualized as sociotechnical tools that scaold
streamers’ reection, community engagement, and long-term development.

6. 1 D es ig n Ten sio ns : St ru ct ur e,  Co nte xt , an d A no nym ity 

Streamfeed’s structured categorization into content production, community
management, and marketing strategy proved valuable, streamers could quickly
identify relevant insights and the “strengths and improvements” framework pro-
vided both validation and direction. The conversational chatbot format success-
fully elicited more substantive feedback than typical chat interactions, aligning
with prior work showing that scaolding produces more actionable feedback [22].

However, participants desired greater control over feedback organization
and presentation. Streamers sought more granular customization options and
content-specic subcategories beyond the three broad categories. This reects
ndings that Twitch streamers frequently seek or build unique tools when plat-
forms fall short [19], and echoes Ackerman’s argument that rigid technical sys-
tems fail to accommodate users’ evolving practices [2]. Since streamers simul-
taneously act as entertainers, community leaders, and strategists, giving them
control over feedback mechanisms increases ownership and trust.

A critical tension emerged around anonymity. Anonymous feedback encour-
aged candor, as one streamer noted, “I think people were honest there. So I think
I like that. Because usually people are a little bit like, too damn scared if they
want to say something” (p9). Anonymity proved valuable given power dynamics
where viewers may avoid honest criticism. However, anonymity also removed
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crucial interpretive context. Streamers wanted temporal and situational details:
“I would be interested to know how much engagement in chat they did” (p5).
This suggests feedback systems should oer graduated transparency, allowing
viewers to choose identication levels while automatically capturing contextual
metadata (timestamp, activity, stream segment) that helps streamers interpret
feedback without compromising viewer comfort.

6. 2 C om mun ity D yn am ics : Ne wco m er s,  No rm s an d A I M ed ia tio n 

Our comparison of newcomer versus community member feedback exposed a
fundamental challenge in online communities: integrating new voices while pre-
serving established culture [17]. Streamers valued fresh perspectives from new-
comers, “It’s interesting to see their aspect of things, since they haven’t been
around” (p5), particularly for identifying accessibility barriers or onboarding
friction. However, this freshness came with limitations. Streamers questioned
whether newcomers engaged deeply enough to provide informed feedback, with
some explicitly deprioritizing newcomer input: “It’s informative, it’s not useless,
but it’s not going to inuence what my next stream is” (p8).

Cultural and language barriers further complicated matters. One Spanish-
speaking streamer noted that non-Spanish-speaking newcomers faced fundamen-
tal disconnects: “It was kind of awkward... that would be a big barrier for them
to overcome the content and just actually enjoy it” (p6). In such cases, new-
comer feedback risked misinterpreting intentional creative choices as errors. Well-
intentioned suggestions (like changing format or game) sometimes disregarded
practices that veteran viewers valued, echoing Kraut and Resnick’s observation
that newcomers “in their ignorance, may act in ways that oend other group
members or undercut the smooth functioning of the group” [17].

Despite these reservations, streamers recognized both feedback sources served
distinct purposes: “I give value to both groups kind of the same way, because
you want newcomers, of course, but you also want to nurture the community you
have” (p4). This suggests feedback systems should explicitly distinguish source
and allow dierential weighting, newcomer feedback proves valuable for growth-
oriented questions while community feedback better addresses retention. Beyond
source dynamics, streamers’ comfort with the chatbot revealed expanded roles for
AI in streaming communities. Rather than viewing the feedback system merely
as a technical utility, participants treated the bot as a legitimate community
participant facilitating dialogue, extending prior work positioning bots as social
actors [23]. This suggests AI agents can mediate constructive feedback processes
when designed for social compatibility rather than just eciency.

6. 3 R ec on ce pt u ali zin g Fee db ack as  Re la ti on al  In fr as tu rc ut re  

This work extends prior conceptualizations of online feedback by reframing it as
relational infrastructure, socially negotiated processes tightly coupled to iden-
tity work and community maintenance, rather than static information trans-
fer oriented around performance metrics. By embedding feedback solicitation
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into live streams and using conversational AI to structure input, Streamfeed
enabled a participatory model that shifted control from platform-centric metrics
to community-grounded dialogue. Feedback became material for reection and
relationship-building: streamers used it to validate creative choices, understand
audience perspectives, and make decisions honoring both personal vision and
community desires.

Our ndings highlight substantial interpretive labor streamers perform to
make feedback meaningful. Comments lacking contextual detail were dicult
to act upon; streamers needed to triangulate multiple sources, assess credibil-
ity based on familiarity, and weigh suggestions against their creative vision and
resource constraints. This interpretive labor is invisible in most discussions of
creator analytics but represents a signicant component of content creation work.
Feedback systems must account for this by providing context-rich data and sup-
porting sensemaking, not just aggregating comments.

The distinction between newcomer and community feedback revealed that
feedback is ltered through social position, relational history, and mutual under-
standing. Long-time community members provided feedback grounded in shared
context and trust developed over time; newcomers oered valuable outsider
perspectives but lacked this relational foundation. We argue that feedback in
creator-audience contexts should be understood as relational infrastructure, the
sociotechnical scaolding supporting creators’ navigation of identity, labor, and
growth in public digital spaces. Future feedback systems in online communities
should reect this complexity through nuance, context-awareness, and support
for the interpretive practices that make feedback meaningful.

7 Future Work and Limitations 

Our work could be expanded to other creative domains such as art live streams,
educational content, and more. Additionally, scaling the system to accommo-
date larger communities would enable broader insights and a more robust eval-
uation. Improving integration with host platforms could also improve engage-
ment, as asking users to go to an external site may hinder engagement. Finally,
a longitudinal study could provide additional insights on how the tool aects
creator-audience dynamics over time, including changes in engagement and con-
tent development.

We acknowledge the limitations of this work such as its limited scope, focus-
ing on a single platform, Twitch. Other live streaming platforms like Youtube or
TikTok have distinct interaction models that would require additional analyses.
From a technical standpoint, the current implementation faces challenges com-
mon to language models, such as potential hallucinations or rigid adherence to
prompt templates [12]. These issues may aect quality and relevance of the sum-
maries and future iterations should address such limitations through ne-tuning
the model or using human-in-the-loop mechanisms [25].
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