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Abstract
Producing and consuming live-streamed content is a growing trend attracting many
people today. While the actual content that is streamed is diverse, one especially pop-
ular context is games. Streamers of gaming content broadcast how they play digital or
analog games, attracting several thousand viewers at once. Previous scientificwork has
revealed that different motivations drive people to become viewers, which apparently
impacts how they interact with the offered features and which streamers’ behaviors
they appreciate. In this paper, we wanted to understand whether viewers’ motiva-
tions can be formulated as viewer types and systematically measured. We present an
exploratory factor analysis (followed by a validation study) with which we developed
a 25-item questionnaire assessing five different viewer types. In addition, we analyzed
the predictive validity of the viewer types for existing and potential live stream fea-
tures. We were able to show that a relationship between the assessed viewer type and
preferences for streamers’ behaviors and features in a stream exists, which can guide
fellow researchers and streamers to understand viewers better and potentially provide
more suitable experiences.
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1 Introduction

In recent years, people have become interested in creating user-generated video con-
tent and uploading it to platforms such as YouTube or Vimeo, making it accessible to
the world (Van Dijck 2009). This has allowed other people to consume user-generated
video content whenever they wanted, but interaction options were initially limited and
restricted to asynchronous forms (e.g., posting comments below the video). With the
increased availability of faster and higher Internet bandwidth, more and more user-
generated video platforms also allowed for live-streaming of user-generated content
and, in parallel, also provided synchronous forms of interaction between content cre-
ators (“streamers”) and viewers, such as a live chat or interactive polls (Lessel et al.
2017a).

Today, the range of content that is live-streamed is broad: streamers show how
they cook, dance or mix music (Shamma et al. 2009), or how they experience events
(Haimson and Tang 2017); they talk about their personal lives (Ko and Wu 2017), or
show themselves programming (Haaranen 2017) or playing analog or digital games
(Hamilton et al. 2014; Smith et al. 2013). The latter is a particularly successful form of
live-streaming as it has a large streamer and viewer base today with streams attracting
10,000 or more viewers in parallel (Deng et al. 2015). Twitch.tv1 is one of the major
platforms for game live-streams. In 2021, according to the Twitch Tracker page,2

Twitch had 1460 billion min of watched content, 8.5 million monthly streamers and
more than 2.7 million average concurrent viewers.

A common characteristic of live-streams is that viewers usually have access to a
real-time chat in which they can communicate with each other, but this also serves
as a direct communication channel to the streamer (Smith et al. 2013). Streamers
are usually open to acknowledging their audience and can either respond in the chat,
or, more commonly, directly through the video stream. This is a form of audience
participation and audience integration, as through this, viewers can have an impact on
how the stream proceeds (Lessel et al. 2017a). Through built-in interaction features
in the streaming platforms, third-party options and the creativity of streamers the
range of integrative and interactive options that can be and are offered to viewers is
large (Lessel et al. 2018): from simple overlays showing the name of the background
music currently playing or who has subscribed to the channel, to polls that allow
viewers to decide on the course of the stream (e.g., which game should be played
next), to participation options in which viewers can directly impact game mechanics
of the game the streamer is playing.

Various works, as we will detail in the related work section, have started to investi-
gate individual motivations for viewers to watch or participate in such experiences and
for streamers to stream. The results indicate that there are individual differences on
both sides, and for viewers, these differences appear to also impact whether and how
they use the offered features and whether they like the behaviors streamers exhibit.

In this work, we focused on this viewers’ side only, with the aim to get more
insights into whether there are potential classes viewers could be partitioned into and

1 www.twitch.tv, last accessed: 02/04/2022.
2 https://twitchtracker.com/statistics, last accessed: 02/04/2022.
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how these could be assessed. This was inspired by the efforts currently being made
in the games and gamefulness domain, in which user/player types are also derived to
better understand individual preferences and behaviors as a complement or alternative
to personality traits such as the Big Five (Raad and Perugini 2002). Besides knowledge
of which classifications are possible, assessment options such as questionnaires are
also created to assess these, e.g., Tondello et al. (2018a). If viewer types could be
assessed in a similar fashion, these classes would help streamers to understand their
audience better and provide a more suitable experience for them (e.g., they could
answer questions such as “would this new feature be accepted by the majority of my
viewers?” a priori), but would also allow researchers to understand specific effects
in their experiments in the case that most participants would fall into one class. In
addition, similar to the efforts made in, for example, the gamefulness domain, viewer
types would also allow for conceptualizing, designing and investigating individualized
experiences (e.g., Altmeyer et al. 2019; Orji et al. 2018): if the viewer type of an
individual is known, novel streaming platforms could adapt, for example, the video
overlays used to those that appear reasonable only for this viewer type, thereby opening
up a large new design space.

Based on this motivation, we established three goals that build on each other and
that we have pursued in this paper:

G1 Assessing whether viewer types exist.
G2 Developing a questionnaire to assess viewer types, if they exist.
G3 Relating viewer types to features used and streamers’ behaviors exhibited in live-

streams.

While these goals could be applied to all live-streaming contexts, we focused on
game streaming in particular, as its popularity and range of features and behaviors
used (Lessel et al. 2018) offer a rich set of options for potential follow-up person-
alization. In the next section, we will illustrate the related research in the context of
this work to motivate our investigation overall and discuss the already available indi-
cations that viewer types likely exist (G1). This is followed by a description of how
an initial set of questionnaire items was derived and the presentation of results of an
Exploratory Factor Analysis (EFA).Wewere able to derive different classes (G1), with
five items per class that could be used to assess these (G2). Subsequently, results of
a Confirmatory Factor Analysis (CFA) are presented that validated the questionnaire
(G2). Finally, we present results showing how the established viewer types relate to
behavior and features in game live-streams (G3). We end the paper with a discus-
sion of how our contributions (i.e., the identified viewer types as well as the 25-item
questionnaire) can be used practically.

2 Related work

While most work in this section is from the game live-streaming domain, we do not
restrict ourselves only to this context, to present a more holistic view. Structurally,
first, we will provide research that highlights the importance of interactivity, and
forms thereof. Afterward, work is presented that highlights individual differences and
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motivations for why streamers stream and viewers consume this content. Finally, we
discuss other approaches, not restricted to the domain of live-streams that aim at
classifying users, as well as the advantages of doing so.

2.1 The role of interactivity

Offering interactivity was shown to be important across live-streaming contexts. Tang
et al. (2016) investigated mobile streaming apps, and many of the activities that were
found to happen there had an interactive nature between streamer and viewers. Hu et al.
(2017) also highlighted how important such interactivity is, as audience participation
options help to enhance the feeling of belonging to the group.Haimson andTang (2017)
focused on live-streamed events broadcast on Facebook, Periscope and Snapchat and
also found that interaction is one of the key components to make remote viewing
engaging. Even here, streamers are inclined not only to respond to chat comments but
also to allow their viewers to alter how the stream proceeds: aspects that we also see
in game streams (Lessel et al. 2018). As Li et al. (2020) found, interaction in live-
streams is a social activity as well. Watching gaming in general is a key component of
play, be it co-located or distributed (Smith et al. 2013) and Tekin and Reeves (2017)
also pinpoint (in the context of co-located play) that spectating is more than someone
watching others playing games, as spectators start to interact, for example through
reflecting on the past play or wanting to coach the player, which again can be seen as
form of interaction.

Overall, these aspects highlight that interactivity is important and inherent to the
live-streaming experience. Works such as Lessel et al. (2018) show that the forms of
interactivity can be seen as broad, and already start with streamers simply answering
viewer questions or acknowledging the presence of viewers. Given the importance of
interactivity, the broad range of options to realize interactive features and integrative
behavior, and works such as Flores-Saviaga et al. (2019) and Deng et al. (2015)
showing that there are highly frequented streams with thousands or ten thousands of
viewers at the same time, it seems obvious that individual differences in preferences
and perception of the available options should be understood and potentially accounted
for. Investigating viewer types can contribute to this.

2.2 Understanding and enhancing interactivity in live-streams

For this section, we cluster research in respect to interactivity into “understanding (and
improving) individual interactive features,” “investigating new streaming platforms,”
and “investigating new interactive content.”

Research done in the first cluster either analyzes features currently in use, investi-
gates how these can be improved or altered with new content, or provides and studies
novel elements. We will give an example for every aspect.

Muchwork has been done to understand how the text chat, themain communication
channel in live-streams between viewers and streamers (Lessel et al. 2017b), is used.
Works such as Hamilton et al. (2014), Olejniczak (2015), Musabirov et al. (2018a, b)
and Ford et al. (2017) investigated how it is used and how it changes in relation to
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the number of viewers: Hamilton et al. (2014) found that chats with more than 150
viewers are hard to maintain; this is compared to the roar of a crowd in a stadium,
dramatically changing the interaction options as well as the possible communications
between streamer and viewer. Follow-up work (Musabirov et al. 2018a, b) compared
the situation to a sports bar, where communication is still possible and viewers could
switch between roaring and talking. Ford et al. (2017) names the communication
“crowdspeak”; communication that seems chaotic and meaningless, but still makes
sense to participants and makes massive chats legible and compelling. Olejniczak
(2015) analyzed chatmessages of different-sized channels (1k, 10k, 50k, 150kviewers)
and found that the nature of the chat changes, for example,messages are visible longest
in the 1k case, and emoticons are used most in the 150k case. These examples show
that contextual factors—here, the number of viewers in a channel—have a significant
impact on how an offered option—here the primary communication channel—is used.
Similar findings were reported by Flores-Saviaga et al. (2019).

As an example of how an identified drawback can be targeted, we want to high-
light the work of Miller et al. (2017). They suggested an approach to overcome the
information overload of the chat through the usage of conversational circles, in which
viewers of a live-stream are dynamically partitioned and only see messages of other
viewers in the same partition. Through a message upvoting mechanism, it is possi-
ble that messages from one partition are shown in others or even to all viewers. In a
user study, the authors found that viewers appreciate such an approach and that more
messages can be handled.

Another commonly used type of feature in streams is overlays, for example showing
the latest follower, or what kind of background music is currently playing, directly in
the video stream. In thework of Robinson et al. (2017), it was investigated howviewers
perceive receiving “internal” information about the streamer, i.e., their heart rate, skin
conductivity and emotions, presented in the form of such a video overlay. In their
study, this was found to impact the viewer engagement, enjoyment and connection to
the streamer positively, but was also distracting to a certain extent. While again the
context (e.g., the game situation being streamed) might have had an impact on this
perception, it might also be the case that such pieces of information are problematic
for certain viewer types; something that might be better understood if a classification
tool, as aimed for in this paper, were available.

An example of a new feature that is introduced can be seen in the prototype
Helpstone (Lessel et al. 2017b). With it, a specific round-based trading card game
(Hearthstone by Blizzard Entertainment) was in the focus, and the authors wanted
to investigate how communication channels could be improved. The streaming situ-
ation of this game is often characterized by viewers giving suggestions or hints for
the current game state; these become harder to process in larger channels (see above).
To mitigate this, we proposed, among other features, a direct interaction option in
which viewers can directly interact with the streamed video and give move sugges-
tions similarly as theywould carry outmoves in the game. These are then automatically
aggregated by the system and shown to the streamer directly in the game itself with
arrows and a number indicating how many viewers suggested this move. In a small
user study, we found that this direct interaction is appreciated by the streamer and
viewers. An interesting finding here was that while every viewer appeared to like this

123



422 P. Schuck et al.

feature, not everyone would actively use it: Viewers apparently can be partitioned into
two classes, i.e., active and passive viewers, hinting that there appear to be at least
two coarse-grained classes. Similarly, in a large-scale survey, Gros et al. (2018) found
that not all viewers want to be involved in a stream, giving further support for these
two classes. They also investigated factors having an impact on viewers’ involvement
desire, and were able to identify factors, such as age. This further supports the sup-
position that a viewer-type instrument could find other differences and subsequently
could serve as an additional factor to consider in such studies.

In the second cluster, works are characterized by adding fundamentally new options
to the streaming platform itself, or by the investigation of new platforms. Already in
2017, Twitch released a functionality called “TwitchExtensions”3 that allowed stream-
ers to build custom features that could directly be integrated into their channel and
allow viewers to interact with it. Besides the option to build such extensions from
scratch by coding them, extensions made by others could also be integrated into one’s
own streaming channel through amarketplace. This option increased the possible inter-
action and integration space, but at the same time also calls for systematic guidelines
on which possibilities are reasonable for viewers: something viewer types could help
with. With Rivulet, Hamilton et al. (2016) investigated how multiple streams coming
from different streamers, but, for example, from the same event, could be combined
to allow viewers to get a holistic view. The platform that they provided prominently
showcased one of the streams, with the other streams shown in smaller windows in
parallel, and with viewers being able to select which stream should be showcased. A
main chat combined the individual streams’ chats, and as additional features, push-
to-talk voice messages were possible, as well as heart emoticons, as a quick form
of feedback. A follow-up work by Tang et al. (2017) found that a multi-streaming
approach is highly dependent on its context when it comes to viewer interactions, as
well as the viewers themselves (voluntary viewers had a wider variation in, for exam-
ple, how long they watched, or had less interactions through the text chat compared to
viewers recruited via Amazon Mechanical Turk). Again, this indicated that different
motivations exist, and these can directly impact the interactions with the streams and
the offered interactions.

Research of the third cluster focuses on allowing viewers to directly impact the
underlying content that is streamed. In the context of games, this means allowing the
audience to impact how the game the streamer is playing proceeds, or giving (at least
some) viewers the option to directly participate in the game. Both of these aspects are
not only considered in research, but also done in typical streams today. For example,
streamers use polls to let viewers decide what they should play or do next, or offer
to play against some of them in multiplayer games (Lessel et al. 2018). Commercial
games like Choice Chamber4 even allow the audience to directly impact, through
periodical polls, what happens for the streamer in the game (e.g., which enemies
appear).

Also, a special form of streams without a streamer have appeared, in which the
audience alone controlled the game thatwas broadcasted. “Twitch Plays Pokémon” is a

3 https://tinyurl.com/y3gunm9y, last accessed: 02/04/2022.
4 http://www.choicechamber.com, last accessed: 02/04/2022.
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prominent representative of this experience: the game PokémonRedwas streamed and
the game’s avatar could be controlled by viewers through entering special commands
into the chat, without any form of moderation. At the peak, 121,000 people played the
game simultaneously5 and in the beginning, game commands entered were executed
automatically, leading to game situations that delayed progress for hours (e.g., because
the game’s avatar moved one step left and then right for hours). Nonetheless, the
game was completed by the audience in under 17 days. During the game, a plurality
voting mechanism was introduced, in which commands were aggregated and only
the command most often provided in a given time frame would be executed. This
voting mode was not always active: the viewers themselves decided (again through
voting) which command mode was active. Scientific work such as that of Ramirez
et al. (2014) analyzed the experience and found that viewers were not uniform and
perceived this experience differently: for example, some liked the chaos associated
with the execution of all entered commands, while others wanted the game to proceed
faster. As we will illustrate below, these differences might be explainable by player
types in games, but viewer types, if they exist, might have also had an effect. We
conducted two case studies in this third cluster (Lessel et al. 2017a). In the first study,
they investigated a popular tabletop roleplaying stream and analyzed what kind of
options the streamers provide their audience to let them impact what happens. In the
second study, they also investigated a “Twitch Plays Pokémon” setting in a laboratory
study with more features compared to the original run (e.g., more voting modes). In
both studies, the results highlight individual viewer differences, as, for example, not
every viewer participated in the polls (first study), and some viewers focused on social
actions instead of game-related actions (second study).

In sum, although it was not their actual research focus, research on interactivity
already provided indications that viewers behave differently, thusmaking it reasonable
to assume that viewer types could be identified and measured, supporting this line of
research further.

2.3 Motivation and individual differences in live-streams

In this section, we will focus on research that aims to understand the viewer’s moti-
vations in the context of game streams.

Wohn and Freeman (2020) conducted qualitative interviews with streamers (with
varying channel sizes) and with an interest in how they perceive their audience. It
became clear that streamers can identify different classes of viewers, such as viewers
who feel they are part of the family, or who are fans, trolls or lurkers. To identify
their audience, they actively probed by asking questions and remembering certain
viewers over the course of the stream. Cheung and Huang (2011) focused on the
popular real-time strategy game Starcraft (by Blizzard Entertainment). By analyzing
online sources of viewers who shared their story of spectating the game, they identified
nine different personas, ranging from ones like The Uninformed Bystander (a person
who is merely watching by coincidence and does not know anything about the game
he or she watches), to The Pupil (a person who watches to understand and learn

5 https://tinyurl.com/y2bl725o, last accessed: 02/04/2022.
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the game better) to the The Assistant (a person who wants to help the player). The
authors highlighted that a spectator can have multiple personas at once. While this
investigation was not strictly bound to interactive live-streaming, it already indicates,
with the nine personas, that different preferences and motivations apparently exist,
although it did not provide a way to measure these specifically. We conducted an
online questionnaire for viewers of game live-streams and let them rate a broad range
of features and streamers’ behaviors in the context of these streams (Lessel et al.
2018). It became obvious that many elements were only perceived well by subsets of
participants, again indicating individual differences. Based on the personas identified
by Cheung and Huang, statements (one per persona) were presented through which
participants were to indicate their motivations for why they watch live-streams. The
answers to these statements were set in relation to the element ratings, and it was found
that the absence or presence of a certain motivation has an impact on the ratings.
We stated that more work should be invested in the derivation of viewer types, as
our approach only revealed that there are individual differences with an impact on
the perception of elements. Another classification was presented by Seering et al.
(2017). The authors investigated their own audience participation games (games like
the mentioned Choice Chamber) and from post-session survey data, they derived
archetypes: Helpers (who want to help the streamer to reach his/her outcome), Power
Seekers (whowant to have impact on the game, regardless ofwhether it helps or hinders
the streamer), Collaborators (who want to collaborate with other viewers and with the
streamer, regardless of the outcome), Solipsists (who focus on obtaining personal
benefits, e.g., learning or meeting new people) and Trolls (who want to hinder the
streamer). While it is again interesting to see different behaviors, no direct options to
assess these archetypes were provided. Yu et al. (2020), on the other hand, investigated
whether there are relationships or trends between the perception of features enabling
interaction with streamers and Hexad user types (which were originally developed
to explain user behavior in gamified settings by Tondello et al. (2016)). The authors
conducted an online survey with 50 participants, in which the Hexad user type was
assessed, aswell as preferences regarding eight different interactive features frequently
used in game live-streams. Their results show that there are certain relationships, such
as Socializers preferring affiliation features and chat input.While this is valuable work
for identifying individual differences together with a way to assess them, in contrast
to Yu et al. (2020), we argue that the experience of consuming game live-streams is
very different from directly interacting with a gameful system (which is the scope of
the Hexad model used). Consequently, to explain preferences for game live-stream
features, a specialized viewer-type questionnaire seems worthwhile, instead of using
a model developed for gamified applications.

In another line of work, motivations of viewers were focused directly. The work of
Wohn et al. (2018) is an example that aimed to understand why viewers donate money
to a streamer. They found different motivations for this, such as the goal to improve
the content, or to pay for the entertainment value. Sjöblom and Hamari (2017) wanted
to understand why people become viewers of game streams and whether it could be
predicted how much people will watch, and how many streamers they will follow and
subscribe to. They found positive relationships between motivations from the uses and
gratification perspective and the aforementioned variables.Kordyaka et al. (2020)were
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also interested in finding technological and social variables that would best describe
motivations of users for consuming game live-streams using the Affective Disposition
Theory and the Uses and Gratification Theory, based on an online questionnaire in
which participants were asked to provide answers to questions in relation to, for
example, their consumption behavior. They propose a unified model, in which the
perception of identification with and liking of a streamer and interactivity predict how
much a stream is consumed, with interactivity as the most important predictor. While
the latter part is in line with the work presented above, the paper does not discuss
individual differences, something that we aim for with the viewer types. Gros et al.
(2017) also used a questionnaire approach to find out themotivations for why Twitch is
consumed (in the main categories entertainment, socialization and information), with
statements relating to entertainment receiving the highest values. The authors also
found differences in answers to statements relating to socialization aspects, depending
on whether users had already donated to the streamer or not; i.e., those that have a
stronger social motivation are more likely to donate, further highlighting individual
differences and the existence of a relationship between motivation and actual viewers’
actions. Sjöblom et al. (2017) also investigated contextual factors (e.g., which games
are played andwhich presentation form is used) and here also found a strong impact, in
that “particular stream types and game genres serve to gratify specific needs of users”,
as well as individual differences depending on the form of gratification sought (e.g.,
social and personal integration vs. seeking tension release). Hilvert-Bruce et al. (2018)
also wanted to understand why viewers engage (such as by subscribing or donating) in
live-streams. They found that six of eight motivations (such as sense of community or
the desire tomeet new people) indeed influence thewillingness to engage, and also that
the channel size (as a contextual factor) has an impact. Seering et al. (2020) analyzed
183 million messages from Twitch streams and found differences in the behavior of
first-time participants vs. regulars (e.g., the former write shorter messages, ask more
questions and would engage less broadly with others of the community). In addition,
some indications were found that the context also has an impact on the subsequent
behavior of the former (e.g., whether moderators had interacted before). While giving
further examples of contextual differences, this paper also shows that individual factors
that are less persistent (here: amount of stream content consumed in the past) compared
to viewer types or personality (which is assumed to change more slowly over time:
see Roberts et al. (2006)), might also have an impact on how viewers behave, and are
thus another factor to be considered when viewer behavior should be understood.

All these works show existing relationships between motivational structures that
impact the viewers’ behavior on the level of, for example, how long they watch a
stream. Additionally, some classifications were suggested that were derived through
various means. However, a systematic way to assess viewer classes specifically has
yet not been provided, to our knowledge. In this work, we not only want to shed light
on which viewer types exist, but also how to measure these, and whether we can use
them to explain differences in the perceptions of features or streamers’ behaviors.
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2.4 User-type classifications in game-related contexts

Understanding how and why users interact with games and gameful systems is consid-
ered fundamental to improving the users’ experience (Tondello et al. 2019; Hamari and
Tuunanen 2014). Consequently, substantial efforts have been made to categorize users
into certain types—based either on their motivations and needs or on how they behave
in games and gameful systems (Hamari and Tuunanen 2014). We will elaborate on
these approaches briefly to showhow these classificationswere derived.One of the first
attempts to classify players inMulti-User Dungeons (“MUD”) was proposed by Bartle
(1996). The typology was established by analyzing bulletin-board postings referring
to a question asking what players want out of a MUD. As a result, two dimensions
arose—action vs. interaction, player orientation vs. world orientation—along which
playing can be categorized. Within these dimensions, four player types were estab-
lished: Achievers, Explorers, Killers and Socializers. When it comes to assessing and
using these player types practically, numerous issues have been identified (Bateman
et al. 2011). One criticism is related to the fact that the typology is based on motiva-
tions and preferences ofMUD players, which limits its generalizability to other games
or gameful settings (Bateman et al. 2011). Also, the player typology has never been
empirically validated, which poses a severe threat to using it for scientific purposes
(Bateman et al. 2011; Busch et al. 2016). To tackle this issue, Yee (2002) conducted
empirical studies about player motivations. These were based on Bartle’s player types,
i.e., Yee brainstormed potential motivations of players guided by the work of Bartle,
and came up with statements to rate them. Yee used factor analysis to validate five
motivational factors in this first article (Yee 2002). In follow-up works, Yee (2007)
empirically derived threemain factorswhichmotivate players of online games, namely
Achievement, Social Factors and Immersion. Although these empirical studies allow
one to assess the motivations of online players reliably, the limited focus on MUDs
and thus the lack of generalizability still persists (Busch et al. 2016). Instead of relying
on motivations of players, the BrainHex (Nacke et al. 2014) model is based on a series
of demographic game design studies and neurobiological research. It presents seven
player types, such as the Seeker (motivated by curiosity) or Daredevil (motivated by
excitement). In a survey with more than 50,000 participants, Brain Hex archetypes
were assessed using textual descriptions that the authors created. However, an instru-
ment to assess BrainHex archetypes has never been validated, and other researchers
have demonstrated substantial flaws in the validity of the model (Busch et al. 2016;
Tondello et al. 2019). Therefore, the BrainHex scale cannot reliably be used to classify
player preferences.

In a more recent work, Tondello et al. (2018b) analyzed the dataset from the Brain-
Hex survey and found support for only three out of seven BrainHex archetypes: action
orientation (represented by the Conqueror and Daredevil archetypes), aesthetic ori-
entation (represented by the Socializer and Seeker archetypes) and goal orientation
(represented by the Mastermind, Achiever, and Survivor archetypes). Based on the
work by Yee (2002, 2007) and on the literature review by Hamari and Tuunanen
(2014), the authors suggested to add social orientation and immersion orientation as
additional factors. In a follow-upwork by Tondello et al. (2019), this five-factormodel,
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and a scale to assess the five factors, was empirically validated. To generate items for
each of the five proposed player traits, the researchers used a brainstorming approach,
after which eachmember of the research teamwrote several suggested items that could
be used to score someone on that trait. Afterward, the suggested items were discussed
and the best items were selected.

Instead of focusing on games, the Hexad user-types model targets gamification (as
already stated above). It was initially proposed by Marczewski (2015). In contrast to
previous models, which are mostly based on empirical studies and observations, the
Hexad model is based on Self Determination Theory (“SDT”) (Ryan and Deci 2000).
TheHexadmodel consists of six user types, which differ in the degree towhich they are
driven by their needs for autonomy, competence, purpose and relatedness, as defined
by SDT. For example, Philanthropists are socially minded; they share knowledge with
others and are drivenbypurpose.Tondello et al. (2016) created a survey to assessHexad
user types. As a first step, an expert workshop with six experts was held to generate
a pool of items for each of the user types, which were agreed upon by discussions
(Tondello et al. 2016; Diamond et al. 2015). Next, the first version of the Hexad scale
was introduced and the instrument’s ability to explain user preferences for gameful
design elements was demonstrated (Tondello et al. 2016). More recently, the scale was
slightly adapted and its validity was empirically demonstrated (Tondello et al. 2018a).
Högberg et al. (2019) also contributed to the field of usermodeling in gamified systems
by proposing and validating a questionnaire to model and assess gameful experiences
of a gamified system. Like us, they followed an empirical approach, starting with a
pre-study to inform the item generation process, creating and refining items for the
questionnaire and validating it in a validation study.

To sum up, previous work shows that player or user typologies in the context of
games and gameful settings have been under investigation for more than 2 decades,
and this is still an active research field. While the aforementioned studies focused on
the player or user actively engaging and interacting with a game or gameful system,
we shift our focus to viewers or spectators of such games, to account for the increasing
popularity of game live-streams. We believe that—although the content of such live-
streams is also games—the experience of spectating someone else playing a game
is different from interacting with it directly. Therefore, we contribute a typology of
game live-stream viewers, which is based on an empirical study of their motivations
and preferences. While this sheds light on the needs and motivations of viewers, we
go a step further and contribute an instrument to assess viewer types and investigate
which features in game live-streams are particularly relevant for each viewer type,
mirroring to a certain extent the approach of Tondello et al. (2016).

3 Development of a viewer-type questionnaire

The previous section has already shown that classifications of viewers seem possible
and that different approaches could beused (e.g., providing features andobserving their
use (Lessel et al. 2017b), using theories to create a model and relate that to behaviors
(Sjöblom et al. 2017; Tondello et al. 2016) or collecting statements and analyzing
them (Cheung and Huang 2011)). Similar to Högberg et al. (2019), we decided to
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use an empirical approach, in our case by focusing on the reported interests of game
live-stream consumers. In the following, we present our item development process,
the study procedure, and the exploratory analysis results, as well as a discussion of
these.

3.1 Item development

For the item development, we started by reviewing existing data from game live-
stream audiences that we acquired in the context of game live-streams where more
than 400 participants rated 58 features, concepts and streamers’ behaviors in terms
of whether these would be interesting for them (see Lessel et al. (2018) for more
details on this past study). In accordance with the terminology of that work, we refer
to these features, concepts and streamers’ behaviors as “elements” from here on.
The idea was that if it was possible to group these elements statistically through a
principal components Exploratory Factor Analysis (EFA), the resulting clusters might
help distinguish conceptual directions of live-stream interest. While these clusters are
unlikely to match specific viewer types, we argue that they provide a good basis for a
conceptual item generation (i.e., potential questions for a viewer-type questionnaire).
According to Fabrigar and Wegener (2011), four prerequisites need to be fulfilled for
the results of an EFA to be reported and interpreted: All elements should correlate
by at least 0.3 but by no more than 0.9 with another element (1). The number of
participants (N) should exceed the number of elements (x) at least by a factor of three,
i.e., N > x × 3 (2). The Kaiser–Meyer–Olkin (KMO) value returns values between
0 and 1 (a rule of thumb: KMO values between 0.8 and 1 indicate the sampling is
adequate (Kaiser and Rice 1974)). KMO values less than 0.6 indicate the sampling is
not adequate (Kaiser and Rice 1974) (3) and the Bartlett test of sphericity should reach
significance (4). Seven elements needed to be eliminated because they did not correlate
by at least 0.3 with another element (1). Since data of 400 participants was gathered
for the remaining set of 51 elements, the minimum of 153 participants was exceeded,
i.e., 400 > 153 = 51 × 3 (2). The Kaiser–Meyer–Olkin (KMO) value reached .886,
indicating the sampling was adequate (3). Lastly, the Bartlett test reached significance
(χ2

Bartlett(1275) = 10049.65, p < .001) (4). Thus, all criteria of the EFA were met and
the analysis could be conducted.

Eight clusters resulted from this EFA on the elements (see “A.1” for the clusters,
elements and their loadings) with loadings of > .4 (substantial according to Stevens
(1996)), explaining 54% of the variance in the element answers. The criterion for
variance explanation through EFA is 60%, which this analysis did not meet (Hinkin
1998). However, keeping in mind that these clusters only served to inspire viewer item
generation and that a structure of the elements themselves was not of interest, this was
not an issue at this point. Next, three researchers developed items for each of these
clusters individually, and in the first discussion round theseweremerged, discussed and
refined accordingly. In this process, special attention was paid to potential similarities
between the individual elements from the previous study (Lessel et al. 2018) and the
newly generated items for this study to ensure that the latter focused on viewer’s
impressions of and attitudes toward elements, as opposed to describing the elements

123



Viewer types in game live streams: questionnaire... 429

themselves and resembling a rephrased copy of the former. After this first round,
another individual round of item generation and a second discussion round followed.
The resulting set consisted of 68 items (see Table 1).

3.2 Procedure

We intended to use a crowdsourcing platform to distribute the derived items, so we
set up an online questionnaire. Besides the items, it also contained questions on the
demographics of the participants and on their live-streaming consumption behavior.
The item order was randomized for every participant and partitioned into several pages
in the questionnaire so as not to overwhelm/demotivate participants with one long list.
Every item was to be answered on a 5-point scale with the labels Disagree, Somewhat
disagree, Neither agree nor disagree, Somewhat agree and Agree. Participants also
had the chance to select a sixth option to indicate that they had an issue with the
question, for example if they did not understand it. If this option was selected, a free
text field appeared in which they could state the issue more specifically. We included
four attention check questions to identify careless responses, in which participants
were asked to select a specific answer. These four questions were also randomly
presented amongst the 68 items. Additionally, we added a question to the end of the
questionnaire, in which we asked whether participants in their honest opinion thought
that their data should be used, and emphasized that the answer to this question had
no impact on the payment. This and the attention checks were shown to be helpful in
detecting careless responses (Meade and Craig 2012). In addition, the questionnaire
closed with a free text field to allow participants to comment on it.

Participants were recruited using Amazon Mechanical Turk and financially com-
pensated with $1.50 for participating in the on average 11-min study, to meet the
minimum wage suggestion of Salehi et al. (2015). Before this main study, we ran a
recruiting study to ensure that our main study would be distributed only to US based
actual consumers of game live-streams. The studywas approved by the Ethical Review
Board of the Department of Computer Science at Saarland University (No. 19-2-5).

3.3 Participants

Thirty-two out of the initial 248 participants were removed for failing at least one
attention check, while five participants indicated that we should not use their data.
The data of the remaining 211 US participants (gender: 66 females, 138 males, 2
gender variant, 5 preferred not to report; age: 18–24: 30x; 25–31: 85x; 32–38: 58x;
39–45: 19x; >45: 12x; 7 preferred not to report) were used subsequently. The age
distribution roughly resembles the age distribution of US video game players in 2021
(as of February 2021).6 Due to our recruiting study, all participants reported consuming
game live-streams, although to a varying degree: 9 viewers indicated that they watch
less than 1 h of game live-stream content per week, 73 watch 2 to 3 h, 76 watch 4 to
9 h, 36 watch 10 to 18 h, and 17 watch more than 18 h of game live-stream content

6 https://www.statista.com/statistics/189582/age-of-us-video-game-players-since-2010/, last accessed:
02/04/2022.
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Table 1 List of initial viewer-type items for analysis in the first study

No. Initial item

01 I like to be able to share my opinion on the stream in order to effect a change

02 I like to convince others in the stream of my ideas

03 I don’t like it when the streamer ignores the suggestions of the viewers

04 I like to make suggestions that are relevant to the stream

05 As a viewer, I like to actively influence the decisions of the streamer

06 I find that voting enriches the stream

07 As a viewer, I like to have influence on what is played

08 I like to put my own suggestions to a vote among all viewers

09 I find things that happen in the streamed game more interesting than communication with
other viewers

10 I find things that happen in the streamed game more interesting than communicating with the
streamer

11 I like to watch the stream undisturbed

12 I do not like to communicate with others in a stream

13 I don’t like to have influence over the stream, I just like to watch it

14 I like to watch the game the streamer is streaming without being distracted by other viewers

15 I don’t like the streamer to be distracted by other viewers

16 I don’t necessarily have to watch the stream live

17 I find the streamed game more important than the streamer

18 I like to collect rewards during the stream

19 I think that viewers who watch the stream a lot should have access to more features in the
stream

20 I would like to unlock achievements in the stream

21 In the stream I want to play together with the other viewers

22 I like to bet on the outcome of the game

23 I like it when the streamer plays with or against the viewers

24 I would like to rank highly in a viewer ranking list

25 I like playing mini-games alongside the stream

26 I like raffles the streamer runs

27 I am interested in the streamer him/herself

28 I like to be able to switch between different camera perspectives in the stream

29 I think its good if the streamer allows the viewer to share in his/her life

30 I believe that the streamer is the most important part of the stream

31 I am interested in the streamer’s reaction to events that happen in the game

32 I find it important to see the streamer him/herself during the stream

33 I am more interested in the streamer than in the other viewers

34 As a viewer, I find the streamer more important than the game being streamed

35 I can imagine donating money to streamers

36 I find it important that the streamer shows their gratitude for donations

37 I would like to be able to see which viewers financially support the streamer

38 After making a donation, I would like to be mentioned in the stream
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Table 1 continued

No. Initial item

39 I believe that viewers should support streamers whose content they particularly appreciate

40 I would like to financially support my favorite streamer

41 I financially support the streamer in order to help maintain good content quality in the stream

42 I donate money to the streamer to show my support for them

43 I am prepared to make an effort to enrich the stream

44 I would like streamers to show/use items (e.g., images, sounds, creations) sent in by viewers
in the stream

45 I would like social media messages to be shown in the stream

46 I would like the streamer to appreciate items (e.g., images, sounds, creations) sent in by their
viewers

47 I would like to be part of an engaged live-stream community

48 I like discussing topics that are relevant to me in the live chat

49 I try to ensure that certain rules are adhered to in the stream

50 I would like the streamer to participate in viewer discussions

51 I like to communicate with other viewers

52 I like to communicate with the streamer

53 I would like to give the streamer advice

54 I would like to be connected live to the stream (e.g., via voice/video chat)

55 I use streams to get to know other viewers

56 I like the fact there are other viewers in the streams

57 I like to chat about things that are not related to the stream

58 I like to chat about things that are related to the stream

59 I find it fun interacting with other viewers and the stream

60 I like big stream audience communities

61 I would like to change parts of the game being played during the stream

62 I would like to change what the streamer is showing in the stream

63 I find the stream much more interesting when the streamer can’t control what happens next

64 I like to know more about the current game situation than the streamer

65 I like to have influence on what happens in the game in order to support the streamer

66 I like to have influence on what happens in the game in order to impede the streamer

67 I prefer to have influence on what happens in the game rather than just watching

68 I would like to influence the streamer’s game setup, e.g., screen brightness or keyboard layout

per week. Most participants reported watching 1 or 2 streamers regularly (68x), or 3
to 4 (97x). 40 participants also indicated that they stream content themselves, with
29 participants having an average audience of less than 80 viewers and only three
participants having an average audience of at least 250 viewers.
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3.4 Exploratory factor analysis

We first report the results of the prerequisite checks for the principal components
Exploratory Factor Analysis (EFA), followed by the analysis. All analyses in this first
study were conducted using IBM SPSS Statistics, Version 25.0.

3.4.1 Prerequisites

Before we started looking into the viewer-type items, we first had to remove only
one item (“I like the fact that there are other viewers in the streams”, No. 56) for
being reported as unclear by one participant (see Sect. 3.2). All other prerequisites are
identical to the ones in Sect. 3.1, so that only the results are reported here. There were
no item correlations higher than 0.9; however, we had to remove one item (“I don’t
necessarily have to watch the stream live”, No. 16) because of a lack of correlations of
at least 0.3. (1). 211 participants were recruited for the remaining 66 items, exceeding
the minimum of 198 participants, i.e., 211 > 198 = 66 × 3 (2). The KMO value
reached .899, indicating the sampling to be adequate (3). Lastly, the Bartlett test
reached significance (χ2

Bartlett(2145) = 8625.01, p < .001) (4). Thus, all criteria were
met and the analysis could be conducted.

3.4.2 Analysis

We used Horn’s parallel analysis method (Horn 1965) to determine the number of
extracted factors. It produces one of the most solid factor solutions by comparing the
eigenvalues of the extracted factors to those of simulated factors in the same sequen-
tial position, reducing the impact of random data variation on the factor extraction
(Braeken and Van Assen 2017).

Furthermore, we chose an oblimin rotationmethod sincewe assumed that the result-
ing viewer types would not be mutually exclusive, similar to other user classification
questionnaires (e.g., the User Type Hexad (Tondello et al. 2018a)). Through the afore-
mentioned parallel analysis wewere able to find stable viewer-type structures for game
live-stream viewers in our data, resulting in five different factors. Since the items have
loadings of a certain extent on every factor, they are first assigned to the factor with
their highest loading. This results in lists for each factor which are then sorted by load-
ing in descending order. All items with factor loadings greater than .4 (Stevens 1996)
can be used for interpreting the factors, with higher interpretative value for items with
higher loading. Only the item “I am more interested in the streamer than in the other
viewers” loaded substantially on several factors, i.e., on the resulting viewer-types
Content Observer and Streamer-focused Observer. Since this item, as described in the
following, was not strong enough to be entered into either of the scales, it follows that
none of the remaining items load on more than one viewer type. Naturally, these lists
will also be of different length. For organizing these lists to scales, the internal reliabil-
ity, as indicated by Cronbach’s α, should be maximized by removing scale items with
low internal reliability, while also bearing in mind that both excessively long scales,
causing response biases through fatigue and boredom (Schmitt and Stuits 1985), and
excessively short scales, causing validity concerns (Hughes and Cairns 2020), should
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be avoided. Thus, the ideal scale should be short enough to maintain attention and
interest, but long enough to be a valid instrument, all the while trying to reach good
reliability with Cronbach’s α between .7 and .9 (Nunnally 1994).7 Considering that
prior research has shown that reliable scales can be achieved with as little as four items
per scale (Hinkin and Schriesheim 1989) and that a scale length of four to six items is
to be recommended (Hinkin 1998), we aimed for a length of four to six items for our
five scales.

Following this procedure and after sorting the lists, we determined which one of the
five factors received the shortest list. Since that factor still ended up with five items,
being perfectly within the desired scale length of four to six items and forming a scale
with an optimal α of .904, we then decided to generate five-item scales from the lists of
the other four factors aswell. TheCronbach’sα values for the remaining factors ranged
between .805 and .869. The resulting five-factor-five-item questionnaire items can be
found in Table 2, including the individual factor loadings. The respective factor items
were then again examined by three researchers to understand and derive definitions
for the factors. The individual results were discussed and subsumed, and resulted in
the definitions below. Subsequently, the five viewer types were named based on their
definition. For each viewer type, the abbreviation (e.g., SA), the eigenvalue (E) and
its simulated counterpart (SE), as well as the reliability coefficient (i.e., Cronbach’s
α) are presented in parentheses:

System Alterer (SA; E = 19.67; SE = 2.44; Cronbach’s α = .869)
This viewer type is characterized by a preference for exerting influence on the

streamed game and the stream itself. Opportunities to alter game contents or aspects
of the stream, such as context information shown in the corners of the stream, are
welcomed and actively used. The interaction with both the streamer and other viewers
is aimed at fulfilling the SA’s interests.

Financial Sponsor (FS; E = 6.01; SE = 2.29; Cronbach’s α = .904)
This viewer type is characterized by a strong willingness to donate, and thereby

financially support, their favorite streamer(s). His aim is creating or maintaining a
good stream quality and is accompanied by the normative stance that it should be
appropriate to support streamers who produce good quality content.

Content Observer (CO; E = 3.76; SE = 2.18; Cronbach’s α = .805)
This viewer type is characterized by a desire for an undisturbed stream viewing

experience. Interaction and communicationwith the streamer and other viewers within
the live-stream, e.g., via live chat, are of no interest to the CO. Instead, these viewers
focus on following the in-game events.

Streamer-focused Observer (SO; E = 2.42; SE = 2.10; Cronbach’s α = .822)
This viewer type is characterized by an interest in the streamer. The streamer is the

center part of the streamwatching experience for the SO. This type shows little interest
in following the in-game events and instead is most interested in the streamer’s game
experience.

7 Values larger than .9 and nearing 1 are in fact undesirable (Nunnally 1994), because they indicate that
the items of such a scale would be essentially redundant and interchangeable.
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Social Player (SP; E = 2.16; SE = 2.03; Cronbach’s α = .858)
This viewer type is characterized by a playful orientation, which is reflected in

an interest in gamification elements, such as unlockable achievements and collect-
ing points, and in interaction with the streamer through, for example, user-created
submissions or discussions between streamers and viewers.

As calculated in a re-run of the analysis on the resulting questionnaire (KMO =
.843, χ2

Bartlett(300) = 2682.58, p < .001), the 25-item solution was able to explain
65.02% of the total item variance, i.e., about two-thirds of the entire variability in the
answers of the participants could be explained solely through the viewer-type model,
in line with the criterion of 60% (Hinkin 1998).

3.5 Summary

Based on the related work, we expected to find viewer types in game live-streams.
Through the EFA on the initial items, we were indeed able to find five reliable viewer-
type scales, with five items each (see Table 2), leading to a 25-item questionnaire
overall. This addresses our goalsG1 and G2. However, all the above results are based
on a single sample and could be biased by sampling errors. Similarly, the viewer-type
model could be over-fitted to our sample and not applicable to other samples. Further-
more, as expressed with G3, it would be valuable if the viewer-type model could also
show predictive validity to underline its practical usefulness, e.g., by allowing predic-
tion of feature preferences in game live-streams. However, we could not investigate
this in the first study. Thus, in the following second study we wanted to confirm that
our viewer-type model holds with a second sample and that feature preferences could
be predicted (thus contributing to G2 and G3).

4 Validating the viewer-type questionnaire and advanced analyses

The second study consists of two parts: In part A, we validate the five-type-five-item
questionnaire through a Confirmatory Factor Analysis (CFA). In part B, we investigate
whether they have predictive validity for live-stream features. In the next section,
details of the overall study procedure are provided, followed by sections for the two
parts, and a summary of the results.

4.1 General procedure

The second study was also set up as an online questionnaire, consisting of the same
demographic questions and questions on the live-streaming consumption behavior as
in the first study, the 25 items of the viewer-type questionnaire in the first block (part A)
and 38 features in the second block (part B) of the experiment. Within each block, the
questions were again presented in a random order and across several pages, so as not
to overwhelm a participant with one long list. The exact procedures will be described
in the respective parts. As for attention checks, seven were included (4 in part A, 3 in
part B). Again, a final question asking whether or not the participants thought that we
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Table 2 Viewer types with their respective items and factor loadings (FL)

Viewer type Item-No. & Item FL

System Alterer
(SA)

1.1 I would like to change what the streamer is showing in the stream .854

1.2 I would like to change parts of the game being played during the stream .847

1.3 I prefer to have influence on what happens in the game rather than just
watching

.844

1.4 I like to have influence on what happens in the game in order to support
the streamer

.777

1.5 I like to have influence on what happens in the game in order to impede
the streamer

.737

Financial Sponsor
(FS)

2.1 I would like to financially support my favorite streamer .883

2.2 I financially support the streamer in order to help maintain good
content quality in the stream

.872

2.3 I donate money to the streamer to show my support for them .870

2.4 I can imagine donating money to streamers .839

2.5 I believe that viewers should support streamers whose content they
particularly appreciate

.513

Content Observer
(CO)

3.1 I like to watch the game the streamer is streaming without being
distracted by other viewers

.741

3.2 I do not like to communicate with others in a stream .705

3.3 I find things that happen in the streamed game more interesting than
communication with other viewers

.685

3.4 I find things that happen in the streamed game more interesting than
communication with the streamer

.590

3.5 I don’t like the streamer to be distracted by other viewers .590

Streamer-focused
Observer (SO)

4.1 As a viewer, I find the streamer more important than the game being
streamed

.773

4.2 I find the streamed game more important than the streamer − .764

4.3 I believe that the streamer is the most important part of the stream .694

4.4 I am interested in the streamer him/herself .589

4.5 I like to know more about the current game situation than the streamer − .511

Social Player (SP) 5.1 I like raffles the streamer runs .666

5.2 I would like to unlock achievements in the stream .594

5.3 I like to collect rewards during the stream .579

5.4 I would like streamers to show/use items (e.g., images, sounds,
creations) sent in by viewers in the stream

.573

5.5 I think that viewers who watch the stream a lot should have access to
more features in the stream

.567

Two of the items, i.e., 4.2 and 4.5, of the SO are negatively coded and need to be recoded for the type mean
calculation

123



436 P. Schuck et al.

should use their data was included, as well as a free text field for final comments. This
study was also approved by the Ethical Review Board of the Department of Computer
Science at Saarland University (No. 19-2-5).

4.2 Participants

Participants were again recruited usingAmazonMechanical Turk and financially com-
pensated with $1.50 for participating in the on average 12-min study, to meet the
minimum wage suggestion of Salehi et al. (2015). No participant of the first study
could participate in the second study, and again, we ensured that participants were
consumers of game live-streams. To achieve enough statistical power for our confir-
matory factor analysis, which we calculated with structural equation modeling, we
targeted a recommended minimum sample size of 100 participants (Soper 2015). We
based our estimation on the following indices: A desired statistical power of .8, an
expected effect size of .4, a significance level of α = 5%, five latent variables, i.e.,
the viewer types, and 25 observed variables. To maximize our feasible sample size,
not relying on the absolute minimum number of participants, we recruited 177 partici-
pants, out of which 24 were removed for failing at least one attention check, while five
participants indicated that we should not use their data. One hundred and forty-eight
US participants (gender: 51 females, 95 males, 1 gender variant, 1 preferred not to
report; age: 18–24: 20x; 25–31: 51x; 32–38: 43x; 39–45: 23x;>45: 9x; 2 preferred not
to report) remained after these exclusions, surpassing the minimum sample size of 100
(Soper 2015). All reported consuming game live-streams, but to a varying degree: six
viewers indicated that theywatched less than 1 h of game live-stream content per week,
52 watched 2 to 3 h, 60 watched 4 to 9 h, 21 watched 10 to 18 h, and 9 watched more
than 18 h of game live-stream content per week. Most participants reported watching
1 or 2 streamers regularly (46x) or 3 to 4 (68x). Twenty-four participants also indi-
cated that they streamed content themselves, with 19 participants having an average
audience of less than 60 viewers and only two participants having an average audi-
ence of at least 200 viewers. The participants regularly used the following live-stream
platforms for consuming gaming content: Twitch (117x), YouTube Gaming/ Gaming
Live-Streams on YouTube (108x), Mixer (27x), Smashcast (formerly Hitbox/Azubu)
(3x) and Facebook/Facebook Gaming (3x).

4.3 Part A: confirmatory factor analysis of the viewer-type questionnaire

In this part, we present confirmation and validation of the questionnaire.

4.3.1 Part A: procedure

We used the same 5-point scale for the 25 viewer-type items of the first study, without
providing an option to indicate issues with the respective question. We assumed that
all questions were understandable given the first study.
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Fig. 1 Measurement model for the Confirmatory Factor Analysis of the viewer-type questionnaire (N =
148). Loadings for the items are all significant with p < .001. Note that the seven out of ten covariances of
viewer types reach significance. The boldness indicates significance levels, with the dotted lines indicating
non-significant covariance, while the color accentuates the relationship polarity. The arrows between viewer
type and items, in turn, indicate the standardized factor loadings. See also Table 3 for an overview

4.3.2 Part A: analysis

Weconducted aConfirmatory FactorAnalysis (CFA) to validate the viewer-typemodel
through structural equation modeling (SEM) in R. The lavaan package for R was used
to calculate the SEM with maximum likelihood estimation. The measurement model
of the CFA, presented in Fig. 1, shows the following: the viewer types in the large ovals
and their relations (i.e., covariances) next to the lines between them, as well as the five
items per viewer type in squares with their errors in the small circles. For instance,
the bold red line (a covariance of − .63) between CO and SO might demonstrate their
opposing interests while the bold black line (a covariance of .67) between SA and SP
might demonstrate their interactive behavior. The full list of factor loadings, as well
as the factor variances and covariances, is given in Table 3. Descriptive statistics of
the questionnaire items, i.e., means and standard deviations as well as skewness and
kurtosis of the answer distributions, can be found in “A.2.”

When evaluating Confirmatory Factor Analyses, the usual procedure is to first
investigate the Chi-squared index and to follow up thereafter with the consideration
of so-called “model fit indices,” which are meant to facilitate a better model quality
review than the Chi-squared index. Finally, a third step to refine validity considerations
is the calculation of composite reliability (CR) and average variance extracted (AVE)
estimates, which allow drawing conclusions on convergent and discriminant validity
of the viewer types.
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Table 3 Factor loadings, both
unstandardized and
standardized, for the CFA of the
viewer-type questionnaire and
its 25 items (N = 148)

Item Estimates Error variances

Unstand. Stand. Unstand. Stand.

SA → 1.1 1 (c.) .686 .729 .529

SA → 1.2 1.278 .844 .426 .287

SA → 1.3 1.280 .841 .441 .293

SA → 1.4 1.147 .777 .561 .396

SA → 1.5 1.177 .702 .929 .508

FS → 2.1 1 (c.) .801 .622 .359

FS → 2.2 1.208 .924 .277 .146

FS → 2.3 1.261 .910 .369 .173

FS → 2.4 .976 .767 .741 .411

FS → 2.5 .486 .545 .622 .703

CO → 3.1 1 (c.) .580 .987 .663

CO → 3.2 1.105 .576 1.234 .669

CO → 3.3 .826 .160 .752 .687

CO → 3.4 1.149 .730 .582 .468

CO → 3.5 1.130 .609 1.085 .629

SO → 4.1 1 (c.) .806 .495 .351

SO → 4.2 .852 .680 .776 .538

SO → 4.3 .967 .831 .383 .309

SO → 4.4 .681 .737 .357 .456

SO → 4.5 .552 .492 .874 .758

SP → 5.1 1 (c.) .433 1.027 .813

SP → 5.2 2.017 .786 .595 .382

SP → 5.3 2.078 .785 .637 .384

SP → 5.4 1.353 .556 .966 .690

SP → 5.5 1.290 .575 .798 .670

Unstand. Stand.

Factor variances

SA .649 1

FS 1.112 1

CO .501 1

SO .917 1

SP .237 1

Factor covariances

SA with FS .217∗∗ .256

SA with CO − .117 − .206

SA with SO − .081 − .105

SA with SP .264∗∗∗ .674

(c.) = constant. For the factor covariations, ∗, ∗∗ and ∗∗∗ indicate p <

.05,< .01 and < .001, respectively. All other loadings are significant
with p < .001. RMSEA .077, TLI .855
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Table 3 continued Unstand. Stand.

FS with CO − .345∗∗∗ − .462

FS with SO .380∗∗∗ .376

FS with SP .263∗∗∗ .512

CO with SO − .426∗∗∗ − .629

CO with SP − .102∗ − .297

SO with SP .052 .111

(c.) = constant. For the factor covariations, ∗, ∗∗ and ∗∗∗ indicate p <

.05,< .01 and < .001, respectively. All other loadings are significant
with p < .001. RMSEA .077, TLI .855

Overall and Specific Model Fit As mentioned above, one of the first indices to
investigate is the Chi-squared index (χ2). Since the Chi-squared test statistic easily
reaches significance for larger samples, which, in turn, are necessary for model val-
idation, it has been proposed to compare the Chi-squared estimate with the degrees
of freedom of the Chi-squared test because the latter is linearly dependent on the
sample size as well (Ullman and Bentler 2012). Thus, comparing these two values
can reduce the impact of sample size differences on the model validity (Ullman and
Bentler 2012). While different cutoff values for this comparison have been proposed
(McIver and Carmines 1981; Marsh and Hocevar 1985), a cutoff value of two (i.e.,
χ2

d f ≤ 2) has been established (Ullman and Bentler 2012). Our CFA reaches signif-

icance (χ2(265) = 498.11, p < .001) and the aforementioned refined criterion is

fulfilled ( χ2

d f = 498.11
265 = 1.88 < 2), indicating our viewer-type model is accurate. The

model fit indices that follow the Chi-squared index had been originally developed to
bypass this sample size issue inherent in the χ2 test. Among these indices, the root-
mean-squared error of approximation (RMSEA) and the Tucker Lewis Index (TLI)
are prominent. Both of these indices have recommended cutoff values: RMSEA≤ .08
(Bollen and Long 1993) and TLI≥ .90 (Sharma et al. 2005). Considering our data, our
RMSEA value of .077 met the cutoff, while the TLI value of .855 fell short. Despite
being standard indices for model evaluation, doubts have been cast on the assumed
higher reliability of these indices (Bentler 1990; Sharma et al. 2005). For example, it
has been argued that TLI estimates scatter strongly under certain conditions (Bentler
1990). In order to investigate whether the model fit indices are indeed more reliable
than the Chi-squared index, i.e., less prone to disruptive factors such as sample size
differences, simulation research on the model fit indices was conducted (Sharma et al.
2005). While the RMSEA proved to be insensitive to sample size, the TLI proved to
be greatly affected by sample size, with strong spread for sample sizes below 200.
Thus, one should carefully consider the overly conservative norms of the cutoff values
for such sample sizes (Sharma et al. 2005). To provide less distorted validity data
in light of these limitations, we followed with convergent and discriminant validity
assessment as planned for the third step of the CFA.
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Convergent and discriminant validity Both composite reliability (CR), with a rec-
ommended criterion of .7 (Zaiţ and Bertea 2011), and the average variance extracted
(AVE), with a recommended criterion of .5 (Fornell and Larcker 1981), are helpful
tools for establishing convergent validity (Fornell and Larcker 1981; Farrell 2010).We
first calculated the CR estimates for the viewer types, which take the varying factor
loadings (as depicted in Table 3) into consideration. The CR estimates were .88 for
SA, .90 for FS, .75 for CO, .83 for SO and .76 for SP, and thus well above the recom-
mended criterion of .7 (Zaiţ and Bertea 2011). The AVE estimates, in turn, indicate
the average variation in the answers of the participants on the questions of a viewer
type that can be explained solely through that viewer type itself (Zaiţ and Bertea 2011;
Farrell 2010). If, for example, the AVE estimate of SA were larger than .5, it would
mean that more than half (50%) of the variation in the answers on the five SA questions
(1.1 to 1.5 of Table 2) could be traced back to the viewer-type SA. Considering our
data, the overall AVE estimate suits the criterion (AVEoverall = .523), but it has been
pointed out that the AVE estimates of each of the latent variables, i.e., viewer types
in this instance, should also be examined separately (Farrell 2010). While the AVE
estimates for SA (.595), FS (.689) and SO (.522) match the .5 criterion, the estimates
of CO (.373) and SP (.431) fail to fulfill it, implying reduced convergent validity for
the CO and the SP. Thus, the CR estimates were all adequate, while two out of five
(six, if the average is included) AVE estimates were not. This discrepancy was, how-
ever, already discussed by the developers of the AVE (Fornell and Larcker 1981), who
stated that the AVE would be a rather conservative measure for establishing validity
and that a good CR would suffice to conclude that the construct validity is adequate.
Following this recommendation and considering the CR estimates (CO: .83, SP: .76)
for the two viewer types with weak AVEs (CO: .37, SP: .43), we conclude that the
convergent validity is adequate.

While the CR alone seems to suffice for establishing convergent validity (Fornell
and Larcker 1981), a different picture emerges for the discriminant validity. To assess
the divergence between the viewer types, it is invaluable to compare the AVE with
the so-called “shared variance” (Farrell 2010), i.e., the squared correlation between
the viewer types. As regards content, this means that, for each given set of items
“P.1” to “P.5”, the explanatory power of viewer type P must always be higher than the
explanatory power of any other viewer type Q. Should this not apply to any pair, then
a lack of discriminant validity for these two viewer types would emerge. Thus, we
compared the AVE of each viewer type with the shared variances for the remaining
types. Our data shows discriminant validity for all viewer types (see Table 4).

The squared correlations in Table 4 show another interesting result: despite being
discriminant, several viewer types share significant correlations. A similar result can
be found for the viewer-type data of the first study. While the correlations between
viewer types for both studies (see Table 5 for the correlations in the first study and
Table 6 for the correlations in the second study) differ in magnitude and significance,
they are of equal direction in both studies. Because insignificant correlations do not, by
definition, differ significantly from zero, we only display the significant correlations in
Tables 5 and 6. These correlation patterns might point toward underlying higher-order
variables, which, in turn, might provide a classification system for viewer types.While
we aim to investigate these correlation patterns in future work, we could not do so in
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Table 4 Convergent and discriminant validity: AVE and shared variances

SA FS CO SO SP

System Alterer (SA) .595

Financial Sponsor (FS) .045 .689

Content Observer (CO) .029 .174 .373

Streamer-focused Observer (SO) .025 .127 .238 .522

Social Player (SP) .318 .205 .063 .003 .431

Shared variances (squared correlations) are below the diagonal and AVE estimates within the diagonal (i.e.,
the bold values represent the AVE estimates)

Table 5 Correlations (Pearson’s
r) between viewer types of the
EFA

SA FS CO SO SP

SA

FS

CO

SO .32∗∗∗ −.33∗∗∗
SP .53∗∗∗ .45∗∗∗ −.32∗∗∗

∗, ∗∗ and ∗∗∗ indicate p < .05, p < .01 and p < .001, respectively

Table 6 Correlations (Pearson’s
r) between viewer types of the
CFA

SA FS CO SO SP

SA

FS .21∗∗
CO −.17∗ −.42∗∗∗
SO −.16∗ .36∗∗∗ −.49∗∗∗
SP .56∗∗∗ .23∗∗∗ −.25∗∗∗

*, ** and *** indicate p < .05, p < .01 and p < .001, respectively

this study due to the absence of a priori hypotheses concerning correlations between
viewer types.

4.3.3 Part A: CFA summary

We described the CFA result interpretation as a three-step process. In the first step,
the overall model test with Chi-squared index, we managed to prove the model as a
whole to be suitable for explaining our data. Subsequently, we investigated the two
fit indices RMSEA and TLI in the second step. While the RMSEA met the quality
criterion, the TLI was just below adequate (.855 < .9) which could have been the
result of a data mismatch, of an insufficient sample size (albeit being larger than the
minimum recommended sample size) or of unreliability of the index itself due to the
sample size being lower than 200 participants. However, since both the RMSEA and
the sample size were adequate, we summarized the second step to be successful and
the specific model fit to be adequate as well. As a third and last step, we investigated
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CR and AVE, finding both convergent and discriminant validity for all but two viewer
types (CO and SP), for which only reduced convergent validity could be found. With
the model fit being adequate and the viewer types themselves proving to be valid, we
conclude the viewer-type questionnaire to be valid as a whole, and applicable, giving
support for G2.

In part B, we further examined feature preferences of game live-stream viewers by
attempting to predict them based on viewer type scores.

4.4 Part B: relationship between features and viewer types

In this part, we will present our investigation of the relationships between fea-
ture/streamers’ behavior preferences and viewer types.

4.4.1 Part B: procedure

After part A, participants were presented a second block of questions describing 38
features, again presented in a random order and on several pages. We describe in
the next section how they were derived. As an introduction, participants were asked
“For each of these features, we would like you to tell us the likelihood that you would
personally prefer watching a live-stream with the respective feature compared to a
live-stream without it, all other things being the same. While considering the features,
please try not to focus on a specific streamer and instead refer to a hypothetical average
streamer. Please do not take into consideration whether or not a feature is already
available or feasible given today’s level of technology.” This was done to account for
potential contextual effects. Every feature was described in one sentence and needed
to be rated on a 5-point scale with the labels Very unlikely, Rather unlikely, Neither
likely nor unlikely, Rather likely, Very likely for the question “How likely is it that you
would personally prefer watching a live-stream with the respective feature compared
to a live-stream without it, all other things being the same?”. This abstract question
should ensure that all features could be classified with the same question. For example,
a more concrete question such as “How likely is it, that you would use the respective
feature?” would be suitable for “Option to change the game’s rules while the streamer
is playing it (e.g., as done in Choice Chamber)” but not for “Streamer provides regular
VLOGs about private life (i.e., without gaming context)”. The following text, including
two examples, was shown to the participants at the start of part B: “In the following,
we present to you seven pages with six features each. Examples: If you are asked
to rate the feature “Facebook Messenger integration for communication”, provided
that you do not have and do not plan to have a Facebook account, you might rate
“Very unlikely” to indicate that there is absolutely no chance that you would prefer a
live-stream with this feature since you would never use it. If you are asked to rate the
feature “Emoticons in the live-chat of the stream,” provided that you enjoy actively
expressing your emotions in text messages, you might rate “Very likely” to indicate
that you are very interested in using an array of emoticons and would thus prefer a
live-stream with this feature.
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4.4.2 Part B: feature selection

The features and streamers’ behaviors were chosen based on a review of existing
and potential features in live-streams, e.g., from our experience, we know that many
streamers provide video-based blog entries on their life, i.e., VLOGs, which we would
then add as a potential feature to the feature list, wording it as “Streamer provides
regular VLOGs about private life (i.e., without gaming context).” We again looked
at the elements of Lessel et al. (2018) and examined them for their relevance. For
example “Multiple camera perspectives; every viewer can change the perspective
for him/herself ” was considered as interesting by 73.5% of the participants in the
aforementioned study and was reworded here to “Option to change the webcam per-
spective.” Another criterion for inclusion of elements was sufficient appeal, e.g., the
element “Availability of chat rooms” of Lessel et al. (2018) had been classified as
interesting only by 22% of the respective participants, so that this feature could poten-
tially also lead to a floor effect, i.e., many participants could dislike the feature so
strongly that no substantial differences in these ratings could be found and analyzed.
Importantly, comparing to the first study where we focused on abstracting away from
elements and generating novel items based on element clusters, here we focused on
the individual elements themselves. Again, this process was done by three researchers
separately and was refined through discussion.

Distinction of elements and items/features The elements of Lessel et al. (2018)were
already utilized to a certain extent in the item generation part of the first study, and
again to a certain extent in the feature generation for this study part. Now, at first glance,
one might assume that it is unsurprising that we will find associations between the
resulting viewer types and the elements themselves. To mitigate this, it was important
to have a reasonable mix between features that were not part of the work of Lessel
et al. (2018) (to see whether associations to new elements can be found) and those that
had relationships to the viewer types. The latter part is also important as, although the
element clusterswere used as inspiration for the initial itemgeneration, no elementwas
used 1:1 as a viewer-type item (cf. Sect. 4.4.2). To quantify this, the semantic content
of all items and features with all elements was compared. For example, the element
“Access tomore features for subscribers of the channel”was directly related to the item
“I think that viewers who watch the stream a lot should have access to more features
in the stream” as well as to the feature “Rewards (e.g., additional features or points)
for loyal viewing (e.g., long subscription, frequent commenting, ...)”. In contrast, the
element “Availability of channel-specific emotes” had semantic relations neither to
items nor features since none of these mention emotes at all. We found that only nine
out of 25 items (36%) of the final viewer-type questionnaire were semantically related
to elements of Lessel et al. (2018). Furthermore, the features of part B can be seen
as semantically related (R; 37% of the features) and semantically unrelated (U; 63%
of the features) to the elements, which we deemed to be a good fit for the goal that
we want to achieve. Table 7 shows the resulting set of features and respective viewer
types to which we found associations. Importantly, we do not assume that this set of
38 features captures all relevant or possible live-stream features; instead, we aim to
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Table 7 List of feature/streamers’ behavior items, the predicting viewer type, semantic relation to element
data (unrelated: U; related: R), mean score and standard deviation

No. Feature Type relation M SD

01 Option to remove or add ingame objects (e.g., enemies,
ammo, ...) to affect the gameplay of the streamer.

SA 3.06 1.36

02 Option to change the game’s rules while the streamer is
playing it (e.g., as done in Choice Chamber).

SA 2.91 1.33

03 Option to trigger ingame events (e.g., spawning another
enemy).

SA 3.45 1.25

04 Option to change the stream’s overlay positions for all
users.

SA 3.01 1.21

05 Option to display an overlay with additional game
information (e.g., position of the enemies) for all
users.

SA 3.69 1.10

06 Option to change the stream’s overlay content (i.e.,
which information is shown) for all users.

SA 3.22 1.13

07 Option to start individual polls in the stream. SA 3.53 1.12

08 Overlay with hardware specifications of the streamer’s
setup.

SA 3.43 1.06

09 Option for paid subscription in streamer’s
channel/stream.

FS 3.26 1.18

10 Displayed donation with duration proportional to
donation amount.

FS 2.91 1.16

11 Pop-up with amount and donator’s name upon donation
receipt.

FS 3.20 1.24

12 Permanently displayed donation tracker. FS 2.86 1.17

13 Automatic read-out of donator’s text message upon
donation receipt.

FS 2.97 1.27

14 Permanently displayed top donator FS 2.71 1.14

15 Option to hide the live-chat in the streaming platform. CO 3.88 1.02

16 Option to hide live-chat for the streamer (i.e., the
streamer cannot see the live-chat).

CO 3.43 1.06

17 Option to hide the replicated live-chat in the stream. CO 3.76 1.11

18 Option to mute live-chat notifications. CO 4.03 1.00

19 Option to hide all chat activity of specific users. CO 4.05 1.01

20 Streamer presents submissions of user-generated items
(e.g., self-painted artistic drawings).

SO 3.51 1.11

21 Streamer provides regular VLOGs about private life
(i.e., without gaming context).

SO 3.06 1.18

22 Streamer shares personal news (e.g., relationship status). SO 3.03 1.25

23 Streamer shares general personal information (e.g.,
his/her age).

SO 3.20 1.23

24 Option to mute the streamer’s voice audio track. SO 3.20 1.31

25 Option to hide the streamer’s webcam in the stream. SO 3.21 1.29

26 Rewards (e.g., additional features or points) for loyal
viewing (e.g., long subscription, frequent
commenting, ...).

SP 3.89 1.00
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Table 7 continued

No. Feature Type relation M SD

27 Personally (e.g., via pop-up during the stream) receiving
achievement badges for certain milestones (e.g., for a
3 years subscription).

SP 3.67 1.01

28 Streamer-organized raffles in the live-stream. SP 3.63 1.06

29 Displaying achievement badges for certain milestones
(e.g., for a 3 years subscription) visibly to all users
(e.g., next to the name in live-chat messages).

SP 3.67 1.06

30 Option to talk to streamer directly through voice chat. SP 3.18 1.31

31 Displayed investment goals (e.g., new mic) with
progress bars.

SP 3.19 1.10

32 Option to send direct messages to streamer during
live-stream.

SP 3.59 1.12

33 Promoted shop links to buy streamer’s favorite gear
(e.g., through Amazon Blacksmith).

SP 3.05 1.04

34 Option to change the webcam perspective. SP 3.33 1.21

35 Collective gaming sessions, organized by the streamer
(e.g., playing Surviv.io together: a browser-based
battle royale game).

SP 3.95 .94

36 Permanently displayed audience leaderboard (e.g.,
highest point score/longest subscription) for all users.

SP 3.12 1.15

37 Option to move webcam position in stream overlay. SP 3.53 1.24

38 Option to disable stream pop-ups. n/a 4.23 .87

prove that feature preferences in game live-streams could generally be predicted by
the audience’s average viewer-type scores.

4.4.3 Part B: analysis

For each of the 38 features and behaviors, we calculated hierarchical regressions
based on the correlations of the preference for the respective feature with the five
viewer-type mean scores. Since predictors should be added stepwise in order of their
importance (Field 2013) and the magnitude of the correlations indicate the strength
of their relation, we added the viewer type with the largest correlation as predictor in
the first step, the viewer type with the second largest correlation in the second step,
and so forth, until no further variance explanation, i.e., incremental validity, could be
achieved. However, a large variance explanation based on a combination of multiple
individually insignificant viewer types would be pointless in the sense that it would
hinder a practical prediction of features from individual viewer-type scores. Thus,
in addition to the aforementioned stop criterion and for the sake of interpretability
and achieving the intended simplified feature prediction, we also chose a reduced
maximum of variance explanation over adding insignificant viewer types into the
prediction.

123



446 P. Schuck et al.

Ta
bl
e
8

R
eg
re
ss
io
ns

of
liv

e-
st
re
am

fe
at
ur
es

on
vi
ew

er
ty
pe
s
(“
V
T
”)

,i
nc
lu
di
ng

th
e
pr
ed
ic
to
rs
,t
he
ir
si
gn
ifi
ca
nc
e
an
d
th
e
ex
pl
ai
ne
d
va
ri
an
ce

of
th
e
pr
ed
ic
to
r
co
m
bi
na
tio

n

V
T

N
o.

Fe
at
ur
e

Pr
ed
ic
to
rs

R
2

1
2

3

SA
01

O
pt
io
n
to

re
m
ov
e
or

ad
d
in
ga
m
e
ob
je
ct
s
(e
.g
.,
en
em

ie
s,
am

m
o,

...
)
to

af
fe
ct
th
e
ga
m
ep
la
y
of

th
e
st
re
am

er
SA

**
*

n/
a

n/
a

.4
2

02
O
pt
io
n
to

ch
an
ge

th
e
ga
m
e’
s
ru
le
s
w
hi
le
th
e
st
re
am

er
is
pl
ay
in
g
it
(e
.g
.,
as

do
ne

in
C
ho

ic
e

C
ha
m
be
r)

SA
**
*

n/
a

n/
a

.3
0

03
O
pt
io
n
to

tr
ig
ge
r
in
ga
m
e
ev
en
ts
(e
.g
.,
sp
aw

ni
ng

an
ot
he
r
en
em

y)
SA

**
*

n/
a

n/
a

.2
8

04
O
pt
io
n
to

ch
an
ge

th
e
st
re
am

’s
ov
er
la
y
po

si
tio

ns
fo
r
al
lu

se
rs

SA
**

*
n/
a

n/
a

.2
0

05
O
pt
io
n
to

di
sp
la
y
an

ov
er
la
y
w
ith

ad
di
tio

na
lg

am
e
in
fo
rm

at
io
n
(e
.g
.,
po
si
tio

n
of

th
e
en
em

ie
s)

fo
r
al
lu

se
rs

SA
**
*

n/
a

n/
a

.1
5

06
O
pt
io
n
to

ch
an
ge

th
e
st
re
am

’s
ov
er
la
y
co
nt
en
t(
i.e
.,
w
hi
ch

in
fo
rm

at
io
n
is
sh
ow

n)
fo
r
al
lu

se
rs

SA
**

*
n/
a

n/
a

.1
1

07
O
pt
io
n
to

st
ar
ti
nd

iv
id
ua
lp

ol
ls
in

th
e
st
re
am

SA
**

*
C
O
*
(−

)
n/
a

.1
3

08
O
ve
rl
ay

w
ith

ha
rd
w
ar
e
sp
ec
ifi
ca
tio

ns
of

th
e
st
re
am

er
’s
se
tu
p

SA
**
*

n/
a

n/
a

.0
9

FS
09

O
pt
io
n
fo
r
pa
id

su
bs
cr
ip
tio

n
in

st
re
am

er
’s
ch
an
ne
l/s
tr
ea
m

FS
**
*

SP
*

n/
a

.4
3

10
D
is
pl
ay
ed

do
na
tio

n
w
ith

du
ra
tio

n
pr
op

or
tio

na
lt
o
do

na
tio

n
am

ou
nt

FS
**

*
SP

*
n/
a

.3
0

11
Po

p-
up

w
ith

am
ou

nt
an
d
do

na
to
r’
s
na
m
e
up

on
do

na
tio

n
re
ce
ip
t

FS
**

*
C
O
*
(−

)
SP

*
.3
1

12
Pe
rm

an
en
tly

di
sp
la
ye
d
do
na
tio

n
tr
ac
ke
r

FS
**
*

n/
a

n/
a

.2
1

13
A
ut
om

at
ic
re
ad
-o
ut

of
do

na
to
r’
s
te
xt

m
es
sa
ge

up
on

do
na
tio

n
re
ce
ip
t

FS
**

SA
*

SP
*

.2
7

14
Pe
rm

an
en
tly

di
sp
la
ye
d
to
p
do
na
to
r

FS
**

SP
*

n/
a

.1
5

C
O

15
O
pt
io
n
to

hi
de

th
e
liv

e-
ch
at
in

th
e
st
re
am

in
g
pl
at
fo
rm

C
O
**

*
n/
a

n/
a

.1
0

16
O
pt
io
n
to

hi
de

liv
e-
ch
at
fo
r
th
e
st
re
am

er
(i
.e
.,
th
e
st
re
am

er
ca
nn
ot

se
e
th
e
liv

e-
ch
at
)

C
O
**

n/
a

n/
a

.0
8

17
O
pt
io
n
to

hi
de

th
e
re
pl
ic
at
ed

liv
e-
ch
at
in

th
e
st
re
am

C
O
**

n/
a

n/
a

.0
5

18
O
pt
io
n
to

m
ut
e
liv

e-
ch
at
no

tifi
ca
tio

ns
C
O
*

n/
a

n/
a

.0
4

19
O
pt
io
n
to

hi
de

al
lc
ha
ta
ct
iv
ity

fo
r
sp
ec
ifi
c
us
er
s

C
O
*

n/
a

n/
a

.0
4

123



Viewer types in game live streams: questionnaire... 447

Ta
bl
e
8

co
nt
in
ue
d

V
T

N
o.

Fe
at
ur
e

Pr
ed
ic
to
rs

R
2

1
2

3

SO
20

St
re
am

er
pr
es
en
ts
su
bm

is
si
on
s
of

us
er
-g
en
er
at
ed

ite
m
s
(e
.g
.,
se
lf
-p
ai
nt
ed

ar
tis
tic

dr
aw

in
gs
)

SO
**
*

SP
**
*

n/
a

.2
7

21
St
re
am

er
pr
ov
id
es

re
gu
la
r
V
L
O
G
s
ab
ou
tp

ri
va
te
lif
e
(i
.e
.,
w
ith

ou
tg

am
in
g
co
nt
ex
t)

SO
**

FS
*

n/
a

.1
4

22
St
re
am

er
sh
ar
es

pe
rs
on
al
ne
w
s
(e
.g
.,
re
la
tio

ns
hi
p
st
at
us
)

SO
**
*

SP
*

n/
a

.1
2

23
St
re
am

er
sh
ar
es

ge
ne
ra
lp

er
so
na
li
nf
or
m
at
io
n
(e
.g
.,
hi
s/
he
r
ag
e)

SO
**

n/
a

n/
a

.0
7

24
O
pt
io
n
to

m
ut
e
th
e
st
re
am

er
’s
vo
ic
e
au
di
o
tr
ac
k

SO
**

(−
)

n/
a

n/
a

.0
5

25
O
pt
io
n
to

hi
de

th
e
st
re
am

er
’s
w
eb
ca
m

in
th
e
st
re
am

SO
**

(−
)

n/
a

n/
a

.0
5

SP
26

R
ew

ar
ds

(e
.g
.,
ad
di
tio

na
lf
ea
tu
re
s
or

po
in
ts
)
fo
r
lo
ya
lv

ie
w
in
g
(e
.g
.,
lo
ng

su
bs
cr
ip
tio

n,
fr
eq
ue
nt

co
m
m
en
tin

g,
...

)
SP

**
*

FS
*

n/
a

.4
0

27
Pe

rs
on

al
ly

(e
.g
.,
vi
a
po

p-
up

du
ri
ng

th
e
st
re
am

)
re
ce
iv
in
g
ac
hi
ev
em

en
tb

ad
ge
s
fo
r
ce
rt
ai
n

m
ile

-s
to
ne
s
(e
.g
.,
fo
r
a
3
ye
ar
s
su
bs
cr
ip
tio

n)
SP

**
*

FS
*

n/
a

.3
9

28
St
re
am

er
-o
rg
an
iz
ed

ra
ffl
es

in
th
e
liv

e-
st
re
am

SP
**
*

n/
a

n/
a

.2
7

29
D
is
pl
ay
in
g
ac
hi
ev
em

en
tb

ad
ge
s
fo
r
ce
rt
ai
n
m
ile
st
on
es

(e
.g
.,
fo
r
a
3
ye
ar
s
su
bs
cr
ip
tio

n)
vi
si
bl
y

to
al
lu

se
rs
(e
.g
.,
ne
xt

to
th
e
na
m
e
in

liv
e-
ch
at
m
es
sa
ge
s)

SP
**
*

FS
*

n/
a

.2
7

30
O
pt
io
n
to

ta
lk

to
st
re
am

er
di
re
ct
ly

th
ro
ug
h
vo
ic
e
ch
at

SP
**
*

n/
a

n/
a

.1
8

31
D
is
pl
ay
ed

in
ve
st
m
en
tg

oa
ls
(e
.g
.,
ne
w
m
ic
)
w
ith

pr
og
re
ss

ba
rs

SP
**
*

SO
*

FS
*

.2
4

32
O
pt
io
n
to

se
nd

di
re
ct
m
es
sa
ge
s
to

st
re
am

er
du
ri
ng

liv
e-
st
re
am

SP
**

SA
*

n/
a

.1
8

33
Pr
om

ot
ed

sh
op

lin
ks

to
bu
y
st
re
am

er
’s
fa
vo
ri
te
ge
ar

(e
.g
.,
th
ro
ug
h
A
m
az
on

B
la
ck
sm

ith
)

SP
**
*

FS
*

n/
a

.1
9

34
O
pt
io
n
to

ch
an
ge

th
e
w
eb
ca
m

pe
rs
pe
ct
iv
e

SP
**

SA
*

n/
a

.1
6

35
C
ol
le
ct
iv
e
ga
m
in
g
se
ss
io
ns
,o

rg
an
iz
ed

by
th
e
st
re
am

er
(e
.g
.,
pl
ay
in
g
Su

rv
iv
.io

to
ge
th
er
:a

br
ow

se
r-
ba
se
d
ba
ttl
e
ro
ya
le
ga
m
e)

SP
**

SA
*

n/
a

.1
6

36
Pe
rm

an
en
tly

di
sp
la
ye
d
au
di
en
ce

le
ad
er
bo
ar
d
(e
.g
.,
hi
gh
es
tp

oi
nt

sc
or
e/
lo
ng
es
ts
ub
sc
ri
pt
io
n)

fo
r
al
lu

se
rs

SP
**

SA
*

n/
a

.1
6

37
O
pt
io
n
to

m
ov
e
w
eb
ca
m

po
si
tio

n
in

st
re
am

ov
er
la
y

SP
**
*

n/
a

n/
a

.0
9

**
*
p

<
.0
01

,
**

p
<

.0
1,

*
p

<
.0
5.

(−
)
m
ar
ks

ne
ga
tiv

e
pr
ed
ic
to
rs
,
i.e
.,
fe
at
ur
es

th
at

th
e
re
sp
ec
tiv

e
vi
ew

er
-t
yp
e
di
sl
ik
es
.
Se
e
al
so

“A
.3
”
fo
r
th
e
fu
ll
re
gr
es
si
on

re
po
rt
s,

in
cl
ud
in
g
th
e
re
su
lts

w
he
n
on
ly

th
e
fir
st
V
T
is
us
ed

123



448 P. Schuck et al.

Only one feature (“Option to disable stream pop-ups”, No. 38) could not be pre-
dicted by any viewer type. Since this feature has the largest mean score as well as the
lowest standard deviation of all 38 features (M=4.23, SD=.87), ceiling effects could be
assumed. The remaining 37 predictable features are listed in Table 8 with their respec-
tive viewer type (“VT”) combination of highest variance explanation according to the
aforementioned criteria. It is important to note that the shared explained variances
between predictors in the regressions do not result from collinearity issues (all VIF
< 10 and all tolerances > .108). For the full statistics of the regressions as per APA
standards (Field 2013), please refer to “A.3.” Importantly, we argued in Sect. 4.4.2
that a prediction of only semantically related (R) but not of semantically unrelated
(U) features would indicate that the viewer-type questionnaire was a mere transfor-
mation of the elements that were used in the preliminary conceptualization process.
As shown in Table 8, all except the one aforementioned feature could be predicted by
the viewer-type questionnaire, irrespective of the semantic relation to the elements,
thus showing additional construct validity of the viewer-type questionnaire. To ease
the reading process of the overview in Table 8, three examples will be explained in
the following:

1. Option to hide the live-chat in the streaming platform (Feature 15) The CO score
is the strongest predictor and entered in the first step. The score can explain about
10% of the variance in the preferences of all viewers. No other score can improve
this prediction. Thus, the total explained variance results only from this one VT
The result for this feature means that a live-stream audience of gaming content will
be more likely to prefer an option to hide the live-chat in the streaming platform
the higher the overall (i.e., averaged across all viewers) mean score of CO is.

2. Option to start individual polls in the stream (Feature 07) The SA score is the
strongest predictor and entered in the first step. Adding the CO score in step 2
increases the total variance explained to 13%. However, the SA likes the feature
while the CO dislikes it. Thus, the CO predictor is marked with a minus sign.
Thus, a game live-stream audience will be more likely to prefer an option to start
individual polls in the stream the higher the overall mean score of SA is. This
likelihood of preference will be even higher the lower the overall mean score of
CO is.

3. Automatic read-out of donator’s text message upon donation receipt (Feature 13)
The FS score is the strongest predictor and entered in the first step. Adding the SA
score in step 2 and the SP score in step 3 increases the total variance explained to
27%. Thus, a game live-stream audience will bemore likely to prefer the automatic
read-out of the text messages of donators upon donation receipt the higher the
overall mean score of FS is. This likelihood of preference will be even higher
given higher overall mean scores of SA and SP in the streamer’s audience.

8 Both the variance inflation factor (VIF) and the tolerance showwhether predictors in amultiple regression
model can predict each other, in which case these predictors could not be interpreted individually.
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4.4.4 Part B: viewer-type predictability summary

This part of the study had the goal to find connections between individual features
and viewer types. Finding such connections is something that is typically investigated
when player/user types (e.g., Tondello et al. 2018a) or personality traits (e.g., Orji
et al. 2017), as discussed in the related work section, are investigated. As we were
able to show that viewer types can be used to predict preferences for features, this not
only adds to our goal G3, it also directly underlines the usefulness of the constructs,
especially from a practical perspective (as we will discuss below).

5 General discussion

Based on the indications of related work that there seem to be measurable and observ-
able differences across viewers of game live-streams, we set out to not only identify
these (G1), but also to have a chance to assess them through the usage of a question-
naire to establish a standard tool for future use (G2). In two studies, we were able to
identify five viewer types that can be assessed through a 25-item questionnaire, which
we were able to validate in this paper.

Based on our chosen approach (i.e., creating an initial exploratory data set of pro-
totype items), we do not claim that it is impossible to identify further viewer types
or alternative classification models (as can also be seen in the game and gamefulness
domain; see related work), but the contribution lies in that we are the first, to our
knowledge, to investigate this specifically in the live-streaming domain and provide
an assessment tool. Furthermore, we were able to show relationships between prefer-
ences for features and streamers’ behaviors and the resulting viewer types (G3): 37 of
a set of 38 features could be significantly predicted by a viewer-type score (the feature
“Option to disable stream pop-ups” reached the highest average preference with the
lowest deviation, that is, the highest agreement between participants, and could not
be predicted by individual viewer types), although the prediction could be improved
for almost half (18) of the features by including additional viewer-type scores. We
conclude that all of our goals have been addressed: the viewer-type questionnaire can
be applied, the viewer types theoretically interpreted, and the scores used for predict-
ing actual preferences of viewers. As stated before, the 37 features are only examples
to show that such a connection exists, and future work can more deeply investigate
further connections. In the meantime, the provided definitions for the viewer types
provide a structure for how other features not included in the 37 investigated might be
classified.

Interestingly, although we established discriminant validity for the viewer types in
our second study, dismissing concerns of viewer-type redundancies, we still found
considerable correlations between the viewer type scores in both studies (see Tables 5
and 6 for the respective correlations of the two studies). Thus, it could be presumed that
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higher-order variables exist which provide a taxonomy for our existing viewer types
and as of yet undetected additional viewer types. For example, the strong positive
correlations of SP with SA (r = .56) and FS (r = .45) might hint at some sort of
common interactivity dimension. Meanwhile, the strong negative correlations of CO
with SO (r = −.49) and FS (r = −.42) might hint at major focus differences with
both SO and FS being oriented toward the streamer and their respective stream and
the CO being oriented toward the streamed game, regardless of specific streamers and
streams. In particular, the SP and the CO seem to need additional attention due to
their reduced convergent validity and high correlations with other viewer types. We
argue that these results point evenmore toward such two higher-order dimensions, i.e.,
interactivity (e.g., Lessel et al. 2017b) and streamer affiliation (e.g., Hamilton et al.
2014). We see this as a reasonable step to investigate further.

Nonetheless, these results need to be seen in the light of our work’s limitations.
Arguably, we were met with methodological issues (e.g., the unreliability of the TLI
score for samples lower than 200 participants) because of our sample size. While we
did meet the minimum recommended sample size for our expected effect size of .4, it
is possible that we overestimated the impact of the viewer-type model on the variance
of the participants’ answers. Either way, it would be desirable to validate the model
with a large sample size of hundreds or even thousands of participants. Using in-the-
wild game, live-stream audiences as participant groups could further refine validity.
However, please note that these audiences are likely to differ systematically from oth-
ers and that the stream/streamer should be included as a covariate in such a scenario,
possibly through hierarchical linear modeling. Furthermore, we limited our reliability
measurements largely to the analysis of the internal reliability (with Cronbach’s α)
and did not opt for test-retest reliability. Test–retest reliability analysis is based on two
assumptions that the measured concepts are stable and that the test measurements are
independent. However, the issue arises that short time intervals between test and retest
are needed to prevent changes in the true scores; here, the actual viewer types, but
long time intervals are needed to ensure that the test measurements are independent,
i.e., to ensure that the answers in the retest will not be based on memory of the first
test (Michalos 2014). Since we could not guarantee stability of the measurements for
a test–retest reliability analysis due to the viewer types being conceptually dependent
on particular streams or streamers (albeit reference to particular streams or streamers
was supposed to be inhibited as per instruction), we chose to only calculate internal
consistencies at this point in time as these reliability coefficients have been shown to
provide comparable reliability estimates (Woodruff andWu 2012). Nonetheless, it will
be important to investigate test–retest data in the future, possibly by retesting several
streams ceteris paribus9 with a time delay of 4 weeks. That should ensure that any
deviations in the true scores will not be the result from different internal references at
the two different test measurements. One might criticize our process for setting up the

9 Ceteris paribus is a Latin phrase meaning “all other things being equal.” Here, it means testing the same
stream with the same streamer and the same audience (both in individual viewers and in overall audience
size.)
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initial set of items, as we did not start with a theoretical model, but instead followed
a data-driven approach (just as, e.g., Högberg et al. (2019) did), building on feature
research (Lessel et al. 2018). While it naturally cannot be ruled out that viewer types
could be foundwhich are not detected by this questionnaire, we didmanage to validate
the found viewer types and prove their value for feature prediction. Through the closing
free text field, we received feedback by four participants that, especially in the second
questionnaire, too many attention check questions were presented. This impression
was potentially reinforced by the fact that through the random presentation of the cor-
responding questions, multiple attention checks might have been on the same page.
As we only included participants that answered all of these correctly, we do not think
that this would have had a negative effect on the data quality, but it will be accounted
for in subsequent studies as well. Furthermore, we did receive some comments due
to the abstract nature of the feature question in the second study. To be exact, four
participants expressed confusion (“Questions look a little twisted to understand”, “A
few of the questions were slightly confusing because they seemed the same, but asked
in a slightly different way.”, “Confusing and repetitive”, “The second part is confus-
ing and could be made simpler”), out of which only one unambiguously referred to
the feature question. Since participants had to imagine and compare two hypothetical
live-streams, one with an additional feature, we may have requested a rather complex
mental task, leading to exhaustion and confusion for a subset of participants. Still,
we argue that this level of abstraction was necessary to account for the widely dif-
ferent possible features of gaming live-streams, including but not limited to simple
interface changes, particular social events and behaviors, and specific expressions of
streamers.

6 Conclusion and future work

In this paper, we present a 25-item questionnaire that is able to identify five different
classes of viewers: the System Alterer, who prefers to exert influence on the stream
and the game streamed; the Financial Sponsor, who is willing to donate and finan-
cially support the streamer; the Content Observer, who wants to consume the stream
undisturbed (i.e., without interactions happening); the Streamer-focused Observer,
who has a strong interest in the streamers themselves; and the Social Player, who has
a playful focus and likes to interact with the streamer and the stream playfully (e.g.,
via gamification methods).

From a practical perspective, the contributions of this paper help different stake-
holders and lay the groundwork for several future work perspectives:

Streamers, for example, could learn about the distribution of viewer types in their
communities and thus optimize which features should be available and which behav-
ior they should start or stop to show. Ultimately, such information could increase the
efficiency of the stream operation by eliminating irrelevant elements and focusing
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on the most important ones. For streamers, this could mean that they could avoid
putting effort into features that would turn out to be irrelevant. For viewers, it might
mean that they enjoy the streaming experience more, although this work does not
contribute to that: it remains future work to investigate what it means if a viewer is
presented with largely irrelevant or negative features, in comparison to streams having
only desired features, according to our classification. Still, based on the predicted fea-
tures, general recommendations for audiences with a predominant viewer type can be
drafted, which would certainly need to be verified before implementation: streamers
with Content Observer audiences may not need to focus on searching interaction with
the audience while streamers with Streamer-focused Observer audiences may want
to consider actively talking to the audience albeit bidirectional interaction with that
same audience should not be expected. These recommendations for streamer behavior
may also be translated to specific game genres: while First-Person Shooters might be a
good chance for streamers to provide exciting content for Content Observers, playing
turn-based strategy games might be a better choice if streamers need to focus more
on keeping the attention of the Streamer-focused Observers instead of on the actual
game. System Alterer Audiences, in turn, might be most interested in games such as
Choice Chamber, where direct influence can be taken. A better viewing experience
for Financial Sponsors and Social Players might be possible by utilizing stream fea-
tures which are already established in many platforms: Financial Sponsors may enjoy
explicit (also verbal) positive feedback after donating as well as technical features
such as Donation Trackers while Social Players may enjoy audience leaderboards,
achievements and minigames.

Researchers can benefit from this paper, as they now have a tool to assess viewer-
type distributions in their experiments. As future work more parameters should be
set in relation to viewer types, e.g., whether age or gender also has an effect on
the viewer-type distribution, and how far personality traits relate to the classification
found. Investigating contextual effects (e.g., channel sizes) would be reasonable as
well, as related work has already indicated that these also have an impact. Finally, as
we only focused on the viewers’ side, it would be interesting to complement this with
the streamers’ viewpoint, i.e., to find out whether there are also streamer types that
could be assessed similarly, and how a given streamer type relates to the viewer types
in the community. Correlationsmight be found that would allow assumptions about the
dominant viewer type in a community based on the knowledge of the streamer’s type
(e.g., based on work showing that identification is important for viewers (Kordyaka
et al. 2020)).

This paper is also relevant for streaming vendors, as understanding consumption
behavior might help them to decide on future features that should be built into the
platforms. For this, it would be especially useful to conduct a large-scale study with
the questionnaire to get an overview about the distributions of viewer types on the
live-streaming platforms today. In addition, through future work, as has been done in
related domains (Orji et al. 2018), may be element sets can be devised that are not
negatively associated with any viewer types and are still somewhat motivating overall,
and hence would be useful if the viewer types are equally distributed. In the same
sense, if viewer types are strongly skewed, such work (as well as this paper) would
suggest which features should be strengthened on the platform. As mentioned in the
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introduction of this paper, this work also showcased that individual differences exist,
thus supporting the idea of offering a personalized experience for viewers, in which
even elements bound into the live-stream video itself might be present or absent for
specific viewers.

Revalidating the questionnaire with in-the-wild game live-stream audiences, for
example by gathering data from streamers who use the questionnaire directly with
their respective audiences, would be interesting for increasing the external validity
by using data which was gathered by streamers and not in the context of research
studies. Gathering data from many streamers and their audiences would also allow
the inclusion of the streamers themselves as a influencing factor. While our limited
amount of streamers with disparate average viewer count did not allow for such a
comparison, it would also be interesting both to compare the mean viewer types of
streamerswith those of viewers without personal streaming experience and to compare
the average viewer types of streamerswith lowprofile streams to thosewith high profile
streams.

Other potentially interesting influencing factors could be culture and language, such
that translating and revalidating the questionnaire for further languages such as Span-
ish (the second most spoken language on Twitch in 2021, according to Statista.com10)
would be a promising way of gathering validity data and enabling comparisons of
viewer-type distributions for different cultural and language communities. These trans-
lated questionnaireswould also be useful to assess viewer preferences for amuch larger
number of international viewers in their respective native language.

We provide a guide on how to use the questionnaire in “A.4,” i.e., including the
viewer types with their items, explanations on how to calculate the viewer-type scores,
and important considerations when using the questionnaire.
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Appendix

A.1

See Table 9.

10 https://www.statista.com/statistics/1133027/llanguage-twitch/, last accessed: 02/04/2022.
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A.2

See Table 10.

Table 10 Descriptive statistics
for the viewer-type
questionnaire in the second
study (N = 148). Item wordings
can be looked up in Table 2

Viewer Type Item Mean SD Skewness Kurtosis

SA 1.1 2.716 1.178 .087 − 1.120

1.2 2.986 1.223 − .107 − 1.111

1.3 3.034 1.231 − .107 − 1.067

1.4 3.176 1.194 − .386 − 0.912

1.5 2.453 1.357 .351 − 1.296

FS 2.1 3.453 1.321 − .566 − .839

2.2 3.115 1.383 − .327 − 1.256

2.3 3.108 1.467 − .301 − 1.376

2.4 3.628 1.347 − .753 − .718

2.5 4.007 .944 − .688 − .232

CO 3.1 3.432 1.224 − .286 − 1.092

3.2 2.757 1.363 .185 − 1.334

3.3 3.797 1.050 − .680 − .207

3.4 3.426 1.119 − .335 − .863

3.5 2.932 1.318 .106 − 1.211

SO 4.1 3.514 1.192 − .367 − .874

4.2 3.068 1.205 − .175 − .984

4.3 3.959 1.118 − .994 .186

4.4 4.203 .888 − .981 .213

4.5 2.831 1.078 − .020 − .782

SP 5.1 3.615 1.128 − .680 − .159

5.2 3.439 1.252 − .534 − .769

5.3 3.345 1.292 − .391 − .920

5.4 3.493 1.187 − .530 − .551

5.5 3.676 1.096 − .757 .077

For 4.2 and 4.5, the values of the recoded variables are reported
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A.3

See Table 11.

Table 11 Full hierarchical regressions (see Table 6 for the feature descriptions). ***p < .001; **p < .01;
*p < .05

Feat. Step VT B SE β R2 �R

Features with SA as main predictor

01 1 (C) .566 .259 .42 .42∗∗∗
SA .868 .05 .646∗∗∗

02 1 (C) .851 .278 .30 .30∗∗∗
SA .715 .091 .544∗∗∗

03 1 (C) 1.565 .264 .28 .28∗∗∗
SA .657 .087 .531∗∗∗

04 1 (C) 1.469 .269 .20 .20∗∗∗
SA .537 .088 .449∗∗∗

05 1 (C) 2.497 .253 .15 .15∗∗∗
SA .415 .083 .382∗∗∗

06 1 (C) 2.156 .265 .11 .11∗∗∗
SA .371 .087 .333∗∗∗

07 1 (C) 2.523 .263 .10 .10∗∗∗
SA .349 .086 .317∗∗∗

2 (C) 3.372 .456 .13 .03∗
SA .316 .086 .287∗∗∗
CO − .231 .102 − .178∗

08 1 (C) 2.511 .252 .09 .09∗∗∗
SA .318 .083 .303∗∗∗

Features with FS as main predictor

09 1 (C) .886 .249 .41 .41∗∗∗
FS .687 .068 .639∗∗∗

2 (C) .381 .331 .43 .02∗
FS .609 .076 .566∗∗∗
SP .220 .097 .160∗

10 1 (C) 1.023 .271 .27 .27∗∗∗
FS .544 .075 .516∗∗∗

2 (C) .401 .360 .30 .03∗
FS .448 .082 .425∗∗∗
SP .271 .105 .201∗

11 1 (C) 1.011 .307 .26 .26∗∗∗
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Table 11 continued

Feat. Step VT B SE β R2 �R

FS .606 .085 .509∗∗∗
2 (C) 2.255 .597 .29 .03∗

FS .513 .092 .432∗∗∗
CO − .282 .117 − .186∗

3 (C) 1.582 .666 .31 .02∗
FS .429 .099 .361∗∗∗
CO − .263 .116 − .174∗
SP .257 .119 .168∗
FS .484 .079 .453∗∗∗

13 1 (C) 1.532 .325 .13 .13∗∗∗
FS .414 .089 .358∗∗∗

2 (C) .614 .367 .24 .11∗∗∗
FS .332 .086 .287∗∗∗
SA .418 .093 .334∗∗∗

3 (C) .161 .411 .27 .03∗
FS .243 .093 .210∗∗
SA .283 .109 .225∗
SP .328 .141 .221∗

14 1 (C) 1.409 .291 .13 .13∗∗∗
FS .375 .080 .362∗∗∗

2 (C) .890 .389 .15 .02∗
FS .295 .089 .285∗∗
SP .227 .114 .171∗

Features with CO as main predictor

15 1 (C) 2.629 .315 .10 .10∗∗∗
CO .382 .093 .322∗∗∗

16 1 (C) 2.223 .379 .08 .08∗∗
CO .356 .109 .281∗∗

17 1 (C) 2.839 .353 .05 .05∗∗
CO .283 .105 .218∗∗

18 1 (C) 3.234 .317 .04 .04∗
CO .245 .094 .211∗

19 1 (C) 3.324 .321 .04 .04∗
CO .221 .095 .190∗

Features with SO as main predictor

20 1 (C) 1.688 .359 .16 .16∗∗∗
SO .518 .099 .397∗∗∗

2 (C) .249 .455 .27 .11∗∗∗
SO .495 .093 .379∗∗∗
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Table 11 continued

Feat. Step VT B SE β R2 �R

SP .432 .092 .333∗∗∗
21 1 (C) 1.474 .395 .11 .11∗∗∗

SO .451 .109 .324∗∗∗
2 (C) 1.112 .423 .14 .03∗

SO .361 .115 .259∗∗
FS .196 .089 .182∗

22 1 (C) 1.538 .420 .08 .08∗∗∗
SO .426 .116 .290∗∗∗

2 (C) .618 .561 .12 .04∗
SO .411 .114 .280∗∗∗
SP .276 .114 .189∗

23 1 (C) 1.854 .417 .07 .07∗∗
SO .384 .115 .265∗∗

24 1 (C) 4.448 .450 .05 .05∗∗
SO − .354 .125 − .229∗∗

25 1 (C) 4.379 .443 .05 .05∗∗
SO − .333 .122 − .219∗∗

Features with SP as main predictor

26 1 (C) 1.364 .278 .38 .38∗∗∗
SP .719 .077 .613∗∗∗

2 (C) 1.142 .289 .40 .02∗
SP .628 .085 .535∗∗∗
FS .156 .066 .171∗

27 1 (C) 1.130 .281 .37 .37∗∗∗
SP .723 .078 .610∗∗∗

2 (C) .917 .293 .39 .02∗
SP .636 .086 .537∗∗∗
FS .150 .067 .162∗

28 1 (C) 1.348 .318 .27 .27∗∗∗
SP .649 .088 .522∗∗∗

29 1 (C) 1.463 .322 .25 .25∗∗∗
SP .628 .089 .504∗∗∗

2 (C) 1.225 .336 .27 .02∗
SP .530 .099 .426∗∗∗
FS .168 .077 .173∗

30 1 (C) .899 .417 .18 .18∗∗∗
SP .650 .115 .423∗∗∗

31 1 (C) 1.367 .351 .16 .16∗∗∗
SP .519 .097 .405∗∗∗
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Table 11 continued

Feat. Step VT B SE β R2 �R

2 (C) .295 .462 .22 .06∗∗∗
SP .502 .094 .392∗∗∗
SO .322 .094 .249∗∗∗

3 (C) .297 .457 .24 .02∗
SP .404 .105 .315∗∗∗
SO .246 .101 .191∗
FS .176 .087 .177∗

32 1 (C) 1.801 .363 .15 .15∗∗∗
SP .509 .100 .387∗∗∗

2 (C) 1.670 .360 .18 .03∗
SP .343 .119 .261∗∗
SA .248 .101 .224∗

33 1 (C) 1.402 .338 .15 .15∗∗∗
SP .468 .093 .383∗∗∗

2 (C) 1.108 .350 .19 .04∗
SP .348 .103 .285∗∗∗
FS .207 .080 .217∗

34 1 (C) 1.521 .396 .13 .13∗∗∗
SP .515 .109 .363∗∗∗

2 (C) 1.396 .395 .16 .03∗∗
SP .357 .131 .251∗∗
SA .237 .111 .198∗

35 1 (C) 2.549 .307 .13 .13∗∗∗
SP .400 .085 .363∗∗∗

2 (C) 2.445 .306 .16 .03∗∗
SP .268 .101 .244∗∗
SA .197 .086 .211∗

36 1 (C) 1.412 .374 .13 .13∗∗∗
SP .487 .104 .363∗∗∗

2 (C) 1.297 .374 .16 .03∗
SP .342 .124 .255∗∗
SA .217 .105 .192∗

37 1 (C) 2.020 .415 .09 .09∗∗∗
SP .429 .115 .295∗∗∗

A.4: How to use the viewer-type questionnaire

System Alterer (SA):

• I would like to change what the streamer is showing in the stream.
• I would like to change parts of the game being played during the stream.
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• I prefer to have influence on what happens in the game rather than just watching.
• I like to have influence on what happens in the game in order to support the
streamer.

• I like to have influence onwhat happens in the game in order to impede the streamer.

Financial Sponsor (FS):

• I would like to financially support my favorite streamer.
• I financially support the streamer in order to help maintain good content quality
in the stream.

• I donate money to the streamer to show my support for them.
• I can imagine donating money to streamers.
• I believe that viewers should support streamers whose content they particularly
appreciate.

Content Observer (CO):

• I like to watch the game the streamer is streaming without being distracted by
other viewers.

• I do not like to communicate with others in a stream.
• I find things that happen in the streamed game more interesting than communica-
tion with other viewers.

• I find things that happen in the streamed game more interesting than communica-
tion with the streamer.

• I don’t like the streamer to be distracted by other viewers.

Streamer-focused Observer (SO):

1. As a viewer, I find the streamer more important than the game being streamed.
[R] I find the streamed game more important than the streamer.
2. I believe that the streamer is the most important part of the stream.
3. I am interested in the streamer him/herself.

[R] I like to know more about the current game situation than the streamer.

Social Player (SP):

• I like raffles the streamer runs.
• I would like to unlock achievements in the stream.
• I like to collect rewards during the stream.
• I would like streamers to show/use items (e.g., images, sounds, creations) sent in
by viewers in the stream.

• I think that viewers who watch the stream a lot should have access to more features
in the stream.

Please note: A guideline to the use of the questionnaire is provided on the following
page, including the exact question used for each of the items, the answering options
and other important considerations for both analysis and interpretation.

Guide:

1. The items should be preceded by the following question:
Towhat extent do the following statements apply to you as a viewer of gaming
live-streams?
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2. All items must be answered individually on the following five-point scale:

Disagree (1) Somewhat
disagree (2)

Neither agree
nor disagree (3)

Somewhat
agree (4) Agree (5)

3. Since we presented the items in randomized order for both studies, we recommend
doing the same when applying this questionnaire in order to maintain validity.

4. Higher values, i.e., 4 or 5, indicate higher relation to the respective viewer type.
However, two items of the SO (marked by [R]) need to be recoded by reversing
values: 1 (Disagree) becomes 5 (Agree), 2 (Somewhat disagree) becomes 4 (Some-
what agree). Accordingly, 4 becomes 2 and 5 becomes 1. 3 (Neither agree nor
disagree) remains the same.

5. After recoding, viewer-type mean scores can be calculated by averaging the values

of the five items for each viewer type, e.g., SPScore = SP.1+SP.2+SP.3+SP.4+SP.5
5

6. The viewer types are not mutually exclusive. For example, the average viewer of
an audience may be both a Social Player and a Financial Sponsor.

7. Since audiences are prone to vary (e.g., due to successful feature implementation,
leading tomore viewers of the respective viewer type, or due to substantial changes
in the audience size), it is advisable to apply the questionnaire in regular intervals
to monitor feature success and other influences on audience changes.
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