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People often leverage multiple platforms to share activities they undertake in their lives, frommusic listening to
eating. Broad-purpose platforms, which people use to share a wide variety of activities with a diverse audience,
and dedicated platforms, which often focus on tracking and sharing a specific activity with connections
with similar interests, both help individuals seeking social benefits from sharing their activity. Researchers
designing systems for activity sharing have often reflected on whether to support sharing on dedicated
or broad-purpose platforms, suggesting a need to better understand their relative utility. We collected and
compared the responses received between 700,000 pairs of activity-sharing posts on four sets of broad-purpose
and dedicated platforms across two domains: physical activity (Strava, MapMyRun) and creativity (Dribbble,
Behance). Results showed that dedicated platforms were more likely to receive responses (likes and comments),
and comments were more likely to be encouraging and refer to specific qualities of the activities being shared.
We reflect on the tradeoff between sheer audience volume and likelihood of response, and discuss how to
design prompts and templates into sharing features which better align with the norms of respective platforms.
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1 Introduction
People often turn to online social platforms to share activities that they accomplish, ranging from
major life activities like graduations, travel, or births to more everyday activities like exercising,
music listening, or craft projects. Sharing activities online can help people achieve benefits such
as being held accountable to goals in-progress [68, 70], celebrating accomplishments [21, 43, 100],
emotional support or encouragement [37, 93], motivating or informing others to pursue similar goals
[7], seeking informational support from reliable sources [58, 82], self-presentation, or maintaining
relationships with others [113]. With the rapid expansion of communication technologies, especially
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the prevalence of online social platforms, people have opportunity to reach their desired audiences
and achieve their sharing goals more easily than ever.

Although people frequently use multiple social platforms concurrently towards different sharing
and communication goals, such as direct messaging with close ties [54, 91], online forums for
feedback and support [16, 84], and live-streaming for sociality [104], one dimension by which social
platforms can be organized is by their content diversity - the amount of activity domains that a
platform supports sharing. Many research and commercial social platforms focus on supporting
conversation and socialization around a dedicated category of activity, such as creative work (e.g.,
Dribbble, Behance, DeviantArt, [46, 62]), physical activity (e.g., Strava, Nike Run Club, [66, 69]),
health issues (e.g., MyFitnessPal, PatientsLikeMe, [32, 61, 78]), and hobbies (e.g., AllTrails, Vivino,
[34, 48]). Many platforms instead support activity sharing without a specific focus, such as when
using broad-purpose platforms including Twitter, Instagram, or TikTok. Given the prevalence of
sharing in the modern day landscape of online social platforms, the research field has frequently
speculated the relative utility of sharing with different kinds of audiences and through different
social platforms [98, 112].
Importantly, research has pointed out benefits and concerns with sharing on both kinds of

platforms. On broad purpose platforms, it can be easier to reach a large and more diverse audience,
helping one to get larger response when needed, such as connecting weaker ties for social resources
[35, 74], diverse opinions for instrumental support [111], or celebrating major accomplishments
and inform or educate others [21, 89, 100]. However, the audience’s diversity can make sharers
subject to concerns of privacy and contextual collapse, and people might worry about oversharing
or that the shared content might not be interesting or too trivial for a large audience [10, 29, 69, 74].
Dedicated platforms, on the other hand, can help with reaching audiences with similar interests,
which lowers the barrier for activity-specific benefits such as receiving specific support, feedback,
or advice, and building up connection among interested others [19, 46, 61]. In these platforms,
people are often concerned that what they share will be subject to social comparison or negative
self-perception given the highly-centered interest [62, 97]. Further, it requires effort to maintain an
active dedicated community with an sufficient audience size within the platform [46, 79, 80].

While research has pointed to benefits and concerns that people have or experience when sharing
on both types of platforms, there is a lack of understanding of how actual response differs when
sharing activities. We specifically examine three dimensions of response difference, following a
tradition of prior studies examining similar dimensions on a single platform [18, 29, 88, 89]. (1)
Response quantity: if people tend to receive significantly less response on one type of platform, it
can hinder the purported benefits of sharing. Given that people fear that broad-purpose audiences
will not be interested in their activities [29, 69, 74, 95], understanding the relative response will help
validate that fear and suggest a need for design approaches to remedy it. (2) Impact of use of editing
features: prior work has suggested that editing activity text description or embedding images are
helpful for broader audiences to understand the content [29]. Understanding the extent to which
use of these features matter on dedicated sites, versus more holistically, can influence whether
and how platforms encourage editing. (3) Textual response features: response in positive valence
and higher topical relevance is considered beneficial in helping sharers to realize the anticipated
benefits [6, 8, 10, 75]. If responses to activity sharing on broad-purpose platforms tend to be receive
in more positive language and with higher relevance to the activities being shared, it suggests that
the benefit of broader reach outweighs the concerns. In line with these three dimensions, we ask
the following research questions:

• RQ1. How does a platform’s level of content diversity influence the quantity of response
people receive when sharing their activity?
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• RQ2. How does use of editing features in activity sharing posts such as (a) embedded photos
and (b) edited text influence the quantity of response that people receive across the platforms
with different level of content diversity?

• RQ3. How does the textual features of response differ between broad-purpose and dedicated
platforms?

To answer these questions, we compared responses received when sharing activity on dedicated
and broad-purpose platforms based on their quantity, the influence of editing features, and their
textual response features. We examined applications with social awareness streams, or feeds of
messages from one’s social audience, which are used across a variety of different applications
[13, 73] and provide similar format of social response (e.g., commenting features, one-click responses
such as likes). We examined two applications in each of two domains (creativity in Dribbble and
Behance, physical activity in Strava and MapMyRun) as case studies. Each application contained
dedicated social awareness streams, and supported cross-posting activity sharing to Twitter, a
broad-purpose platform. Our dataset contains more than 700,000 pairs of cross-posts of activity
sharing and their replies across seven years from 2015 to 2022. We specifically compared the
response in three dimensions to understand their differences across the platforms. To address
RQ1, we compared the quantity of response (amount of likes, comments, unique commenters,
and the presence of conversation) through regression analysis. For RQ2, we compared the editing
features’ influence (edited text or embedded images) through regression analysis. For RQ3, we
examined the differences of textual features of response through textual analysis, leveraging TF-IDF
and log-likelihood ratio for topic relevance, and sentiment analysis for emotional valence of the
responses.
Our findings demonstrated that, on average, posts made to dedicated platforms received more

social engagement compared to their counterparts on broad-purpose platforms, receiving more
likes and replies from more unique commenters. This confirms prior work demonstrating that
activities shared with more use of editing features (e.g., edited text descriptions and images) receive
more social engagement [29]. Expanding on this finding, our work shows that embedded photos in
particular increase amount of response more on dedicated platforms, but the likelihood of response
on broad-purpose platforms. We find that comments on dedicated platforms are more positive
in valence and tend to include more supportive words and more specific commentary about the
activity being shared, such as the level of accomplishment in physical activity or visual aspects
of creative works. Conversely, posts to broad-purpose platforms focus on the sociality around
the activity and were more likely to include words displaying evidence of people leveraging the
different social mechanisms of the platform to connect or communicate with others.

Overall, our findings illustrate benefits and drawbacks of sharing on each platform, such as trading
off sheer audience size with likelihood of engagement. We further suggest recommendations for
incorporating social platforms into activity-tracking technologies, such as how to design prompts
and templates which align with the norms of dedicated and broad-purpose platforms. Through
this examination, we contribute empirical understanding of how quantity and textual features of
response differs by a platform’s level of content diversity, how these differences are influenced by
the use of editing features, and recommendations of how designs for activity sharing can better
align with each platform’s respective norms.

2 Related Work
Examining platform differences in activity sharing first requires defining terminology around
activity and differentiating social platforms. Our analysis expands on prior work around sharing
on broad-purpose and dedicated social platforms, as well as multi-platform behaviors.
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2.1 Defining Activity Sharing, Broad-purpose, and Dedicated Online Social Platforms
We define an activity that someone might share online as something that an individual has spent
time and effort on within their life, which they later reference in content that they create and share
on an online social platform. Activities are largely shared for goals like celebrating accomplishments
around activities completed [21, 43, 100, 113] or sustaining motivation to continue the activity
[71, 74, 100]. These motivations differ somewhat from other goals for sharing online which do not
typically center an activity, such as asking a question for the purpose of getting it answered [67] or
sharing a personal interest or opinion in order to facilitate a conversation or social bonding with
others [105]. Examples of activities that people share online span a wide range of different domains,
such as creative work and artistic creations [19, 34, 46, 63], physical activity [29, 48, 66, 69, 106],
health or wellbeing [21, 61, 74, 78], music listening [47, 52, 92], and gaming [39, 50, 83]. General
updates of events or milestones of significance in the sharer’s life including graduations, age
milestones, births, identity changes, professional development, or travel could all be classified under
activity sharing [23, 38, 49, 89]. While prior literature has often considered activity sharing in the
context of sharing of personal informatics data [21, 29, 82, 102], we broadly consider what “data”
could be when sharing activities, highlighting how people include a diverse set of information
when sharing activities including tracked data, text descriptions, or media content such as images
and videos. Activities need not be “quantified” (e.g., miles ran, times a song has been played) when
being shared, though many are.

Figure 1 illustrates how we sort platforms where activities can be shared based on their content
diversity. Content diversity in platforms exists on a spectrum. We broadly classify platforms as
either dedicated (e.g., with low content diversity) or broad-purpose (e.g., with high content diversity).
This categorization adds a new dimension to Zhang et al.’s full Form-From model [110], expanding
the “Content” theme.

Our distinction between dedicated and broad-purpose social platforms largely excludes platforms
which aggregate shared content from across communities which might be more “dedicated” in
nature. For example, Reddit offers an example of a platform where people regularly subscribe to
multiple communities with a more narrow focus. Specific servers connected by the ActivityPub
protocol (e.g., Mastodon instances) might center more dedicated topics, but the broader connection
with the fediverse enables aggregation largely outside the scope of our definition.

2.1.1 Dedicated Platforms. Dedicated platforms focus on supporting sharing of one or a few specific
kinds of activities, providing some topical consistency and tend to have less diversity of content
shared within the platform. In doing so, the platforms often incorporate features that support
undertaking the activity alongside the social features, such as Spotify including a “Friend Activity”
feed within their music-playing app or GitHub having an activity trace amidst supporting repository
management features. Many dedicated platforms include features tracking or documenting activities
as well as sharing them, such as triggering a recording of a run on Strava orMapMyRun or uploading
pictures from new creative projects on Behance. Some platforms support sharing a few types of
activities, which we classify as having slightly greater content diversity. For instance, Github’s
activity feed largely highlights when someone pushes or commits to a repository, but other types of
activities like making pull requests or asking and answering questions appear in the feed. Wikipedia
activities consist of a user’s edit log, article creation, and also the discussion they have on specific
topics. Conversely, activities in Venmo are homogeneous, consisting only of financial transactions,
and thus has lower content diversity.

While one might not explicitly “need” to have interest in a type of activity in order to create an
account and curate a feed on a dedicated platform, we anticipate that the overwhelming majority
of people would only do so if they were interested in the activity. For example, while someone
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Fig. 1. Categorization of social platforms based on their content diversity. Dedicated, or low-diversity platforms,
support sharing content within a single domain or among a few related domains. Conversely, broad-purpose
platforms tend to have high diversity of content, supporting sharing many kinds of activities on the platform.

could create a Spotify account to follow what their friends are listening to, we imagine that the
vast majority of people who use Spotify’s social features also use the platform to listen to their
own music or other content. We note that dedicated platforms may vary in how “central” the social
components are to the platform’s features. For many dedicated platforms, a person could document
activities purely for their own reminiscence or self-understanding [86], and not share at all. But,
others might view sharing as a more core component of the experience [21, 57, 72, 82].

2.1.2 Broad-purpose Platforms. Broad-purpose platforms, on the other hand, refer to social platforms
that are without a focus or dedicated to a specific topic. Broad-purpose platforms include Instagram,
Twitter, Facebook, TikTok, and Snapchat, and are often used to share a wide variety of topics with
audiences. The specific platforms we consider as broad-purpose platforms have significant overlap
with other common terminology surrounding social computing like social networking sites [9] or
social media [44, 113], and are often the most widely-used social technologies.
Broad-purpose platforms have a wide variety of content, potentially including content which

might not be classified as activities (e.g., opinions, news, asking and answering questions). These
platform’s sharing features typically do not limit or specifically encourage sharing a specific type of
content. Different people can engage with radically different content on broad-purpose platforms,
and there is no enforced consistency in the kinds of activities people engage with. While one user
may use Twitter or TikTok to post when they go running, and follow other runners (or have their
feeds algorithmically curated to show them content from other runners), another may instead
use these platforms to share the music they are listening to and engage with others listening to
the same music. Reddit and its subcommunities operate similarly. While an individual may curate
the Subreddits they follow around particular interests or activities, the overall platform does not
restrict or suggest sharing a particular kind of content.
Some broad-purpose platforms maintain high content diversity while still having focus on a

specific purpose or broad topic. For instance, content on LinkedIn is typically professional in nature,
but the platform enables people to share a wide range of professional activities including career
moves, job postings, networking events, development training, and product or service launches.
Nextdoor users also share many different activities relevant to their geographical proximity such
as neighborhood events, yard scales or giveaways, and new rentals or subleases. We classify
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these platforms as having more content diversity than dedicated platforms, but less than other
broad-purpose platforms.

2.2 Comparing Activity Sharing on Broad-purpose and Dedicated Social Platforms
People share activities that they undertake to achieve a range of sharing goals. Sharing activities
can often help people receive the support they desired, including emotional or instrumental support
[22, 25, 46, 51, 58, 61, 66, 74, 93]. Sharing activity with others could also help keep individuals
motivated or hold them accountable to goals they have set [21, 68, 70]. People also often leverage
this sharing as an opportunity to motivate their audiences to undertake the same activity [7, 20, 66].
In addition, sharing activity can also bring social-emotional benefits such as increasing a sense of
connectedness [36, 54, 102], or fulfill people’s communication goals around impression management
or self-presentation [63, 74, 113].
In order to account for these different sharing goals, people often choose among different

platforms to identify which would be most effective towards their sharing goal [76, 96], as well as
cross-post to multiple platforms in order to reach different audiences at once [14, 33, 99]. Many
research and commercial systems, including those which we study here, allow for sharing on
both dedicated and broad-purpose platforms [28, 69]. In the context of activity, many apps for
monitoring or performing activities include app-internal social platforms, while also supporting
export of activities to broad-purpose platforms [57].

In our work, we examine how content diversity influences how three aspects of response: (1) the
quantity of response people receive, (2) how using editing features impact the quantity of response,
and (3) the textual features of the response people receive. Each of these measures relate to how
people perceive whether they achieve their goal(s) for sharing activity.

2.2.1 Response Quantity. The amount of response received when sharing (e.g., replies, single-
click response such as likes and favorites) is often considered by the sharer to be an indicator of
the audience’s interest in them and their content. For instance, the amount of response is often
considered as an effective indicator of social support [4, 12, 87]. It also matters when people seek
to celebrating life events or for social connections because past work uncovered that the quantity
of response has been an indicator of fulfillment of people’s needs for connections with friends,
like-minded people, or support when sharing on social platforms [90, 101]. People also consider the
amount of response as an indicator of success when seeking information or exchanging knowledge
[55, 77] and requesting advice or critique, such as of creative work [62, 108]. At a platform scale, the
amount of response that shared content receives is used as an indicator of the online community’s
health [6, 103], as having good amount of members actively interacting and socializing suggests
that people are able to acquire sustained support and achieve long-term benefits from participating
[111].

There are reasons to believe that response quantity could be higher on either dedicated or broad-
purpose platforms when sharing activities. On broad-purpose platforms, people are able to reach a
larger audience given the wide range of interests covered on the platform [11]. Consequently, users
of the platform may often have many connections that they have different types of relationships
or strength of ties with [76]. Sharing activities on platforms with larger audiences might make it
more likely that the content to receive responses [111]. Conversely, for dedicated platforms, people
are more likely to reach audiences with similar interests [19, 34, 46, 60, 61, 78], who might be more
likely to provide response. In addition, the lower level of content diversity may lead to people more
willing to share frequently [37, 46, 48], or to self-disclose [49, 106, 109], which often effectively
helps individuals receive greater response or support [10, 23].
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Research hypotheses: Based on previous research, we speculate that dedicated platforms,
which provide an audience group that shares similar interests in a specific type of activity, could be
helping the sharer to receive more response compared to sharing on broad-purpose platforms. We
therefore hypothesize that:

• Hypothesis 1. Activity posts on dedicated platforms receive more response than on broad-
purpose platforms.

2.2.2 Impact of Use of Editing Features. Because activities are often tracked in dedicated apps,
there is often a “default” format applied when activities get shared, whether on dedicated or broad-
purpose platforms. Shared activities from these apps typically consist of some text description
of the activity and potentially an image, video, or other piece of media (e.g., a map for physical
activity). Platforms often provide editable placeholders, such as of the text (e.g., “Afternoon Run”
for Strava, “[Work Name] by [Author Name] for Behance) or of images (e.g., a map or a route ran
on Strava).
Past research has pointed out that alignment with the interests of an online community tends

to lead to more response received [6]. Individuals often reframe content to align with community
norms [74] in order to receive their desired sharing outcomes. In activity sharing, editing features
are a common design strategy for supporting people in reframing shared activities to add context.
Prior work has repeatedly shown that how content is framed (e.g., inclusion of pictures, user-
generated text) influences response [19, 24, 29, 46], and specifically that use of editing features
leads to more response and higher impressions of the sharer when sharing physical activity from
RunKeeper on Twitter [29]. However, studies typically examine the influence of editing features in
a specific social platform, whether dedicated [19, 46] or broad-purpose [24, 29]. Understanding the
relative importance of editing features in dedicated and broad-purpose platforms can influence
design of these social features, such as requiring that content be edited on broad-purpose platforms.
Research Hypotheses: Given past analysis has suggested that using editing features result

in greater response when used in one activity domain (physical activity) on a single platform (a
broad-purpose platform, with high level of content diversity) [29], we expect that this effect will
hold across sharing in different activity domains and platforms with different levels of content
diversity. We further expect that use of editing features would cater more to the needs of dedicated
groups (e.g., groups with shared interest in the activity, but low content diversity), as they might
desire having more context around the activity. However, we expect that the influence of using
editing features will be dwarfed by the effect of the platform’s content diversity. Said differently, we
expect that audience matters more than the content. For example, switching from a broad-purpose
platform to a dedicated platform might boost the amount of likes and comments received more than
using editing features to embed user-generated photos when sharing a physical activity. Therefore,
we hypothesize that:

• Hypothesis 2-1. Using editing features results in higher likelihood in receiving response as
well as more responses.

• Hypothesis 2-2. Response amount is influenced more strongly by a platform’s level of
content diversity than the use of editing features.

• Hypothesis 2-3. Use of editing features to change text increases response amount more on
dedicated platforms than on broad-purpose platforms.

• Hypothesis 2-4. Use of editing features to embed photos increases response amount more
on dedicated platforms than on broad-purpose platforms.

2.2.3 Textual Response Features. Beyond response quantity, people who share often value aspects
of the quality of the response received, such as whether it aligns with their sharing goals. One
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common strategy for assessing textual quality is to examine the emotional valence of response, as
this impacts how people perceive the support they receive. Studies of online communities suggest
that use of positive language in posts and replies can lead people to feel connected to one another
and reciprocate positivity [17], as well as sustain motivation in activities that requires substantial
effort such as fan-fiction writing [15]. Valence in response also heavily impacts participation in
online communities [114]. Receiving positive response further helps individuals enhance their
emotional well-being in online sharing contexts [5, 10]. Furthermore, research has suggested that
there a is a contagion effect to positivity in online communities, where people who receive more
positivity are more willing to further provide positive comments to others [18]. Topical relevance
of the response also has great impact on how individuals perceive their sharing response because it
reflects the audience’s interest in what was shared [8]. The response not staying on topic could
lead to incoherent conversation, which can diminish the individual’s willingness to participate in
the online platform in the future [6].

Past work suggests that response valence might be higher on dedicated platforms because people
are often willing to self-disclose more in these spaces [49, 106, 109], and greater self-disclosure
disclosure of emotion can lead audiences responding with more emotion [10]. Broad purpose
platforms may also have established norm of responding to activities positively, but this may be
caused by more of a norm of sharing positivity and performing identity [41, 113]. Towards topical
relevance, as dedicated platforms have less content diversity, people might be more likely to stay
on-topic when engaging and responding to shared activities [99]. Moreover, audiences on dedicated
platforms likely share higher interest in the topic, thus leading to them more likely to provide
relevant comments based on their interest and knowledge. Conversely, it may be less likely that
audiences on broad-purpose platforms have relevant comments to share about the activity.
Research Hypotheses: Based on the prior work, we expect to see comments on dedicated

platforms having more positive valence because the amount of topical understanding will lead to
greater support. We also expect to see higher topical relevance in responses on dedicated platforms
because of the shared interest in the domain. For instance, people sharing physical activity on a
dedicated platform might be more likely to get response that focus on the details about the activity.
Therefore, we hypothesize that:

• Hypothesis 3-1. Activity posts to dedicated platforms tend to receive more response in
positive valence than their counterparts on broad-purpose platforms.

• Hypothesis 3-2. Responses to activity posts on dedicated platforms tend to have more topical
relevance than their counterparts on broad-purpose platforms.

3 Method
To answer our research questions and test our hypotheses around the influence of platform’s level
of content diversity on response when sharing activity, we sought to examine how the quantity
and characteristics of responses differ across platforms. Doing so required identifying dedicated
platforms where activities were frequently cross-posted to a broad-purpose platform, collecting
and filtering posts to those platforms, and analyzing the responses. We further discuss ethical
considerations of our approach.

3.1 Identifying Platforms
To address our research questions around comparing the responses on broad-purpose and dedicated
platforms for sharing data-driven activities, we first identified platforms suitable for conducting
this analysis.
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Towards a broad-purpose platform, we aimed to identify a platform that (1) did not have a clear
focus on a type of activity, (2) prioritizes social interaction through a social awareness stream
[73], (3) has an active user group that would cross-post from dedicated platforms, and (4) provides
social features that allows audience members to provide feedback in the form of text and one-
click response [40]. We chose Twitter as our focus as it fulfills all above inclusion criteria, but
other prominent platforms such as Instagram have similar features. In particular, Twitter’s now
deprecated [3] API resources for academic research, were free and openly available for researchers
during the time of our data collection, and enabled collecting public conversation data on the
platform needed to answer our research questions [1].
For the dedicated sharing platforms, we aimed to identify platforms that focus on a specific

domain of activity sharing. As our goal is to compare the sharing responses between broad-purpose
and dedicated platforms, we sought dedicated platforms that support exporting the shared activity
to broad-purpose platforms while also having similar social features for responses within the
dedicated platform, particularly text comments and one-click responses. We therefore identified
dedicated platforms which: (1) allow people to share activities that include additional complemen-
tary information, such as images, text, or personal tracked data (2) include a social awareness
stream system similar to their broad-purpose platform counterpart that allows its users to both
provide comments in text and click to response (e.g., like, give heart, or "+1") on others’ shared
activity (3) explicitly supports exporting to a broader social platform when finishing the activity,
e.g., a “share to Twitter” button either at the end of the sharing process or from within the options
for a post.

Implementation details associated with a specific application are likely to impact people’s sharing
behavior and responses towards our research questions. For example, some domains of activity
may be more suitable towards sharing on broad-purpose platforms, applications differ in exactly
how they implement social awareness streams, and social norms are likely to develop within
dedicated communities. To mitigate the impact of any application-specific characteristics, we
decided to conduct our analysis across multiple dedicated applications and compare our results.
We identified two different applications in two different domains which met our inclusion criteria.
We considered and investigated a range of domains popular for activity sharing including music
sharing (e.g., Spotify, Last.fm, Soundcloud, 8Tracks), diet and food (e.g., MyFitnessPal, Foodgawker,
Yummi), finance (e.g., Venmo), physical activity (e.g., Hevy), and creative work (e.g., DeviantArt).
Several applications were considered, but eventually excluded from our study due to having limited
cross-posting support (e.g., Hevy, Yummi), not supporting social engagement such as commenting
(e.g., Foodgawker), does not fit our definition of activity sharing (e.g., Soundcloud, where Twitter
cross-posts were not personal activity-sharing but rather self-promotion). We settled on physical
activity and creativity as two prominent domains for sharing personal data [27] where we could
identify two dedicated platforms (Strava & MapMyRun for physical activity, Dribbble & Behance
for creativity) which met our inclusion criteria.

3.1.1 Differences Between Selected Platforms. All four applications we selected shared a similar
social awareness stream with similar social support features. All allowed audience response in
the form of likes and replies. Though similar, there were slight differences on how information
were presented and social features were designed on their corresponding “social feed”. Figure 2
provides examples of activity posts to each social feed, and figure 3 shows how activities look when
cross-posted to Twitter. Table 1 describes differences between applications and how they support
sharing to broad-purpose platforms like Twitter.
The applications vary slightly in the level of information displayed in the main feed (Figure 2).

In Behance’s feed, for example, only images, title, and author were presented without any social
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Fig. 2. Example of social feeds on each dedicated platforms. Social feeds (left, in blue frame) on each platforms
differs with the information presented and where they enable platform user to engage with their built-in
social features (in red frame) to provide likes and comments.

Fig. 3. Example of editing screen when cross-posting to a broad-purpose platform (Twitter) from each
dedicated platforms. Each application provides different edit support.

metrics. All other applications all displayed social engagement metrics for each post in their feeds.
How one leaves social feedback also differs slightly between applications. Strava had the most
accessible social features among all dedicated platforms, offering buttons for giving likes and replies
directly in a user’s social feed. All other dedicated application requires the user to click into each
activity sharing post in order to provide likes and comments. Behance provides some additional
friction, requiring a user to scroll down to the bottom of the activity post to leave comments. As
the broad-purpose platform we studied, Twitter displayed social engagement metrics and allowed
liking and commenting on its user’s feed. Our analysis only considered metrics and features that
were shared among all application and platforms. There were also minor variations across the
applications, such as differences in terminology across the platforms (likes were “kudos” on Strava)
or name-tagging in replies available only on Dribbble, Strava, and Twitter. Some applications also
provide alternative engagement features, such as Twitter’s “retweeting” of a post, which we did
not consider in our study. Though there are differences within how applications generate friction
when leaving social feedback, we did not notice these differences impacting like or response rate in
the applications we studied.

Applications also provide different editing features for posts, differing on two aspects: (1) what
fields were required for each post, and (2) whether default templates of text, stock photos, or
text prompts were provided. Some dedicated applications required images (Strava, Dribbble, and
Behance) when sharing activities while others did not. Some platforms offer text prompts that help
formulate written descriptions (Strava, Dribbble, and MapMyRun) while others (Export-to-Twitter
on Strava, Dribbble, and Behance) offer default text templates. We also highlight the differences
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Main Text Field Images
Application Type Required Edit Support Prompt / Template Example Required Edit Support Description

Dedicated Yes Text Prompt "Give me a name" Yes Text Prompt

"What are you working
on? Upload your design.
This will also be used as
the thumbnails in feed"

Dribbble Broad-purpose No Text Template
(Auto-filled)

"[Work Name] by
[Author name]
http://[link-to-
Dribbble-activity]"

No Default image User-uploaded image
from activity post

Dedicated Yes Text Prompt "Name Your Project" Yes Text Prompt
"Start a Project / Add
content to your project
using the tools below"

Behance Broad-purpose No Text Template
(Auto-filled)

"[Work Name]" by
[Author name] on
@Behance http://
[link-to-Behance-activity]

No No Prompts
or Default image No default image

Dedicated Yes Text Template
(Auto-filled) "Afternoon Run" Yes Default image

(Auto-filled)
Image of map template
of tracked activity route

Strava Broad-purpose No Text Template
(Auto-filled)

"Check out my run
on Strava! http://
[link-to-strava-activity]"

Yes Default image

Image of map (default),
or user-uploaded image
overlayed with a
summary of tracked data

Dedicated Yes Text Template
(Auto-filled) "00:00:01 Run" No Text Prompt "Add Photo"

MapMyRun Broad-purpose No Text Prompt "What’s happening?" No Text Prompt

"Share the highlight.
Add a cover photo".
Photos added are overlayed
with a summary of tracked data

Table 1. Summary of features present in each platform in our study. “Broad-purpose” implies how each
dedicated platform surfaces the editing features in the interface for cross-posting to Twitter, the broad-purpose
platform in our study. All platforms provide some form of text template, while many include a default image.

between encouraging or requiring adding photos when sharing activity. Table 1 describes support
for different editing features across each application.

3.2 Data Collection & Filtering
To compare the responses that people receive when sharing the same activities on both types of
platform with different level of content diversity, we collected posts where a user shared the same
activity on both broad-purpose and dedicated platforms by identifying cross-posts from dedicated
platforms to Twitter. The dataset we collected consists of fields that the platform pair both included,
including post metadata (id, text content, author, timestamp, amount of attached photos) and post
responses (like counts, reply counts, reply contents, and accounts that replied). After filtering, our
dataset includes over half a million cross-posted posts across the four applications.

3.2.1 Collection of Posts. To collect pairs of posts shared across the two types of platforms, we first
started collecting posts on Twitter that were cross-posted from our chosen dedicated platforms.
We identified these tweets through whether they contained both application-associated hashtags
(e.g., #Strava, #Dribbble, #Behance, except for #MapMyRun) and a link to the shared activity on its
dedicated platform counterpart (e.g., strava.com/activities) and collected the tweets by accessing
the Twitter API endpoints. Our dataset includes cross-posts from November 2015 to February 2022
(see Figure 4). We filtered to posts which occurred after Twitter made a platform-wide change from
“favorite” (clicking a star) to “like” (clicking a heart) a Tweet [2]. In addition to keeping framing of
responses constant on the platform, this change aligned more closely with the features present in
the dedicated platforms. For collecting the corresponding activity posts on the dedicated platforms,
we back-tracked to the dedicated platforms posts using the links in the collected tweets, similar to
prior work [24].
After collecting the data from the dedicated platforms, we filtered out posts which were not

accessible or relevant for analysis. First, we removed tweets with links to dedicated platform
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Fig. 4. Distribution of cross-posts collected for each application in time. Our dataset contains cross-posts
from dedicated platforms to Twitter from between November 2015 and February 2022.

activities which were inaccessible. Some were dead links, as well as links where like/comment data
on the dedicated platforms were inaccessible, potentially because of the account’s privacy settings
on the dedicated platform. We also removed shortened links (e.g., IFTTT links) which were more
difficult to automate the collection of. Second, we removed tweets which had links to dedicated
platform activities that were obviously not examples of activity sharing, such as “challenges” on
Strava. Third, when a person cross-posted an activity multiple times (e.g., re-shared the same
creative work link), we kept only the chronologically first post and tweet to minimize influence of
reposting on our analysis, as interest in repeated posts from an individual on a single topic might
diminish over time.
To minimize the influence of bot behavior (e.g., bot-generated activities) on our analysis, we

also examined the frequency and style of posts in our dataset. To achieve this, we first identified
accounts that fit the following criteria: 1) accounts which tweeted more than 25 tweets in the
dataset 2) accounts which had more than 75% of their tweets created within 30 days of each other, or
3) accounts which had more than 50% of their tweets referencing the same activity on the dedicated
platform. In addition, we identified the posts from the 25 most prevalent posters in each domain,
which accounts for 6.55 to 18.69% of each overall dataset. We manually examined the posting
history of these accounts to determine whether they are bots. Our manual inspection focused on
whether the post frequency seemed reasonable (e.g., even the most prevalent users tended not to
run or post creative works more than once per day), whether the post content seemed repetitive,
or whether timing seemed synchronized or otherwise suspicious. Within the category, we found
some accounts that appeared to be “influencers” [45, 56] on the platforms by posting frequently
and accruing a large following, but otherwise follow posting behavior in frequencies similar to
other users.
After our manual inspection, we found accounts from both Dribbble and Behance that self-

described as bots in their account description, and do not follow normal posting patterns by posting
links to activity of creative works from other account. We removed the activities posted from these
accounts to help preserve the validity of our dataset. Overall, platforms varied in frequency in
use over time, with MapMyRun having significantly fewer cross-posts after 2018, Strava reaching
a lower but steady number, and Behance and Dribbble remaining more constant throughout the
duration of data collected (Figure 4). Our data collection lasted three months, spanning May 2022
until August 2022), leading to the collection of a total of 951,481 pairs of posts, meaning that all
posts had nearly three months to accrue responses prior to inclusion in our dataset. After the
aforementioned filtering criteria, our final dataset consists of 728,759 pairs of posts.

3.2.2 Collection of Comments. To answer RQ3 on how the textual features of response differs
across platforms, we collected replies or comments to the posts on each pair of platforms. On
MapMyRun, comments and comment counts were not publicly accessible for large scale data
collection, so our analysis of comments focuses on the other three applications. Although we were
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able to collect the number of replies for all posts to the other three platforms (Strava, Behance,
Dribbble), technical limitations in each application (e.g., pagination and infinite scrolling in posts
which have many comments) limited our ability to access the full set of comments for each activity
sharing post. Due to such constraints, we were only able to collect the text of the first 10 replies
within each application, both for dedicated and broad-purpose platforms. To verify that further
replies were similar in nature to the 10 we were able to collect, we manually inspected all comments
for 100 posts across each of the three applications where we analyzed comments. We confirmed that
further replies were linguistically similar, such as offering support in similar terms or continuing a
back-and-forth conversation between the person who completed the activity and a member of their
post audience. However, we decided not to examine the comments on posts with greater than 10
replies as part of our linguistic analysis, which consists of 3.86% of the posts we examined in total.
While it is a limitation that our data does not include all comments in response to posts, excluding
these comments has the benefit of minimizing the influence of comments to posts which received
many responses (e.g., comments on influencer accounts) in our analysis.

To check for bot comments, we further examined accounts which posted identical comments in
response to at least 25 posts. We manually inspected the comment content to confirm they were
bot accounts, finding that they typically used these comments to advertising their businesses or to
promote specific events like races. We removed such bot comments from our analysis. In total, we
collected comments from a total of 700,599 pairs of posts (out of the 728,759 pairs of posts from
our dataset) that consist of a total of 810,301 comments (out of 3,465,729 comments from the total
comments in our dataset).

3.3 Descriptive Analysis of Dataset
Overall, our dataset includes over 700,000 paired posts, with Strava contributing the most (over
300,000) and MapMyRun contributing the fewest (about 88,000).

Platform
Total
Posts Content Diversity

Has
Photo

Has
Edited
Text

Has
Likes

Likes
(Mean)

Has
Replies

Replies
(Mean)

Has
Conversation

Has Unique
Commenters

Commenters
(Mean,
Max=10)

Dribbble 202,681 Broad-Purpose 13.20% 56.08% 47.18% 1.54 8.29% 0.12 2.87% 6.92% 0.16
Dedicated 99.80% 90.27% 95.03% 119 54.99% 4.15 10.46% 38.10% 1.45

Behance 133,752 Broad-Purpose 28.02% 75.95% 46.70% 2.57 10.94% 0.19 4.99% 9.72% 0.24
Dedicated 97.96% 58.10% 89.90% 27.62 50.87% 1.18 12.89% 48.97% 0.90

Strava 304,102 Broad-Purpose 49.55% 57.07% 42.98% 1.14 15.50% 0.20 4.51% 7.46% 0.11
Dedicated 33.98% 70.06% 83.71% 11.93 19.42% 0.53 11.74% 18.19% 0.29

MapMyRun 88,224 Broad-Purpose 0.26% 42.73% 29.25% 0.47 5.45% 0.07 - - -
Dedicated 2.02% 35.37% 46.01% 0.56 35.41% 0.07 - - -

Average 182,190 Broad-Purpose 22.76% 57.96% 41.53% 1.43 10.05% 0.14 4.12% 8.03% 0.17
Dedicated 58.44% 63.45% 78.66% 39.78 40.17% 1.48 11.70% 35.09% 0.88

Table 2. Descriptive Statistics for each platform. We present the percentage of posts that contain the engage-
ment metric (e.g., what proportion of posts have at least one like) or editing feature (e.g., what proportion of
posts where text has been edited), and the mean of the engagement metric (e.g., how many likes on average).

3.4 Analysis
Following the collection of posts and comments across the platforms, we analyzed the dataset
statistically and linguistically to uncover the differences between the activity sharing on platforms
with different level of content diversity. Here we describe the approaches that we took and present
the measurements we derived from these approaches.

3.4.1 Analysis of Response Quantity and Impact of Using Editing Features. To answer RQ1 and RQ2,
we aimed to understand the differences in response between activity posts shared on the platforms
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with different level of content diversity. We therefore identified features of activity sharing posts
as the independent variables, and the measurement of responses as dependent variable. We chose
the variables that were present in both platforms for alignment in observation, thus excluded post
features such as achievement counts and response metrics such as amount of retweets.
Activity sharing posts were first marked for the level of content diversity of the platform it was

shared on and whether it contained edited content from the sharer. We accounted whether a post
included embedded images, and if they were edited to include edited text content, as these measures
have been shown to have significant effect on sharing outcomes and perceptions of shared content
in previous work [29]. To identify whether a post contains edited text, we first manually inspected
the text fields of posts in the dataset for each platform and generated a list of default text patterns.
For instance, cross-posting Strava activity to Twitter contains a default text string such as “Check
out my [physical activity type] on Strava. [URL to the strava activity]”. We then iteratively filtered
out posts that included these text patterns and randomly sampled the remaining posts for manual
inspection to identify additional text patterns. For platforms which did not include default text
patterns, we accounted for whether any text description were added to the posts. Examples of
text that a user might add include, “Humid weather for a lunch run!” for a MapMyRun activity, or
“Awesome case study” for a shared activity on Behance.

For dependent variables, we focused on the responses and influence on responses to understand
how activity sharing is impacted by the platform’s level of content diversity and edited content.
We operationalize responses as the likes and comments each post received, the amount of unique
accounts that replied to each post (excluding the original poster account), and whether a conversation
happened in the replies of the post. We define the appearance of conversation in the replies as
whether the original poster replied to a comments in the activity sharing for at least once (e.g., a
post included at least one comment by someone other than the original poster, followed by at least
one comment by the original poster). We operationalize the influence on responses as the effect
size of independent variables on responses. For instance, how embedding photos in post boost the
odds of having any responses or increase the amount of responses. Operationalizing responses in
these variables enable us to further examine 1) whether a post receive any responses, and 2) the
amount of responses a post received, and the effect size of an independent variable on 3) the odds
of receiving any responses and 4) the amount of responses received.

For the three statistical analyses where the response was a count (e.g., number of likes, number
of comments, number of unique user accounts who replied), we used a Negative Binomial model for
regression analysis to characterize the correlation between the post features and each measurement
of response. We switched from Negative Binomial model to Poisson model for a few responses in
the dataset (commenters count for Strava, and replies count for MapMyRun) as the mean value of
them were relatively close to the variance. A test for overdispersion further indicated the presence
of excess zeros for likes, replies, and number of unique commenters, which intuitively follows
from the number of posts with no response. For the zero component, we considered the impact
of the platform, effectively analyzing whether the platform influenced the likelihood of getting a
response altogether. We used a binomial model for regression on the zero part, characterizing the
correlation between the platform’s level of content diversity and the measurement of whether the
shared activity received any response. We ran the Negative Binomial/Poisson component of the
regression with the following equation, and followed up with pairwise comparisons to uncover the
effect size of interaction effects with Bonferroni-corrected p-value adjustments after the tests:

𝑙𝑜𝑔(𝑦) = 0 + 𝑒1𝑝𝑙𝑎𝑡 𝑓 𝑜𝑟𝑚 + 𝑒2𝑝ℎ𝑜𝑡𝑜 + 𝑒3𝑡𝑒𝑥𝑡 + 𝑒4 (𝑝ℎ𝑜𝑡𝑜 ∗ 𝑡𝑒𝑥𝑡 )
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However, for creative platforms, the presence of an image was highly correlated with the
platform’s level of content diversity. Nearly 98% and 100% of posts to Behance and Dribbble’s
dedicated platforms included images, respectively, with only 23-28% of posts to their broad-purpose
counterparts including images. Running the above regression for the creativity platforms resulted
in interaction effects which seemed largely characteristic of this correlation rather than meaningful
insights into the relative utility of adding images to dedicated versus broad-purpose platforms.
We therefore dropped the image terms from these regressions, resulting in a simpler and easier to
interpret model.

3.4.2 Analysis of Textual Response Features. To further understand the differences of characteristic
of responses between activity sharing on platforms with different level of content diversity (RQ3),
we applied text analysis methods through three approaches to study the content of these responses.
Our research approach to analyze text feature was inspired by past work studying community norm
differences between two subreddit with similar theme [16] as our works similarly focus on social
engagement differences between two online communities. To prepare the data for analysis, we first
pre-processed the data to lowercase all words and removed stopwords, punctuation, emojis, and
urls from the comments. We then employed n-gram language modeling to tokenize the comments.
As our goal was to uncover patterns in general word usage, we filtered out non-english words in the
comments. We also manually removed names from the comment data to prevent words specifically
appearing on one of the platforms that could potentially skew the dataset. In particular, we noticed
that the names of platform influencers often appeared in subsequent analyses of dedicated platforms
(e.g., “Great job [runner]!”). Our three analyses were:

Sentiment Analysis: To understand the words used differently between the platforms with
different level of content diversity, we conducted a sentiment analysis on all comments in each
comment corpus for the platforms. Our goal was to identify whether there are tone differences
between the platforms for the responses that people received when sharing activities. We used
Valence Aware Dictionary and sEntiment Reasoner (VADER) [42] as our sentiment analysis tool,
given the tool’s utility for analyzing short social media data. With VADER, we calculated the positive
sentiment score which represent the extent each comment leaned towards a positive sentiment. We
focused on positive sentiment because we expect that comments would be largely supportive or
encouraging of the person who shared the activity. Early analyses of sentiment verified this, with
comments on very few tweets or posts to dedicated platforms including any negative sentiment
(less than 10% of the dataset included any negativity).

TF-IDF Analysis: We applied the term frequency-inverse document frequency metric (TF-
IDF) to identify important linguistic tokens while also minimizing the influence of frequently
used operational or function words in the dataset. We conducted TF-IDF independently for each
application. In our case, the value of each word increased proportionally as it appears in each
comments, but would be offset by the frequency of the token in the entire comment corpus collected
from a platform. Similar to Chancellor et al. [16], we use this TF-IDF analysis to form the basis of a
comparison between two similar platforms with key characteristic differences.
Log Likelihood Ratio (LLR) Analysis: We examined the differences in comment content

between the platforms across the three platform pairs for which we collected comments from
(Strava, Dribbble, and Behance). Through computing the Log Likelihood Ratio (LLR), we were able
to identify the most distinct and most similar words between two corpora. LLR is calculated as the
logarithm (base 10) of the ratio of the probability of a word’s occurrence in the dedicated platforms’
corpus to the probability of it’s occurrence in the broad-purpose platforms’ corpus, followed by
normalization using the maximum frequency value within each corpora to prevent the difference
size of corpora from skewing the result. Our calculated LLR values fall between 1 and -1, where
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large positive values imply that the word is more frequent in comments on the broad-purpose
platform while negative values means the word appears more frequently in comments on the
dedicated platform. By sorting words and filtering to the highest and lowest LLR values, we can
identify which words commonly occurred on one platform, but not the other.

3.5 Ethical Considerations
During our data collection process, we highlight several approaches that we took to protect the
privacy of users who shared on the platforms that we collected data from. First, we only accessed
posts which were available to all users of the platform regardless of social relationship with the
person sharing (e.g., did not have to be friends or friends-of-friends) in respect of the user’s privacy
preference settings. We only used user identifiers for filtering and pairing the posts while filtering
out and pre-processing for the dataset. We focus our results only on aggregated posts, and do not
report on the content of specific posts people made when conducting data analysis. All specific
examples of activity sharing posts in the methods or in other sections are paraphrased from common
posts we saw.
We took care to ensure that the mechanisms we used to automate collection of activity posts

were as close to human-like as possible. We made sure to follow each platforms’ publicly-posted
rate limits for accessing posts to avoid overloading the platform’s servers with queries. We also
instituting a timeout to resume collection after hitting rate limits of the application, such as 15
minutes for collecting from Twitter. These considerations effectively capped the number of tweets
and posts to dedicated platforms which we could collect per day, resulting in us spacing out our
collection across three months.

4 Results
In this section, we present the results of our analyses to address our research questions. To answer
our first two research questions (RQ1 & 2), we first describe the results of regression analyses
comparing the quantity of responses between dedicated and broad-purpose platforms. We also
evaluate the effect of the level of content diversity, having images, and having edited text, and how
using these two editing features moderates the effect of response. We then answer our third research
question (RQ3) with results from content analyses on the differences in linguistic features of the
response between the two types of platforms through TF-IDF and LLR on topical relevance, and
sentiment analysis on emotional valence. All values within the tables of the following subsections
were exponentialized, representing the expected effect in the original unit of analysis (e.g., increase
in expected likes when on a dedicated platform versus a broad platform, increase in percent
likelihood that a post has conversation if a photo is included, etc.).

4.1 RQ1: Influence of Level of Content Diversity on Responses
Our findings largely support the first hypothesis (H1) that sharing on dedicated platforms signif-
icantly increases the likelihood of receiving response and the response one gets across all apps.
Our results also shows that sharing on dedicated platforms significantly increases the likelihood of
getting any responses (across all apps except for MapMyRun) (Table 4-II). Aggregating and averag-
ing across platforms, we observed that on broad-purpose platforms, an average of 40.72% of posts
receive likes and 9.8% of posts receive replies, comparing to an average of 78.81% receiving likes
and 41.36% receiving replies on dedicated platforms1. Furthermore, each post receive an average
of 26.55 more likes and 0.825 more replies on dedicated platforms comparing to broad-purpose
platforms. Sharing on dedicated platforms generate more likes (from 7 to 149 times more), replies
(from 2 to 18 times more), receive replies from more commenters (from 1.1 to 1.89 times more), and
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(I). Has Response: Whether Post received any response
Platform Photo Text

Dribbble

Like 20.41 - 2.07
Reply 17.10 - 2.59
Unique Commenter 12.11 - 2.78
Conversation 3.32 - 3.46

Behance

Like 12.15 - 2.14
Reply 31.32 - 7.74
Unique Commenter 23.53 - 7.84
Conversation 11.96 - 10.22

Strava

Like 6.27 1.74 1.92
Reply 1.63 3.05 2.20
Unique Commenter 3.38 1.81 3.87
Conversation 3.57 1.94 3.86

MapMyRun Like 0.49 2.85 1.03
Reply 0.72 4.33 1.14

(II). Response Amount: Amount of Response a Post Received
Platform Photo Text

Dribbble

Like 51.74 - 1.92
Reply 4.71 - 1.32
Unique Commenter 1.69 - 1.72
Conversation - - -

Behance

Like 149.22 - 5.31
Reply 18.67 - 2.38
Unique Commenter 1.59 - 1.88
Conversation - - -

Strava

Like 7.22 1.52 2.00
Reply 2.64 1.14 1.35
Unique Commenter 1.10 0.98 1.34
Conversation - - -

MapMyRun Like 1.38 2.03 1.46
Reply 1.35 1.06 1.19

Table 3. Regression results (for RQ1 & 2, H1 and H2-2): (I) whether the post has any responses as social
engagement and: (II) the amount of responses as social engagement (only on posts that have at least one
response) showing the effect of (a) Level of Content Diversity (b) Having Embedded Photos (c) Having Embedded
Edited Text. The coefficient values are the effect size of when applying each factor to share. All results marked
were Statistically significant (p < 0.0001). Bold values are the largest across factors. We only account for the
main effect, thus excluding Photo on creativity domain.

are more likely to lead to conversation in their replies (from 3.57 to 11.96 times more) comparing to
broad-purpose platforms (Present in Table 4-I).

4.2 RQ2: Influence of Using Editing Features on Different Platforms

(I). The Use of Editing Features on whether a post received any response
Photo Edited Text

Broad Dedicated Broad Dedicated

Dribbble

Like - - 2.07 1.69
Reply - - 2.59 1.54
Unique Commenter - - 2.78 1.30
Conversation - - 3.46 1.58

Behance

Like - - 2.14 2.25
Reply - - 7.74 2.25
Unique Commenter - - 7.84 1.75
Conversation - - 10.22 1.92

Strava

Like 1.74 1.40 1.92 2.83
Reply 3.05 1.71 2.20 2.57
Unique Commenter 1.81 1.68 3.87 2.86
Conversation 1.94 1.64 3.86 2.91

MapMyRun Like 2.85 1.43 1.03 1.70
Reply 4.33 1.52 1.14 1.52

(II). The Use of Editing Features on the amount of response a post received
Photo Edited Text

Broad Dedicated Broad Dedicated

Dribbble
Like - - 1.92 1.21
Reply - - 1.32 1.42
Unique Commenter - - 1.72 1.02

Behance
Like - - 5.31 2.17
Reply - - 2.38 1.56
Unique Commenter - - 1.88 1.20

Strava
Like 1.52 1.61 2.00 2.14
Reply 1.14 1.20 1.35 1.65
Unique Commenter 0.98 1.08 1.34 1.28

MapMyRun Like 2.03 1.19 1.46 1.18
Reply 1.06 1.09 1.19 1.23

Table 4. Regression results (for RQ2, H2-1, H2-3, & H2-4): Comparing predicted estimated marginal means
shows the effect of using editing features (to embed Photos or edit Text) on (I) whether the post has any
responses as social engagement and (II) the amount of responses as social engagement across platforms
with different level of content diversity. The coefficient values are the effect size. Bold values are the largest
between the two platforms and all results marked, and were found to be statistically significant (p < 0.0001).

Aligning with findings from previous work [29], our analysis indicates that activity posts with
greater levels of usage of editing features receive significantly more responses (more likes, replies,
amount of commenters, and more likely to have conversation) on all platforms (Table 4-I.), as
1Reported comparison of means are all statistically significant at p < 0.0001. For brevity, we therefore do not report the
result of each statistical test.
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all values across applications (except for the effect of embedding photo on commenter counts in
Strava’s broad-purpose platform) were all larger than 1, indicating an increasing effect. We also
see that adding photo and text increase the likelihood of getting any response on both platforms
with different level of content diversity across all domain and apps that we observed. These results
support our first hypothesis among the four we have for the use of editing features, that the use of
editing features leads to higher likelihood of receiving response and more response (H2-1) (Table
4-II). For our second hypothesis (H2-2), we received mixed result comparing the effect size of
switching between platforms with different level of content diversity and including edited content
(Table 4-I). We find that effect size of level of content diversity are generally larger than effect size
of edited content for creativity domain for both whether the post received any response or the
amount of response (except for whether Dribbble posts received any conversation, and the amount
of unique commenters for Dribbble and Behance). For instance, compared to editing, the influence
of platform was 4.05 to 9.86 times greater on whether post received any likes and replies and 3.57
to 28.1 times greater on amount of likes and replies received. For physical activity domain, we
only saw greater effect size of the level of content diversity on whether a Strava post receive any
likes (3.6 times greater) and the amount of likes received on Strava (4.75 times greater), and replies
received on Strava and MapMyRun (2.36 and 1.27 times greater).

4.2.1 Having edited text increases response more on dedicated platforms for physical activities, but
more on broad-purpose platforms for creativity posts. Our results are mixed for the effect of edited
text for responses on platforms with different level of content diversity (H2-3). The inclusion of
edited text in posts on physical activity posts helps increase the likelihood and amount of responses
received (both likes and replies) more on dedicated platforms, as having effect sizes ranging from
1.17 to 1.65 times larger for likelihood of receiving likes and comments, and from 1.07 to 1.2 times
larger for amount of responses. We did not find significance in difference on effect size for both likes
and replies on MapMyRun. In addition, the inclusion of edited text helps increase the likelihood of
having commenters (1.35 times more) and conversation (1.32 times more) on Strava’s broad-purpose
platform. However, our results also show an opposite trend within the creativity domain - the
inclusion of edited text in posts helps increase the likelihood and amount of receiving responses
(both likes and replies) more on broad-purpose platforms. Furthermore, we see that including
edited text in creativity posts increase the likelihood of having conversation and the amount of
commenters more on broad-purpose platforms than dedicated platforms. Our results, as showing
compounded effect of increase on different platforms across domains, fail to support our second
hypothesis that including edited text would generally increase the scale of response received more
on dedicated platforms.
To further interpret the mixed results, we conduct a Log likelihood ratio (LLR) analysis to

understand the edited text differences on each platform with different level of content diversity to
surface the most distinct word use in text descriptions. As shown in Table 5, the results demonstrate
some differences between how activities were described. While text descriptions often consists of
words from text templates as mentioned in Table 1, we see more use of words beyond those from text
templates on dedicated platforms. For instance, in the physical activity domain, the sharers would
describe characteristics about the physical activity they did, such as the weather (“temp”, “cool” ),
the activity (“pace”, “time”, “route” ), or how it felt (“felt”, “awesome”, “good”, “easy” ) (e.g., It is hoooot
and sunny! pace was steady, which was awesome since my goal was to not go too fast. I held it to the
last mile and was pumped.” (Strava)). Comparingly, we see text on broad-purpose platforms mostly
comprised of terms that were from the text templates, such as (“ran”, “km”, “workout” ) or the time
of day they exercise (“evening”, “morning”, “lunchtime” ). This norms of focus on adding additional

Proc. ACM Hum.-Comput. Interact., Vol. 8, No. CSCW2, Article 359. Publication date: November 2024.



Exploring Response Differences Between Broad-Purpose and Dedicated Platforms 359:19

activity details on dedicated platforms might contribute to the higher increase of response one
gets when including edited text to the activity posts on the platform. On dedicated platforms in
the creativity domain, conversely, we see people providing technical specifications of what they
created (“cm”, “psd”, “dpi”, “bleed” ), metadata about files (“file”, “download”, “attachment” ), and
offering business/collaboration opportunities (“contact”, “provide”, “available” ) (e.g., “Hello! I create
a 80s-inspired Concept Design, enjoy the video! I am available for projects, contact me if you like my
work. Thanks!” ). On broad-purpose platforms, people more commonly edited text to engage in
community-centered events (“daily”, “ui”, “challenge” ) and ask for support (“appreciate”, “feedback”,
“please” ) (e.g., “Day eight of Daily UI challenge! For today, I design a clock app. I was inspired by
the design of vintage clock face. As always, any Feedback is appreciated!” ). We suspect the usage
of terms that foster engagement could yield more response in the creativity domain, thus given
higher increase on social engagement from the edited text on broad-purpose platforms.

Dribbble Behance Strava MapMyRun
Broad > Dedicated Dedicated > Broad Broad > Dedicated Dedicated > Broad Broad > Dedicated Dedicated > Broad Broad > Dedicated Dedicated > Broad
Token Weight Token Weight Token Weight Token Weight Token Weight Token Weight Token Weight Token Weight
shot 0.2467 instagram -0.6026 full 0.5933 read -0.8826 lunch 0.0566 mile -0.7811 ran 0.4395 temp -0.1716
daily 0.2210 behance -0.5449 link 0.5145 project -0.5470 go 0.0558 new -0.4206 km 0.1536 love -0.1601
logo 0.2091 twitter -0.5381 see 0.4974 new -0.3867 ride 0.0231 time -0.4124 workout 0.0923 cool -0.1033
land 0.1933 follow -0.4642 get 0.4519 work -0.3798 pax 0.0226 min -0.4072 detail 0.0808 wind -0.0939
post 0.1827 facebook -0.4135 like 0.4356 file -0.0805 road 0.0151 get -0.4045 rode 0.0753 route -0.0891
ui 0.1604 press -0.4099 appreciate 0.4264 base -0.0712 log 0.0139 good -0.4009 morning 0.0568 awesome -0.0885
app 0.1434 like -0.3235 look 0.4006 portfolio -0.0710 meter 0.0104 take -0.3862 training 0.0427 everyone -0.0857
page 0.1313 available -0.3209 please 0.3709 cm -0.0576 ytd 0.0088 back -0.3613 work 0.0324 make -0.0841
dashboard 0.1256 use -0.2994 late 0.3455 psd -0.0472 wk 0.0051 felt -0.3501 early 0.0319 hour -0.0803
new 0.1141 project -0.2785 view 0.3316 cmyk -0.0435 gooch 0.0046 start -0.3472 walk 0.0287 good -0.0751
card 0.1113 file -0.2620 love 0.331 size -0.0426 runch 0.0044 bit -0.33 bike 0.0255 life -0.0731
icon 0.0987 show -0.2599 case 0.3131 bleed -0.0426 tweet 0.0038 work -0.3286 burn 0.0253 go -0.0703
late 0.0933 hope -0.2554 post 0.2915 inch -0.0415 beatdown 0.0036 first -0.3285 gym 0.0244 humid -0.0617
wip 0.0871 thanks -0.2512 hey 0.2765 dpi -0.0398 thx 0.0031 end -0.3264 creek 0.0207 well -0.0595
flyer 0.0867 help -0.2395 one 0.2718 aim -0.0385 lunchtime 0.0031 pace -0.3225 treadmill 0.02 time -0.0581
concept 0.0844 full -0.2356 update 0.265 various -0.0382 lsr 0.003 minute -0.322 trainer 0.017 wife -0.0576
check 0.0789 create -0.2350 guy 0.2643 check -0.0346 trophy 0.0028 way -0.3061 climbed 0.0166 boy -0.0551
checkout 0.0771 buy -0.2343 last 0.2641 contains -0.0345 bosley 0.0027 well -0.3055 tuesday 0.0166 tomorrow -0.0549
day 0.0737 linkedin -0.2309 go 0.2621 main -0.0334 evening 0.0026 stop -0.3028 october 0.0163 great -0.0549
onboarding 0.0721 forget -0.2255 thanks 0.2616 editable -0.0330 fng 0.0025 right -0.3001 train 0.0161 felt -0.0542
letter 0.0706 see -0.2241 share 0.2596 th -0.0324 brr 0.0025 last -0.2978 st 0.0154 happy -0.0537
redesign 0.0701 contact -0.2237 finally 0.2546 focus -0.0309 delivery 0.0023 one -0.2880 passenger 0.0151 amaze -0.0528
music 0.0650 download -0.2177 feedback 0.2504 locate -0.0283 lida 0.0022 easy -0.2862 floor 0.0149 guy -0.0526
template 0.0650 get -0.2120 study 0.2474 profile -0.0261 shakeout 0.0021 make -0.2844 prayer 0.0143 get -0.0523
animation 0.0649 user -0.1940 really 0.2386 provide -0.0254 cheeky 0.0021 leg -0.2839 r 0.0143 much -0.0498

Table 5. Log likelihood Ratio (LLR) for description text from posts with edited text: The top 25
linguistic tokens with the most positive (left column), and most negative (right column) LLR values across
the text descriptions in both platforms from the applications.

4.2.2 Including embedded photos increase the amount of response received on dedicated platform
more, but increase the likelihood of receiving responses on broad-purpose platforms more. Similar
to results from examining the effects of edited text, we see mixed results for the effect of having
embedded photos on effect size on different platform. Our results show that including embedded
photos in posts help increase more of the amount of response (both likes, replies, and the amount
of unique commenters) for physical activities for around 1.1 times more (except for likes on
MapMyRun) on dedicated platforms. However, photos embedded increase the likelihood of receiving
any responses more on broad-purpose platforms for all applications (from 1.07 to 2.84 times more).
To summarize, our results partially supported our fourth hypothesis (H2-4) that effect size is larger
on dedicated platforms for the amount of response received, but not the likelihood of receiving
response.
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Fig. 5. Sentiment Analysis Results (for RQ3, H3-1): The cumulative distribution of the positive sentiment
score calculated using VADER on all comment across applications within each domain.

4.3 RQ3: Differences in Text Features of Responses Between Broad-Purpose and
Dedicated Platforms

Beyond examining differences in the quantity of responses given on dedicated and broad-purpose
social platforms, we seek to understand how people differ in how they write responses to activities
shared on each platform. We use textual analysis methods to compare features of the responses to
posts in each platform, including sentiment analysis for examining emotional valence, and term
frequency-inverse document frequency metric (TF-IDF) along with log likelihood ratios (LLR) for
topical relevance.

4.3.1 Sentiment analysis results. To examine tonal differences in typical responses to posts on
broad and dedicated platforms, we calculate the sentiment score of each response we collected
and aggregated by platform. Figure 5 shows a cumulative distribution function of the positive
sentiment score for each comment from the applications, normalized to the number of comments
in each application. Overall, we observe that across all applications, the proportion of comments on
dedicated platforms that have a positive valence score is larger than the proportion of comments
on broad-purpose platforms. We also observe a greater rate of no positive sentiment across the
broad-purpose platforms, and larger proportion of full positive valence for the dedicated platforms.
In the creativity domain, our results demonstrate that about 20% more comments on dedicated
platforms includes positive valence starting from around a valence score of 0.8 and continuing
nearly until the comments have no positive valence. To note, the results across the platforms
among the Behance and Dribbble aligns closely, suggesting similarity between apps within the
same domain. Comments in the physical activity domain shows a relatively smaller difference in
proportion, but a similar effect. About 10% more posts to dedicated platforms include higher valence
starting from around a valence score of 0.6. The result indicates that dedicated platforms in general
have a higher proportion of positive-leaning comments, thus support our first hypothesis (H3-1)
that responses on dedicated platforms are more positive in valence comparing to broad-purpose
platform. Similar outcomes were shown in the LLR analysis result that positive words were more
prevalent on dedicated platforms compared to broad-purpose platforms.

4.3.2 TF-IDF analysis results. We first present the top 25 linguistic tokens sorted by their TF-IDF
weights from the three platform pairs across two domains in Table 6. Examining the results, we see
similar functional words being used in comments across the applications and domains. These words
usually pertain to positive sentiments about the activities being shared (e.g., good, awesome, great,
like, love), suggesting similarly commentary styles [81] across the platforms. Additionally, we see
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Dribbble Behance Strava
Broad-purpose Dedicated Broad-purpose Dedicated Broad-purpose Dedicated

Token Weight Token Weight Token Weight Token Weight Token Weight Token Weight
thanks 0.0533 love 0.0537 thanks 0.0326 great 0.0500 run 0.0340 thanks 0.0339
work 0.0258 thanks 0.0534 thank 0.0287 thank 0.0487 thanks 0.0262 nice 0.0325
love 0.0257 work 0.0416 work 0.0277 thanks 0.0427 good 0.0241 good 0.0315
look 0.0230 great 0.0385 love 0.0217 love 0.0415 great 0.0211 run 0.0283
like 0.0215 awesome 0.0345 look 0.0174 awesome 0.0385 nice 0.0180 great 0.0267
thank 0.0203 thank 0.0330 like 0.0173 good 0.0306 time 0.0175 ride 0.0257
nice 0.0183 cool 0.0298 great 0.0147 amaze 0.0289 like 0.0164 time 0.0174
share 0.0182 like 0.0250 good 0.0145 really 0.0281 ride 0.0153 look 0.0170
great 0.0166 good 0.0244 nice 0.0136 cool 0.0266 look 0.0152 mate 0.0159
design 0.0162 look 0.0243 make 0.0132 beautiful 0.0259 work 0.0147 like 0.0149
good 0.0155 really 0.0218 really 0.0121 like 0.0245 day 0.0147 day 0.0130
make 0.0152 color 0.0173 design 0.0120 project 0.0221 mile 0.0141 mile 0.0124
use 0.0141 shot 0.0158 amaze 0.0107 job 0.0211 way 0.0128 awesome 0.0122
awesome 0.0140 welcome 0.0149 awesome 0.0099 wow 0.0201 thank 0.0125 work 0.0121
really 0.0126 beautiful 0.0137 project 0.0096 check 0.0196 think 0.0109 today 0.0121
think 0.0103 clean 0.0136 use 0.0092 design 0.0170 today 0.0102 lol 0.0120
dribbble 0.0092 wow 0.0134 appreciate 0.0086 look 0.0162 bike 0.0100 way 0.0102
cool 0.0090 design 0.0133 check 0.0079 appreciate 0.0118 need 0.0096 cheer 0.0102
know 0.0089 amaze 0.0131 cool 0.0076 color 0.0092 mate 0.0096 bike 0.0101
time 0.0082 job 0.0104 bro 0.0075 time 0.0079 awesome 0.0095 pace 0.0099
need 0.0081 style 0.0101 think 0.0071 clean 0.0067 know 0.0095 think 0.0093
try 0.0076 use 0.0099 need 0.0071 lot 0.0066 week 0.0094 yes 0.0088
yeah 0.0072 make 0.0092 know 0.0069 style 0.0063 year 0.0094 wow 0.0086
right 0.0069 illustration 0.0079 time 0.0068 feedback 0.0062 make 0.0090 week 0.0084
haha 0.0069 animation 0.0078 dm 0.0066 presentation 0.0062 love 0.0085 love 0.0082

Table 6. TF-IDF results (for RQ3, H3-2): The top 25 most frequent linguistic tokens and their weights in
comments on each platform across applications in descending order.

the use of words such as “thank/thanks” and “appreciate” in the list which suggest the appearance
of reciprocal exchange and conversation in the replies. Our analysis also surface domain-specific
words that exclusively appear within the two domains. These terms are often used along with
discussing or referring to the activity of the domain. For instance, terms including “run”, “ride”,
“mile”, “time” occur frequently in the physical activity domain and “share”, “design”, “color”, “style”,
“beautiful” all occur frequently in the creativity domain. Within domains, there were also terms that
are mentioned exclusively on a specific application, such as “illustration”, “animation”, “icon” on
Dribbble. This suggests that the applications might also have slightly different topical foci within
the same larger domain of creative works.

4.3.3 LLR analysis results. Table 7 shows the result from our LLR analysis comparing terms which
occurred more frequently for more dedicated or more broad platforms across the two domains.
Across the domains, we see that many words that are more frequent on dedicated platforms are
supportive or encouraging words (e.g., awesome, nice, great, impressive, excellent). For instance,
the audience often leave complimentary or encouraging comments to the sharer. Examples include:
“Awesome pace and mileage baby! x” (Strava), “great work my friend!! style is nice n cool ..” (Behance)
2 This trend aligns with the result of our sentiment analysis that across all applications (Strava,
Behance, Dribbble), there are higher proportion of positive words used on dedicated platforms
comparing to broad-purpose platforms.

Within physical activity, we further observe that some terms more frequently used on dedicated
platforms describe activity-specific accomplishments, such as “pr” (personal record), “speed”,
and “pace”. When comments center around these activities, people often provide activity-specific

2To preserve anonymity of the sharers in our dataset, all comments quoted in the results were slightly tweaked to ensure
them being not searchable.
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Dribbble Behance Strava
Broad>Dedicated Dedicated>Broad Broad>Dedicated Dedicated>Broad Broad>Dedicated Dedicated>Broad
Token Weight Token Weight Token Weight Token Weight Token Weight Token Weight
share 0.3731 nice -0.3968 make 0.5834 nice -0.1140 #uponeaglewings 0.0940 nice -0.2809
get 0.2756 welcome -0.3304 one 0.5667 job -0.0613 please 0.0919 ride -0.2748
need 0.2184 clean -0.3014 get 0.5567 please -0.0593 strava 0.0892 mate -0.2433
know 0.2027 color -0.2998 look 0.4487 excellent -0.0583 tweet 0.0867 lol -0.2403
make 0.1751 cool -0.2849 see 0.4382 advance -0.0510 walk 0.0828 cheer -0.1912
would 0.1745 awesome -0.2530 use 0.4180 presentation -0.0497 use 0.0783 thanks -0.1904
go 0.1743 great -0.2525 go 0.4166 valuable -0.0493 #sparkysrunningclub 0.0771 good -0.1818
yeah 0.1687 love -0.2487 dm 0.4110 beautiful -0.0341 link 0.0745 great -0.1727
try 0.1683 shot -0.2343 know 0.4109 wow -0.0301 #earthathon 0.0743 pace -0.1649
sure 0.1654 illustration -0.2188 need 0.4089 impressive -0.0283 min 0.0731 wind -0.1571
link 0.1639 beautiful -0.2136 think 0.3855 checkout -0.0253 data 0.0718 pic -0.1534
something 0.1616 style -0.2025 thanks 0.3699 superb -0.0200 km 0.0690 guy -0.1439
think 0.1578 wow -0.1936 come 0.3545 visit -0.0188 app 0.0679 well -0.139
time 0.1572 job -0.1830 still 0.3458 combination -0.0187 support 0.0672 climb -0.1390
please 0.1560 instagram -0.1669 thing 0.3437 greatly -0.0180 #ukrunchat 0.0610 wow -0.1390
day 0.1547 lovely -0.1568 behance 0.3263 feedback -0.0171 check 0.0554 see -0.1310
still 0.1535 really -0.1399 logo 0.3238 appreciation -0.0152 #strava 0.0553 effort -0.1290
app 0.1522 amaze -0.1387 much 0.3237 elegant -0.0149 w/kg 0.0550 look -0.1241
thing 0.1518 behance -0.1343 year 0.3192 awesome -0.0137 share 0.0520 today -0.1234
tweet 0.1463 cute -0.1315 stuff 0.3130 stylish -0.0129 activity 0.0503 awesome -0.1229
invite 0.1456 guy -0.1272 would 0.3122 wooow -0.0119 help 0.0493 pr -0.1142
#dailyui 0.1449 facebook -0.1229 try 0.3099 excelent -0.0118 thank 0.0473 speed -0.1084
post 0.1387 work -0.1225 say 0.3094 coool -0.0114 team 0.0455 tough -0.1029
use 0.1386 texture -0.1109 like 0.3067 nicely -0.0113 gps 0.0453 strong -0.1013
help 0.1357 nicely -0.1023 day 0.2999 composition -0.0111 city 0.0442 photo -0.0989

Table 7. Log likelihood ratio (LLR) results (for RQ3, H3-2): The top 25 linguistic tokens with the most
positive (left column), and most negative (right column) LLR values across the comments in both platforms
from the application. There are terms that are specifically used within the app, such as “w/kg” (watts/kilogram)
and “pr” (personal record) on Strava.

encouragements (e.g., “Great workout man! good pace!” (Strava), “much fast very speed” (Strava)) or
further having comments that are more in-depth about details of the activity (e.g., “Well done! I’m
very impressed you can do this at the same pace as 10km. putting more effort into the shorter runs and
you may surprise yourself!” (Strava), “You could try half sessions of hills then speed up on the flat. 3
to 4 min half mile intervals, with 1 min rest” (Strava)). Words describing the effort of undertaking
the activity are similarly more common in comments on dedicated platforms (“tough”, “effort”), as
they often contains support towards the sharer when disclosing challenges they experienced (e.g.,
“the elavation sure looks tough. you did well when I’ve been lazy this weekend!” (Strava), “Great effort
[redacted]! - keep it up! Almost ready for the half marathon” (Strava)). For creativity domain, words
focusing on specific visual aspects of the shared activity are more prevalent on dedicated platforms
than on broad-purpose platforms. For instance, terms such as “color”, “illustration”, “texture”,
“layout”, and “style” are all used more commonly in posts to Dribbble’s dedicated platform than to
its broad-purpose platform. Within Behance, similar terms including “presentation”, “composition”,
and “combination” are used more commonly on its dedicated platform. Similar to general trends on
dedicated platforms, these terms are used for complimenting aspects of activities specifically (e.g.,
“love this shot so so much!! you master the colors and contrast!” (Dribbble), “Love your combination of
design and concept, so clean and unique with impressive presentation!” (Behance)), or sometimes dive
deeper in detailed discussions (e.g., “Love that you combine the colors. The execution of Fonts are
super cool! I think you can use some more mockup or presentation for make it more appealing. Overall
super impressive work! Mind-blowing!!” (Behance), “super clean and neat work as usual my friend.
The illustrations works well for representing what you’re communicating in each card visually. some
motion to this would be fantastic!! Also, is the step 2 the last step in this process, or is there more that
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comes after this?” (Dribbble), “Awesome work! I was thinking if the shadows come from one of the
main color, that box at the front should have some blue-ish shadow other than pink.” (Dribbble)).
Conversely, on broad-purpose platforms, we see more terms describing the kind of activity

completed in the physical activity domain. Example terms including ones used to describe the
type of activity people do (“walk”) and units pertaining to how much of an activity someone
might do (“min”, “km”, “w/kg”). In these cases, commenters are often providing encouragement
or feedback on tracked data, which often focus on the sharer’s performance (e.g., “@[redacted]
That’s a looong walk you did! nice job!” (Strava), “@[redacted] @[redacted] just 5.1 w/kg? wow. that’s
impressive after active for the first 150km of the race.” (Strava)). Across domains, we frequently see
more comments on broad-purpose platforms that contain hashtags (#dailyui, #uponeaglewings,
#ukrunchat), describing the act of sharing (“link”, “dm”), or words pertaining to one of the platforms
themselves (“tweet”, “strava”, “dribbble”, “behance”). These hashtags are mostly used for events or
shared between users that identifies as member of a specific subcommunity. For instance, “#dailyui”
is a design challenge on Dribbble that encourages people to share their UI design work everyday.
Comments often includes discussion about the work, or original poster sequentially sharing their
daily logs. (e.g., “@[redacted] @dribbble Welcome aboard to the new challenges of #dailyui!” (Dribbble),
“@[redacted] Appreciate it [redacted]! I will sketch out some in detail, but I do this #dailyUI challenge
mostly as quick exercises” (Dribbble)). #earthathon and #ukrunchat were used amongst members of
each physical activity groups that often were general encouragements. (e.g., “@[redacted] looks like
the perfect weather for you Tim! Way to run these hills for #uponeaglewings #earthathon ” (Strava),
“@[redacted] That’s what i’m saying! You’re almost a #ukrunchat favorite now!” (Strava)).

We interpret these differences as dedicated platforms often have greater focus on the activities
themselves, whereas broad-purpose platforms have more focus on the sociality around the activity.
For dedicated platforms, we see a general trend of audiences providing positive and encouraging
comments towards the sharer, while oftentimes showing support to the sharer when they disclose
challenging experiences. To summarize, our results partially supported our second hypothesis
(H3-2). Through our LLR analysis, we saw greater usage of words describing activity-specific
details, accomplishments, and efforts across both domains on dedicated platforms, which we
interpret as having higher topical relevance among comments on dedicated platforms. However,
comments on broad-purpose platforms tended to use more relevant hashtags, which could be
interpreted as focus on sociality, and therefore relevant to the goal of sharing activities. Along
with the sentiment analysis results, this also supports our first hypothesis (H3-1) that responses
on dedicated platforms are more positive in valence comparing to broad-purpose platform. In the
case of broad-purpose platforms, we highlight how people often leverage the different mechanisms
that they provide in order to connect or communicate with others, such as encourage switching
to private communication channels through “dm” ) or use hashtags (e.g., #dailyui on Dribbble,
or #uponeaglewings, #sparkysrunningclub, #earthathon, #ukrunchat on Strava) to foster a smaller
community within a broad-purpose platform. These differences also align with how activity sharers
includes text descriptions differently between the platforms, as described in 4.2. For instance,
sharing physical activity on dedicated platforms often contains more details through the inclusion
of tracked data and feeling, and sharing on broad-purpose platforms in creativity domain often
includes terms that encourage social engagement (e.g., “appreciate”, “feedback”, “please”, “dailyui”).

5 Discussion
5.1 Summary of Findings
Our study suggested that sharing activity through dedicated platforms yield more social engagement
in quantity compared to sharing on broad-purpose platforms. We found statistical significance
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Research Question Hypothesis Main Takeaway
RQ1: How does a
platform’s level of
content diversity
influence the
quantity of response
people receive when
sharing their activity?

1-1. Posts on dedicated
platforms will be more
likely and receive more
response than than their
counterparts to broad-
purpose platforms.

Supported. Sharing activity on dedicated plat-
form resulted in higher likelihood (except Map-
MyRun) and more responses (for all apps) com-
pared to broad-purpose platform, ranging from
1.38 to 149.22 times more likes, 1.35 to 18.67 times
more replies, 1.1 to 1.69 times more commenters,
and 3.32 to 11.96 times more likely to have con-
versation.

RQ2: How does use of
editing features in
activity sharing posts
influence the quantity
of response that
people receive across
the platforms?

2-1. Using editing fea-
tures results in higher
likelihood in receiving re-
sponse as well as more re-
sponses.

Supported. Activity posts that used editing fea-
tures were more likely, and received more re-
sponses on all platforms (except for embedded
photo on unique commenter amount on Strava).

2-2. Response amount is
influenced more strongly
by a platform’s level of
content diversity than
the use of editing fea-
tures.

Partially supported. Effect size of platform’s
level of content diversity were greater than using
editing features for likelihood of receiving and
amount of likes (3.61 to 28.10 times more) and
replies (1.13 to 7.84 times more) in the creativity
domain, but generally less than using editing fea-
tures for likelihood of receiving and amount of
response in physical activity domain.

2-3. Use of editing
features to change
text increases response
amount more on dedicated
platforms than on broad-
purpose platforms.

Partially supported. Including edited text in-
creased the likelihood of receiving response more
(1.17 to 1.65 times more on likes and comments)
and amount of response (1.07 to 1.22 times more
on likes and comments for Strava) on dedicated
platforms for physical activities. However, it in-
creased both the likelihood and amount of receiv-
ing responses more on broad-purpose platforms
in the creativity domain (1.50 to 3.44 times more).

2-4. Use of editing
features to embed
photos increases response
amount more on dedicated
platforms than on broad-
purpose platforms.

Partially supported. Including embedded pho-
tos in activity sharing resulted in slightly more
increase of response received on dedicated plat-
forms (1.05 to 1.11 times more), but increase the
likelihood of receiving any response more on
broad-purpose platforms (1.24 to 2.84 times more)
in the physical activity domain.

RQ3: How does the
textual features of
response differ be-
tween broad-purpose
and dedicated plat-
forms?

3-1. Activity posts to dedi-
cated platformswill receive
more response in positive
valence than their coun-
terparts on broad-purpose
platforms.

Supported. Comments received on dedicated
platforms were generally more positive in valence,
which showed more supportive words use (e.g.,
awesome, cute, great, impressive, excellent), than
on broad-purpose platform.

3-2. Activity posts to dedi-
cated platforms will have
more topical relevance
than their counterparts on
broad-purpose platforms.

Partially supported. Comments received on
dedicated platforms generally mentioned more
activity-specific details (e.g., “pr” (personal
record), pace; color, texture), but comments re-
ceived on broad-purpose platform tended to in-
clude more relevant hashtags.

Table 8. Summary of responses to our research questions and hypotheses, some of which were supported
and others partially supported by our analysis.
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among four variables regarding the response, ranging from 1.38 to 149.22 times more likes, 1.35 to
18.67 times more replies, 1.1 to 1.69 times more commenters, and 3.57 to 11.96 times more likely
to have conversation, depending on the platform. In addition to platform difference, we further
identify an effect of embedding edited content, including photos or text, on the sharing response in
platforms with different level of content diversity.
While our results aligned with previous work on demonstrating that using editing features

to embed photos or edit texts when sharing activities would garner more response [29], we saw
that the effect was generally larger in scale on broad-purpose platforms compared to dedicated
platforms. More specifically, including embedded photos in activity sharing resulted in greater
increase in response on broad-purpose compared to dedicated platforms, resulting in a 10-30%
increase in likelihood that a post receives likes, receiving twice as many likes on average.

Additionally, our examination of text features in responses showed that comments received on
dedicated platforms possess more positivity, as more encouraging words were used. Further, people
commenting on dedicated platforms tended to refer to specific details of the activities as shown by
the amount of activity-specific terms. In contrast, comments to broad-purpose platforms tended
to focus more on the sociality surrounding the activity, including words pertaining to the act of
sharing or specific platforms.

5.2 How engagement differs between broad-purpose and dedicated platforms
Based on our findings, we believe that people generally achieve more desirable sharing outcomes on
dedicated platforms compared to broad-purpose platforms. The overwhelmingly larger quantity in
response on dedicated platforms indicated in our results suggests that sharing activity on dedicated
platforms were ostensibly the desired sharing space for individuals who were aiming to maximize
the quantity of response. Given that people often have a larger and more diverse set of audiences
on broad-purpose platforms, these findings further emphasize the utility of dedicated platforms in
gathering more response for the sharer. Past literature in social computing discuss the conception
of “imagined audience” [64] from social media user, and suggested that people try to look for
the largest quantity of the desired audience when sharing or posting online [99, 112]. Our work
therefore contributes an understanding on platform selection that could help sharers in optimizing
the outcome of sharing activities.

On top of confirming the effect of the use of editing features helping to increase the quantity of
sharing outcome, our findings also reveal that using editing features could impact sharing response
differently based on the platform’s level of content diversity. We suspect that the reason for such
difference resulted from how platforms focusing on specific activities facilitate norms around
sharing. On dedicated platforms, we suspect the sharing goal and intent is largely implicit and
well-understood by the audience. The existence of a dedicated platform and frequent contributions
to it already suggests that people have a collective understanding around why someone might be
sharing their activity on it, and what they might want in return. Conversely, activities shared on
broad-purpose platforms may lack such context given their diverse purpose and usage collapse.
Sharers thus have to proactively fill in information or details to complement this loss of context,
and can be rewarded with better sharing outcomes when they do. Though, we still find that such
benefit is relatively low compared to sharing with a dedicated audience.

Digging deeper into the use of editing features, our results also show that the interaction between
platform type and type of content added using editing features influenced the effect size of response.
Including edited text in the physical activity domain increases the likelihood and amount of response
more on dedicated platforms, while for creativity domain it increases the likelihood and amount of
response more on broad-purpose platforms. Conversely, including embedded photos on physical
activity platforms increases the likelihood of response more on broad-purpose platforms and the
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amount of response more on dedicated platforms. We believe such differences were the result of
an interplay between the influence of the type of content added using editing features, domain,
and platform’s level of content diversity. For instance, the effect of embedding edited text was
greater on dedicated platforms for physical activity as it help bridging the gap on sharing intent as
the sharing often centers tracked data (e.g., distance ran, pace). Including photos when sharing
physical activity posts on broad-purpose platforms could help attract the audience’s attention,
since contents shared on these platforms were often diverse in topics and intentions. On the other
hand, people sharing in the creativity domain on dedicated platforms often have more specific
and well-understood goals in mind, such as seeking critique [46, 108], or professional development
[62]. Therefore, embedding edited text when sharing on broad-purpose platforms in the creativity
domains might provide additional, stronger shared understanding as context thus leads to greater
effect size.

5.3 Design Recommendations
We offer recommendations for the design of social platforms for activity sharing as well as for
activity tracking applications which support cross-posting to multiple platforms.

5.3.1 Recommendations for Platform Design. Our findings demonstrated how sharing on broad-
purpose and dedicated platforms could influence the level and kind of response people receive
when sharing. While the results helped theorize how each platform may help achieving sharing
goals, which may lead to individual users making better activity sharing decisions online, here we
also point out several design recommendations which could be incorporated into platform design
that might lead to improved sharing outcomes for platform users.
Our findings suggest that sharing activity on dedicated platforms, for the most part, result in

better social engagement comparing to sharing on broad-purpose platforms. This result largely
implies that when designing future activity sharing apps, either for commercial or research purposes,
supporting sharing on a dedicated platform can be helpful for achieving better social outcomes.
Nevertheless, to achieve such a design, designers needs to consider how to build an effective
dedicated community where members possess interest in engaging. Past work has acknowledged
the challenge of building andmaintaining dedicated online communities [46]. Further, bootstrapping
an audience on a broad-purpose platform first can demonstrate that there is significant interest in
activity sharing before considering investing in creating dedicated features [31]. One interpretation
for the slow decline of cross-posted activities in our dataset over time (Fig. 4 from Methods) is
that applications and their users first sought to achieve social support externally, but once the
dedicated social platforms reached critical mass, they were able to achieve their desired social
benefits without the broad-purpose platforms. To exploit the benefit of dedicated platforms, we
recommend designers of future sharing platforms consider effective ways of accumulating or
recruiting members to the dedicated community that would enable sharers on the platforms to
receive desirable sharing outcomes.

Activity sharers might have different sharing goals inmind, such as seeking constructive feedback,
holding themselves accountable, or informing or motivating others. Selecting the right channel for
sharing to reach the desired audience for sharing has been largely discussed in the past [76, 94].
As our work showcased that sharing on different platforms could result in different quantity of
response, we propose that designs that help guide individuals to make decisions on whether to
share on broad-purpose, dedicated platforms, or both could be incorporated into current social
platforms, which could help the sharer achieve their goal of reaching a desired audience. For instance,
designs could incorporate guidance on platform selection when individuals editing content when
sharing. When people are sharing with the aim to reach a larger amount of audience, but where
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response is not as crucial, they could be directed to posting on one’s broad-purpose platforms.
Conversely, when aiming to reach for a higher rate of social engagement, it could be suggested
that dedicated platforms might be a good destination for sharing. A challenge in this space is that
sharing decisions are often not explicit on dedicated applications, such as occurring whenever
someone uses a dedicated application to log or track their activity. But, explicit encouragement
to cross-post could help, such as around major activities or accomplishments which might be of
interest to a large audience. Past work has also demonstrated how individual characteristics [65]
and motivations [59] could contribute to making decisions on selecting from different platforms.
Another strategy that might help individuals make decisions on where to share is simply making
people aware of the different response typically received across different platforms. In doing so,
design choices such as visualization and coordinated views that aggregates responses from different
sources [107], or automating suggestions to cross-post based on similar sharer motivation and
desired response type [99] might also be beneficial in reaching specific sharing goals such as seeking
constructive feedback or initiating conversation. Providing sharers with opportunities to be aware
of and reflect on sharing motivation, or bring attention to differences in typical sharing outcomes
of platforms, could help navigating how platform selection could support the sharer to reach their
desired sharing goal.

5.3.2 Recommendations for Cross-Posting Design. While our findings highlighted the differences
in sharing the same activity on broad-purpose and dedicated platforms, they also point to poten-
tial in expanding mechanisms around selective sharing within platforms with different level of
content diversity based on the different responses that were received on them. Past work has also
demonstrated that platforms that focused on similar activity might provide different responses
or kinds of support [16, 108], supporting the idea that elaborating more about the activity being
shared to different platforms might help with reaching desired sharing outcomes. Given the diverse
goals that people might have with sharing, we propose that multiple templates or guidance tailored
to different sharing goals could be incorporated into the design of dedicated and broad-purpose
platforms. For instance, as we saw more use of positive and encouraging words on dedicated
platforms, templates that encourage reflection on how one overcame difficulties in their activities,
or self-disclosure of negative experiences might help sharers on dedicated platforms leverage this
encouragement to receive greater emotional support. Broad-purpose platforms, on the other hand,
could provide guidance or templates which encourage sharing of different level of details about
the activity, as audiences often provide comments about the practical details about the activity.
Past work has demonstrated mechanisms to sharing different information about activities, such as
sharing at different levels of detail for different audiences [26, 82] or highlighting progress made
since previous times shared [28, 46]. Our work furthers these suggestions by suggesting that there is
benefit to tailoring guidance to the norms of the platforms, both by adding evidence or information
frequently needed on a platform to better interpret activities, as well as to leverage the kinds of
support the platform is effective as providing.
Our findings also point out that embedding edited content, including photos and text, boost

response received on broad-purpose platforms more than on dedicated platforms. While previous
work has highlighted the increase in response when shared activities include content through using
editing features [29], we suspect that such differences between the platforms derive from how
broad-purpose platforms are currently supporting editing when sharing activities. Broad-purpose
platforms, given their general goal of supporting sharing and social interaction while covering a
broad range of sharing content, are understandably less likely to incorporate features that encourage
or support guidance around editing, instead aiming to provide a blank enough canvas for users
to appropriate the social features towards their goals. To achieve the benefit from embedding
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edited content, we recommend that dedicated platforms could geared its feature to cross-post
activity on broad-purpose platform with features such as guidance, prompts, or templates that
were already incorporated in sharing on dedicated platforms to help individuals in getting better
sharing outcome on broad-purpose platforms. For instance, incorporating guidance design for
writing to request for feedback on creative work [19] or storytelling templates that help highlight
progress or accomplishments in activity [28] could potentially be helpful in supporting edits. We
also highlight the importance of encouraging edits to subsequently encourage a better platform
norm for social engagement. From our findings, we saw a large dropoff in inclusion of images when
moving from dedicated to broad platforms for most of the apps. While embedding images might
not be as impactful on broad-purpose platforms as a factor for generating responses in dedicated
platforms, encouraging the embedding of such content, whether before (e.g., whenever you make a
post but before deciding to share it) or during sharing (e.g., when you export it), can help improve
the outcomes of sharing on board-purpose platforms.

5.4 Limitations and Future Work
Beyond the content itself, response rate to posts is largely influenced by aspects about how people
use platforms, such as the amount of followers a person have on the app and how often they post.
Nevertheless, when performing analysis, we did not account for these aspects for several reasons.
First, we were limited in accessing information about accounts, including followers on many of the
platforms and frequency or content other posts made by the user. Second, follower count and posting
behavior for each account could change over time. It is likely that a person’s earlier posts had fewer
followers compared to their more recent posts, and that a person’s post frequency is inconsistent
over their account’s lifespan. Third, the effect of follower counts might diminish since all posts were
public within the platforms we chose. Therefore, ostensibly the accounts that could engage with the
posts could be anyone, instead of only accounts who follow the account posting. Finally, we selected
dedicated platforms that have highly similar social engagement features to our broad-purpose
platform to minimize the influence on specific design choices for social engagement. While the
dedicated platforms provided similar editing features, social awareness streams, comments in text,
and one-click responses, other subtle differences between the platforms may influence the response.
Further analyses which are able to control for these factors could provide insight into the relative
effect of audience size and frequency of posting versus a platform’s content diversity.
Applications constantly make updates to features and policy changes across time. Platform

features were not static, and could lead to deviation of posts attributionswe observed on the platform.
For instance, some platforms currently require embedding at least one image to activity sharing
posts, but we saw posts we collected from an earlier time period containing no photos embedded.
However, we acknowledge that the guidance provided by these edit-supporting features might
change over time. Activities collected in our dataset, therefore, could have been generated through
multiple versions with different editing features, with different guidance and requirements. We
address this issue through conducting bottom-up examination of collected data, such as identifying
text patterns of activity description based on similarity within a large quantity of posts, and
highlight significant differences of image being present between platforms which proved version
difference of image requirements to be agnostic towards the results differences.

By looking only at activities which were cross-posted, our analysis represents a small subset of
activities that people share on the dedicated platforms. We do not know for certain whether the
activities which were cross-posted are more or less likely to garner responses or include certain
linguistic features. In terms of response, there are reasons to think that cross-posted activities
have both more and fewer responses than the typical activity on dedicated platforms. On one
hand, cross-posted activities are more likely to be from people who are deeply motivated by social
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engagement, as evidenced by their desire to seek out engagement from more than one platform,
suggesting that they have a robust social network on the dedicated platform. On the other hand,
they may have cross-posted to a broader social network because they sought a larger audience than
they have on the dedicated platform, suggesting that they would receive relatively little response on
the dedicated platform. Overall, further work is needed to understand why people might cross-post
activities, and what they hope to get out of each audience.
We note some limitations of using Twitter as a dedicated platform of choice. Responses may

be different, or higher in quantity, on other broad-purpose platforms. For example, Instagram
centers image content, which might be more beneficial towards eliciting response around activity-
sharing. Other broad-purpose networks which center particular types of social relationships (e.g.,
“friends” on Facebook) may also elicit greater or different levels of response, which warrants deeper
examination. Further, recent changes in perceptions and use of Twitter, which occurred after
we completed collecting our dataset, may further change people’s practices around the platform.
Technical limitations led us to select Twitter, but some care should be taken in generalizing our
results to other platforms. We also acknowledge that our data was collected prior to major API
changes to Twitter and other social platforms.
While we sought out variety in the dedicated platforms we selected for analysis, there is op-

portunity to further our understanding around the influence of a platform’s content diversity on
response by examining other platforms and other activity domains. For instance, people sharing
domains that are often considered more personal (e.g., food) likely receive more or qualitatively
different response on dedicated communities around the activity of eating and dieting [21, 53]
instead of broad-purpose social media [21, 30]. In domains like learning, there may be stronger
affinities present like a shared school affiliation, which might result in even greater response on
dedicated platforms where that identity is shared than broad-purpose platforms. Additionally, a
person’s goal for sharing an activity might change how activities are represented, and thus change
what and how response is received by platforms. When sharing activities related to studying, past
work suggests that accountability is a common motivation [85], which may not require as much
domain-specific understanding to support. Further work investigating activities shared towards
specific goals such as accountability can further elaborate on the influence of content diversity on
response.
We note that the results from using VADER to analyze emotional valence could be subjective

to influence from differences in posting style or other factors. For instance, when users respond
with longer comments, the positivity scores could be balanced out with more negative content.
Beyond positivity and negativity, further work could take a deeper look into additional dimensions
of textual response differences across platforms, such as trying to categorize developed platform
norms.
Beyond quantity and quality of engagement, understanding the temporality of engagement

(e.g., when do audiences leave likes and comments) could help contribute understanding of how
communities use platforms with varied diversity. For example, it may be that audiences engage
with activity posts to dedicated platforms for longer periods of time, which may contribute to our
depth of discussion. Platform limitations only enabled us to capture timing of comments for Twitter,
where we observed that 80% to 92% of posts were engaged with only within the first two days after
posting, depending on the activity (Strava being highest, Behance being lowest). We see value in
examining temporality differences among platforms where that information is readily available.

6 Conclusion
In comparing the responses that people receive when sharing activities on both dedicated and broad-
purpose social platforms, we find that the quantity of response is typically higher on dedicated
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platforms in spite of their smaller audience reach. However, using editing features to include content
like edited text and images have greater positive influence in response on broad-purpose platforms.
We further find that people tend to include more comments referencing qualities surrounding
the effort which went into the activities, as well as include more positive and encouraging words.
Overall, these findings suggest that people trade off the benefit of sheer audience reach on broad-
purpose platforms with the likelihood of engagement on dedicated platforms. We suggest that
sharing features aim to align with the respective norms of each platform, more explicitly articulating
the sharing goal for a broad-purpose audience while posing more specific questions or requests to
dedicated audiences.
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