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Maintaining an evolving tabular dataset over time requires attracting and engaging enough accurate, unpaid
contributors to visit andmaintain it.We developedDrafty, a large publicly accessible tabular dataset of Computer
Science faculty profiles. We observed Drafty’s visitors’ edits to the data, the accuracy of those edits, and engage-
ment with the system. In March 2022, we released new add-ons to create four “sources” to attract more visitors:
organic, static, asking, and dynamic. Our dynamic sources create automatic insights from our evolving tabular
dataset by automatically creating aggregate statistics and sharing them on CSOpen Rankings and Twitter. Visits
from automatic insights made 3 times more edits than Drafty’s everyday organic visitors. Also, visits from our
low-effort automatic dynamic sources and high-effort asking sources (i.e., friendsourcing) had similar accuracy.
Our longitudinal study demonstrates that new features requiring minimal human effort (i.e., automatic insights)
can help attract and sustain an anonymous community of visitors tomaintain our large, evolving tabular dataset.
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1 Introduction
How can wemotivate knowledgeable users to visit and contribute to a public tabular dataset with
little or no effort from the data curators? Creating and maintaining accurate, large, evolving tabular
datasets over short periods or multiple years requires sustained efforts from data curators and a
community [127, 142].

Visitors to public systems often lurk by visiting and not contributing to the source data [10]. For
example, a lackof editors can cause articles onWikipedia to becomeout of date [27, 86].Analternative,
given sufficient financial resources, is paying crowdworkers to collect ormaintain data [106, 142, 154].
However, this is not financially feasible for longitudinal data maintenance efforts [30, 81, 120]. In
addition to financial constraints, recent research indicates that the quality of paid crowdworkers
is declining due to low effort and shifting motivations [41, 53, 80, 92]. An automated alternative
to paying crowdworkers is to use web scraping to create tabular datasets from publicly available
sources.This is difficult to scale because web page design is inconsistent and changes over time [20].
Someoneneeds to continually update theirweb scraper (a challenging task [34]) to keepupwith every
evolving information source. One additional alternative is to rely on knowledgeable community
members as unpaid contributors [141, 142], if we can sustainably attract and motivate these users
to contribute. Other alternatives include asking others to fix data [13] or having systems nudge
users to contribute [118, 143]. However, the extent to which these methods motivate contributions
is short-lived, and some, such as nudges to contribute, are considered manipulative [118]. Thus,
we examine how to design and develop automated systems that naturally encourage visitors to
contribute to our public online spreadsheet system, Drafty.

Drafty provides a publicly editable spreadsheet of Computer Science faculty profiles that we have
developed and maintained since 2014. Our system has attracted over a million visitors and has been
widely used in the Computer Science community. The Drafty dataset is used by the NSF to study
diversity gaps among Computer Science departments [102], and prospective students worldwide use
Drafty to identify potential advisors and select universities to attend.

Our tabular dataset contains all publicly available information and requires frequent updates, as
it evolves annually (e.g., new hires) and is featured in rankings (which motivate the community).
We have recruited paid crowdworkers or employed nudges to maintain it, but these efforts proved
unsustainable. Towards late 2019, we struggled to attract enough visitors and contributions to
maintain it.Thus, we developed new systems informed by research on enhancing user agency and
motivation in public systems [29, 44, 117, 150].

Diversifying the approach to attract visitors and studying the increase in unpaid contributions
mirrors the recommendation to study natural behavior in social computing systems [12]. Previous
work has called for continued efforts to study how to attract visitors [142]; we explore this using four
different sourcing methods to attract visitors to our system:

• Organic sources: Our spreadsheet system Drafty, updated in 2020, includes search engine
optimizations. It attracts organic visitors by offering thousands of rows of tabular search
indexes, which are directly indexed and searchable throughGoogle. Similar to peer production,
for example, howWikipedia’s articles are search-indexed and attract organic visitors through
search engines [6].

• Static sources: Posts on static websites, for example Reddit, including analyses of our tabular
dataset at a single point in time, suggested by [143, 151].These posts are static; their analyses
do not update as the dataset changes.

• Asking sources: We ask CS community members on Twitter and over email (newly hired
faculty and department chairs) to visit the dataset, using a call-to-action. Inspired by friend-
sourcing [13, 14, 32].
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• Dynamic sources: These public sources (CS Open Rankings and the Databaits API) auto-
matically update with insights from Drafty’s tabular dataset to create reciprocity [24]. The
Databaits API posts insights on Twitter. Prior CSCW research [118, 142] suggests using these
low-effort dynamic sources to attract visitors.

One of our dynamic sources, the Databaits API, powers Drafty’s Did You Know feature, allowing
visitors to freely create and share automated insights.This system design decision answers the call
for future work made in [8, 29, 142], thereby supporting interactions within Drafty, for example,
making edits, spending time on the system, and creating insights from its data.

Using these sourcing methods to attract visitors, we can conduct a naturalistic field study where
everyday unpaid contributors freely visit and edit our evolving tabular dataset in Drafty. We ask the
following research questions:

• RQ1)What methods (i.e., sources) of attracting visitors to Drafty increase behaviors that
help maintain its evolving tabular dataset (measured by edits per visit, accuracy of edits, and
engagement per visit)?

• RQ2) Is freely interacting with the Databaits API in Drafty associated with increased positive
behaviorswithDrafty (measured by edits per visit, accuracyof edits, and engagement per visit)?

In the context of this paper, edits per visit, conversion rate, and accuracy of edits per visit directly
map to behaviors that help maintain the tabular dataset. We define engagement per visit as two
metrics: number of interactions (see the list of interactions in Table 7), and session length. We show
that our low-effort automated systems (dynamic sources that generate and share insights fromour
tabular dataset)attract visitorswhomakeaccurate edits comparable to or exceeding conventional
approaches (organicdiscovery[142], static forumposts [143], andasking throughfriendsourcing[13]),
without relying directly nudging [118]. We also find that visitors prefer randomized insights to
similar ones, building on prior research [140]. We open-source our systems and datasets1, (2) the
CS professors tabular dataset, (3) CS Open Rankings [139], and (4) the Databaits API.

2 RelatedWork
2.1 MotivatingAccurate Contributions and Engagement fromVisitors to a PublicDataset
Building on peer production research, a public data system like Drafty requires a sustained flow of
users to reviewdataandcontribute tomaintainup-to-date information [113, 142].Crowdcontributors,
forexample,paidcrowdworkersonProlific,AmazonMechanicalTurkworkers, andWikipediaeditors,
choose whether to complete tasks for various reasons: payment (or lack thereof) [15, 38], time to
complete [22], task difficulty [48, 60], and level of interest or helping their community [90, 91]. Our
work primarily focuses on visitors and contributors to our real-world system from various sources
who are interested in its tabular data and in improving it to benefit their community.

Previous research has explored the application ofWikipedia-style collaborative editing to enhance
user agency on public platforms [6]. Similar to our system, Li et al. studied the trade-offs of bringing
Wikipedia-style collaborative editing into StackOverflow, traditionally aQ&A site [74].They allowed
users to collaboratively edit anyone’s questions and answers, showing that it increased the quality
of contributions. In studies on the Zhihu platform, He et al. show that collaborative editing for
producinghigh-quality research-sensemakingmaybechallenging fornon-experts [45].Theydescribe
disparities using qualitative results and correlations between broad participation and the quality
of contributions. Similar to our analysis, these two longitudinal studies do not make causal claims
across years. Similar CSCW research on user contributions to Q&A sites indicates that time-limited
promotional gamification does not generate lasting, accurate contributions and engagement across all
users because of varying intrinsic motivations [44].We build on these studies by developing intrinsic

1[https://github.com/drafty-research]: Drafty Systems (with our PolyMu library and the Databaits API) and Datasets
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motivators that continuously run and update for our community to increase user engagement with
automatic insights [95].

Intrinsic motivators can be better studied, when a public system removes money as an extrinsic
motivator for participation, the motivations of organic unpaid contributors can be studied [11, 137].
While this kind of public deployment is a relatively high-risk scenario, its results will have high
ecological validity [12]. Prior research shows that a systemmust be transparent and provide users
with agency to earn and maintain their trust, motivating continued participation [8, 74, 93, 117].
Thus, this paper focuses on a public deployment and methods to motivate unpaid visitors to become
contributors and engage with our systems.

We first consider user agency in systems maintained solely based on crowd contributions. Prior
research shows that unpaid contributors canmake accurate edits across data types requiring varying
domain expertise [142]. However, Wallace et al. [143] also show that while a system asking users to
fix data matching their interests produces highly accurate edits, users rarely completed the request.
Similarly, prior research shows how to craft messages to nudge users to voluntarily contribute their
time to altruistic causes [26, 118]. However, nudging can be considered manipulative, and users’
contributions and participation are short-lived [118, 142].This highlights the importance of agency
in this context. Drafty needs its visitors to contribute, not just consume, to maintain its evolving
data.Thus, Drafty requires amechanism tomotivate contributions without interrupting users during
natural information-seeking tasks.

Our paper’s systems and interactive features, such as Drafty, CS Open Rankings, and the Databaits
API, preserve user agency by enabling transparent, automated advertising of our dataset on Twitter
and the web. As in SuggestBot [26] and Botivist [118], prior research uses sentence templates to
attract contributions of time to specific causes automatically. However, this prior research nudges
people to contribute, rather than allowing the agency to contribute freely like in a peer production
system [8]. Our systems (Drafty, CS Open Rankings, and the Databaits API) provide freedom to freely
contribute and view source data, aligning themwith peer production systems [83].

Prior work shows that paid crowdworkers produce higher-quality contributions when they can
learn something newwhile participating [26, 111, 122]. While the Databaits API and Did You Know
extend Drafty’s functionality to study user engagement within the system, the automatic insights
Databaits produces and tweets also serve as onemethod to attract new and existing users by allowing
them to learn something new. Prior research has explored several methods to encourage voluntary
contributions, including micro-volunteering [10], friendsourcing [13, 14], engaging in interesting
tasks [90], and asking paid crowdworkers to contribute to the greater good [115]. Even popular
peer production systems, such asWikipedia, demonstrate that asking people to contribute can yield
accurate contributions [32]. Prior work shows that extrinsic motivators do not increase the quality
of intrinsically motivated users’ contributions [58, 144]. Will visitors recruited by different methods
lurk or contribute?This paper presents four methods to attract visitors to Drafty. This paper will
evaluate these recruitment methods within the context of a real-world system.

In summary, when researchers deployed systems in the wild, they found it imperative to balance
users’ trust and agencywith the system [117]. Users should be free to interactwith a system, as in peer
production, but their contribution tasks should be directed and controlled, as in crowdsourcing [8].
For Drafty, we develop add-ons and deploy them in a naturalistic scenario to attract anonymous
visitors to make unpaid contributions to its evolving dataset.

2.2 Using Natural Language Descriptions of Data to Engage Visitors
Understanding how to translate tabular data into human-understandable text can be complex. Our
research develops CS Open Rankings and the Databaits API to automate this task. We avoid the
cold-start problem in user recommendation, a common challenge for other recommendation systems
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like Movielens [97]. Prior work explores methods for translating tabular and structured data into
human-readable insights using natural language [87, 148, 149]. Still, there has been little research in
the CSCW community on their effects on human behavior in the wild.

Producing natural language from tabular data is a rich research area.Many systems can perform
natural language generation tasks, creating text from non-textual data such as tables. Most prior
systems use machine learning models. For example, Langkilde and Knight used a statistical language
n-gram-based system [71], while Sutskever et al. used a neural net model [131]. Table question
answering models respond to natural language queries using tabular data provided at query time to
produce factually correct responses [46, 75, 108]. Zhang’s systemgenerates representative statements
about tables using a neural network model [153]. Whereas in the Databaits API, the statements
produced by Databaits are insights that draw on specific cells in the data. Parikh proposed a similar
task of generating a single sentence from a table and selected columns, analogous to themethodology
behind Databaits generation [107]. Mahapatra [78] proposes a knowledge-light, non-rule-based
system to create relevant natural language phrases from input data.

Previous work has used a template-based system to generate fun facts from Wikipedia tables
semi-automatically (Korn et al., [68]). Using the Databaits API, we aim to generate valuable insights
from large tabular datasetswith thousands of rows.While their study focuses on identifying the tables
within anarticle thatwouldmost likely produce interesting facts, theDatabaitsAPI focuses onproduc-
ing varied, interesting insights fromone large tabular dataset. Both systems requiremanually creating
sentence templates to regenerate different insights for users. Adeyanju [2] found that knowledge-
intensive systems (using templates or rules) typically outperform knowledge-light systems.

Our Databaits API creates insights from Drafty’s tabular dataset to act as boundary objects to
appeal to our community [62]. By focusing on one large dataset of thousands of rows, our efforts
build on prior research that links small related tables onWikipedia [36]. SuggestBot also shows how
to structure fact-based sentences to maximize their ability tomotivate people to interact using “High-
Involvement” or personally relevant examples [26]. Research shows this style increases long-term
retention among paid crowdworkers participating in conversational micro-tasks [111]. Similar to
prior work, the Databaits API aims to automatically generate insights from tabular data to attract,
engage, and motivate users to visit and contribute to Drafty.

3 A Public Platform forMaintaining Evolving Tabular Data: Drafty
an InteractiveWeb-based Spreadsheet, CS Open Rankings, and the Databaits API

Since 2016, we have iteratively built and maintained a public spreadsheet system to motivate anony-
mous visitors to help maintain an evolving tabular dataset of CS faculty from the US and Canada.
Figure 1 shows a timeline of Drafty’s development.The authors of this paper have led various efforts
to maintain this evolving tabular dataset over 10 years.

Drafty provides free access and open editing to large tabular datasets (thousands of rows) via
a custom spreadsheet interface. Drafty hosts a tabular dataset of tenure-track Computer Science
profiles from top Universities in the US and Canada. Each profile includes their full name, the uni-
versity at which they are employed, the year they joined the university as a tenure-track professor,
their research area of expertise (i.e., subfield), and the names of the institutions that awarded their
Bachelor’s and Doctorate degrees.

We have developed add-ons to Drafty that use its tabular dataset to create rankings and insights
(CS Open Rankings and the Databaits API). CS Open Rankings is a meta-ranker of Computer Science
departments in the US and Canada that includes four rankings that users can toggle to create their
own ranking.The Databaits API uses Drafty’s tabular data to generate insights by using the column
names and values to create statistics and plug them into sentence templates.
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Fig. 1. The timeline for developing different versions of Drafty.We primarily use Drafty v2+ for our analysis
in this study. From 2020 to early March 2021, we introduced several editing features in v2, including the ability
to add or delete rows.

OnMarch 15th, 2022, we integrated the Databaits API within Drafty’s spreadsheet interface as
the new feature Did You Know. Anyone can freely see and generate insights from its CS professor
profiles using Did You Know’s Modal with the Databaits API and have the system post them to our
Twitter account.

3.1 Drafty: aWeb-based Spreadsheet for Public Tabular DataMaintenance
Organic visitors can freely visit our public web application Drafty using search engines, typing
the URL in the browser, or by people sharing a link. Before our efforts described in this paper, we
maintained the tabular dataset in a different web-based spreadsheet from 2014 to 2020. However, this
system became difficult tomaintain andwas not easily discoverable on search engines.We developed
a new version for this paper, Drafty v2 (see Figure 1 for a timeline). We released the prototype in
2020, replacing the old version. From 2020 to 2021, we added new features, including the ability to
add and delete rows. We released add-ons in 2022; see the interface in Figure 2

Visitors can select “Did You Know” to create insights
from the source tabular data using the Databaits API.

v

Fig. 2. Drafty v2 spreadsheet interface, we developed to support low-effort public edits, infinite scrolling, and
thousands of rows of search-indexed client-side data. Please see Appendix section A for Table 7 to see the
interactions Drafty anonymously records.
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3.2 CSOpenRankings: aMeta-Ranker fromDrafty’sComputer Science Professor Profiles
WedevelopedCSOpenRankings as an alternative approach to computer sciencedepartment rankings
(seeAppendix Figure 7). Rankings are an ideology, and each can be biased. CSOpenRankings is ameta
ranker using real-time data fromCS Professors (Drafty) as one of its sources. Its rankings and data are
updated dynamically every five minutes. In CS Open Rankings, users freely choose and combine ex-
isting rankings to generate their preferredmeta-ranking for computer science programs in theUnited
States and Canada. In CS Open Rankings, each university lists its current tenure-track Computer Sci-
ence faculty and alumniwho are tenure-trackComputer Science faculty. Each faculty listing has a link
to view/edit their profile onDrafty.The four ranking sources are (seeAppendix B for full descriptions):

(1) reputation (U.S. News)
(2) faculty publications (counting papers published from top conferences)
(3) academic placement (placement rank)
(4) recognition (best paper awards)

3.3 Databaits API: Automatically Extracting Insights from Tabular Data
Our Databaits API (a public RESTful API) creates insights from a tabular dataset. Each Databait type
(10 total) is a sentence template that can be filled in with values and/or computed statistics derived
from any tabular dataset. Figure 3 shows how the Databaits API generates an insight using Drafty’s
Computer Science faculty dataset.

Fig. 3. Insights from a tabular dataset (i.e., CSV) are created by providing column names and column values
as part of the input to the Databaits API. The Databaits API computes statistics using these inputs and merges
the statistics with a randomly or intentionally chosen sentence template. We designed this method to work
best with large tabular datasets (i.e., CSVs) with thousands of rows.

3.3.1 Databaits API: Design Considerations for Creating Insights from Tabular Data. We developed
the Databaits API to generate insights from any tabular dataset in two main steps. First, it uses row
values and column labels from a tabular dataset to compute aggregate statistics. Second, it merges
these values, labels, and statistics into sentence templates. Each Databait type (10 total) has a unique
statistic and a unique sentence template. 2 for how the Databaits API generates statistics and merges
themwith templates.
2View the pseudo-code in our GitHub repository: https://github.com/drafty-research
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DatabaitsAPI: Creating the InsightsOverview. First, theDatabaits API takes in a list of column
names and/or columnvalues the user has interactedwith. For example, on a video games sales dataset,
a user clicks the “Publisher” columnwith the value “Nintendo”; our system uses these as inputs.Then,
it calculates statistics about these column names and/or column values. These statistics might be
the average value of a column or the rate of change of a column value over time.

The Databaits API can calculate 10 types, each combining a unique statistic with a corresponding
template. For instance, one type describes how the frequency of a value changes over time (e.g., a
rise in Sony-published games using a video game sales dataset). See Figure 8 for a full list of examples.
For example, one template describes how a column value’s frequency changes over time: ‘Over the
past 25 years, the number of Sony-published games increased 97 times.’

3.3.2 Databaits API: Pilot Study. In the age of misinformation, we believe it is responsible to conduct
a preliminary study to pilot the insights created by theDatabaits API on two different tabular datasets.
Overall, people found the insights from the Databaits API interesting 77% of the time, believable 91%
of the time, and easy to understand 93% of the time. Overall, people rated Databaits API’s insights as
interesting (77%), believable (91%), and easy to understand (93%). Notably, people wanted to see the
insight’s source data 30% of the time. Prior research shows relationships between someone’s prior
interest in a topic and increased engagement [25, 90], thus the results of this validation study gave
us the confidence to integrate the Databaits API into Drafty to create the new Did You Know feature.
Appendix section F presents the full validation study.

Fig. 4. The Did You KnowModal displayed post-edit or when a visitor creates an insight in Drafty. Actions:
tweet to our Twitter, create a similar/random insight, click highlighted text to filter matching rows, or
return to editing (X/ESC/“Go back to editing”).

3.3.3 Did You Know: Providing Visitors Interactive Insights from the Databaits API within Drafty. We
developed theDid YouKnow feature as an interactivemodal inDrafty’s spreadsheet interface to show
visitors insights from the Databaits API. In real time, anyone can interact with insights derived from
Drafty’s evolving tabular data in the modal (see Figure 4). To build on prior research [26, 118], Drafty
and its Twitter account present insights created using the Databaits API to current and potential
visitors as a Did You Know.

In Drafty, anyone can create an insight from the Databaits API using one of the five methods:
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(1) Right-click on a cell within the spreadsheet and select “See a Did You Know”.
(2) Select “Did You Know?” in the top menu bar.
(3) Every time a user edits data (changing a cell’s value, adding a new row, or deleting a row), the

system generates a randomDid You Know based on that row’s information.
(4) In the Did You KnowModal, a user chooses to see another “Similar” or “Random” insight.
See Appendix section C for more details on how each method creates an automatic insight.

4 Methods: How to Attract and Engage Everyday Visitors in theWild on Drafty
Our research combines descriptive and comparative analyses of anonymous visitor behaviors in
Drafty. Our procedures and analysis follow a naturalistic field study design [72].Three new recruit-
ment methods were introduced in 2022 (our static, asking, and dynamic sources). Our comparisons
before and after the introduction of these new recruitmentmethods highlight possible shifts in visitor
behaviors. However, we note that this study cannot be interpreted as causal inference, much like
prior work onWikipedia-style editing behaviors on Stack Overflow [74].

Our visitor populations are not fixed across years (some may overlap, others may not); some
may visit the system only once, without our knowledge, because of our system’s anonymous user
tracking; and external temporal factors may also influence their visits. We aim to understand our
visitors’ editing behaviors as they happened in our real-world peer production system. Our approach
emphasizes ecological validity over strict causal effects.

With our local Institutional Review Board (IRB), we reviewed our systems, methods, metrics, and
proposed analysis multiple times. Their decision was based on Drafty not recording visitors’ per-
sonally identifiable information. Although our efforts do not fall within the categories of IRB exempt,
expedited, or full review, we implemented data ethics and privacy measures in Drafty. Visitors to
Drafty can request deletion of their previous interaction data and edits with a single button click.
We note that, since Drafty uses only browser sessions to track visitors, this deletion applies only to
data and edits made on the user’s current browser. Per our IRB’s recommendations, Drafty informs
every first-time visitor that:

Drafty is a user-centric platform to edit and maintain tabular data. All interactions are
captured and used anonymously for studies. Cookies are used to track per-browser usage.
To edit data, double-click a cell.

4.1 MethodsRQ1:Attract (Source)Visitors toDrafty:Organic,Static,Asking,andDynamic
Visitors to Drafty came from four sources: organic, static, asking, and dynamic. Drafty’s back-end
web services that track visitors from specific URLs per browser do not track their IP address. Most
links are in publicly available websites, such as CS Open Rankings, Twitter, or Reddit.

Organic: EverydayVisitorsDiscoveringandVisitingDrafty. “Organic” visitors can freely visit
the Drafty web app through various means, such as search engines, typing the URL in the browser,
or other people sharing a link to Drafty’s public web app. We developed our PolyMu client-side
JavaScript library tomakeDrafty’s thousands of rows of data easier to search index by search engines
(see Appendix A). Prior research on publicly available tabular datasets shows that they can rely on
everyday visitors’ natural usage (i.e, via URLs or search engines) as contributors [61, 83, 142].

Static: Computer Science Open Data, a Static Website with Analysis from Drafty’s CS
Professor Profiles, and Posting on Forums about Drafty. The first static sourcing method is
Computer ScienceOpenData3; aweb pagewith four analyses ofDrafty’s Computer Science professor
dataset created in early 2022. Creating these websites and analysis takes considerable effort over

3https://jeffhuang.com/computer-science-open-data/
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multiple months. We treat both as static because the content is manually authored and does not
update from the dataset in real time; both primarily serve as inbound links to the spreadsheet.

(1) CS Faculty Composition and Hiring Trends
(2) Bias in Computer Science Rankings
(3) WhoWins CS Best Paper Awards?
(4) Verified Computer Science Ph.D. Stipends
Its static web-based articles can answer questions like “what percentage of professors get their

bachelor’s andPhD from the same institution?” or “what computer science areas have beengrowing?”.
These mirror questions from Drafty users that we have observed over time.

The second static sourcing method are posts about Drafty’s CS professor dataset on public forums
like Reddit. This visitor-recruitment method is similar to that used in many prior studies [143].
An example title used on Reddit was “Some Interesting Insights on CS Depts and Faculty in the
US/Canada”. See an example Reddit post in Appendix G.

Asking: Providing a Personal Touch by Emailing and Tweeting People to Visit, Review, and
Contribute to Drafty’s CS Professor Dataset. Inspired by prior work showing that direct requests
and friendsourcing can elicit high-quality contributions [13, 118], we recruited contributors through
asking: targeted outreach by a member of the CS community.This approach draws on social capital
and network-tie accounts of participation [64, 126], and on social influence mechanisms whereby a
clear call to action can increase participation [13].

First, using their personal Twitter account to contact people who recently announced they had ac-
cepted a tenure-track faculty offer in a Computer Science department included in Drafty, for example:

“Congrats <first_name>!We have been building a public dataset of computer science
professors to help students to find potential advisors. You should add/update yourself
as a prof! :)”

We publicly replied to 25 people on Twitter over the Spring and Summer of 2022. Tweeting requires
sustained effort. These tweets serve as a call to action for a community member to contribute. Public
tweets directly link to Drafty.

We also emailed department chairs and directors of the Computer Science departments listed in
Drafty.The emails contain links to Drafty and include a call to action for a department to review its
faculty and alumni data. Since we emailed multiple people per department, anyone could share the
email or choose to contribute. Please see Appendix section H for the template.

Dynamic: CS Open Rankings and Tweets with Insights from the Databaits API. Dynamic
visitors can arrive at Drafty by either selecting links on CS Open Rankings or tweets from Drafty’s
Twitter account. Information and insights presented in CS Open Rankings and Twitter are dynam-
ically created or regenerated from Drafty’s tabular dataset. They evolve as Drafty’s data changes.
The idea is that people would visit this public information and then select a link to view and possibly
edit the source data on Drafty.

CSOpenRankings provides a link back toDrafty for eachprofessor or alumnus listed at a university.
Draftywill automatically search its spreadsheet to display that professor’s complete academic profile
to the user.

Dynamic sourced visitors can visit Drafty from a tweet on its public Twitter; see Figure 5.These
tweets are generated: 1) once daily by Drafty itself. 2) Visitors within the Did You KnowModal can
have Drafty tweet the insight to its Twitter account. Each tweet uses a consistent template that
supports all Databait types. See Figure 5 for examples. These templates avoid explicit imperative
calls to action, consistent with Savage et al.’s recommendations [118].The goal is to be transparent
and communicate the data source that generated the automatic insight to potential visitors.
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This source links to 
Drafty to enable one
of our “dyanmic” sources
to attract visitors.

<

Fig. 5. Drafty’s public Twitter account (@did_you_know_cs). Each tweet contains an insight created from the
Databaits API. People can select a link per tweet to anonymously visit Drafty’s CS Professor tabular dataset.

4.2 Methods
RQ2: Engage Visitors within Drafty using the Databaits API and Did You Know

To encourage Drafty’s visitors to continuously make contributions to its evolving data and interact
with the system, Drafty displays an insight to users via the Did You Know Modal interface (see
Figure 4) in two ways. First, visitors may freely create an insight within Drafty at any time. Second,
they can see an insight post-edit as part of a formal “thank you” and confirmation message. This
occurs after they edit a cell or add or delete a row. Visitors can freely generate, view, and interact with
as many insights as they want. After seeing the Did You KnowModal, visitors could perform one of
six interactions (these interactions are included as part of our engagement metric) within the modal:

• Tweet Insight
• Create a Similar Insight
• Create a Random Insight
• Leave Drafty
• Close Modal
• Select Value in Insight to Search Drafty

In the modal, they can choose to create an insight that is either similar to or random relative to the
current insight. A similar insight uses the same input values as the current insight (ex., university or
research area). A random insight uses different inputs and randomly selects a different Databait
type. Notably, the modal always presents the button for a similar insight first, thereby influencing
visitors to select it [19]. Prior research on recommender systems shows that users prefer similar
recommendations, insights, or examples [42, 49, 155]. Prior research also showsgratitude can increase
unpaid contributions [94, 150]. These methods enable analysis to determine whether users’ next
actions benefit the data’s health. For example, do users make accurate contributions, remain engaged,
or create new insights?

5 Results: Naturalistic Field Study
Our approach andmethods follow recommendations fromHuman-Computer Interaction researchers
conducting field studies in the wild [72, 104]. On March 15th, 2022, we added the Did You Know
feature to Drafty.Thus, our main analysis uses data collected over 196 days fromMarch 15th, 2022
to September 28th, 2022. Notably, our data collection period pre-dates widespread LLM usage, as
ChatGPT was released in November 2022 [69].

5.1 Metrics and Analysis Overview
Our analysis covers how our sources attract visitors (organic, static, dynamic, asking) and how
visitors interact withDid You Know in Drafty. We compute the metrics below per visit. Our server
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uses cookies to anonymously identify browsers; a visit is a unique browser with interactions nomore
than 20 minutes apart. Below are the metrics we use throughout the results.

• Edits: The number of contributed data points (i.e., edits per cell) per visit.
• Conversion Rate: Did the visit make an edit?
• Accuracy: The number of contributed data points marked as correct over the total number of
contributions checked per visit. For example, a new row contributes six data points, while
editing a single cell is one data point.

• Engagement (Number of Interactions): Within a visit, the total number of recorded interactions
within Drafty.

• Engagement (Session Length): Per visit, the seconds between the first and last recorded inter-
action with Drafty.

Throughout this paper, we discuss edits that modify the tabular dataset, conversion rate, and
accuracy separately from engagement with the system. For RQ1, we measure engagement using
the number of recorded interactions and session length per visit. For RQ2, we also examine the
types of interactions visitors take within Drafty, including edits and other interactions that do not
directly modify the tabular dataset. Please see the appendix Table 7 for a list of interactions that
Drafty anonymously records.

To answer RQ1, our analysis splits visits into groups based on our independent variables (organic,
static, dynamic, or asking) and other anonymous visitor behaviors we can track:

(1) Visits from the four types of “sources” (organic, static, asking, and dynamic). (see Section 5.3.1)
(2) First-time visits versus return visits. (see Section 5.3.2)
(3) Visits from users who only made accurate edits versus those who did not. (see Appendix 5.3.3)
To answer RQ2, our analysis in sections 5.4.1 and 5.4.2 examines visits that freely create at least

one insight in the Did You KnowModal. Section 5.4.2 examines if visits create new, similar, or random
insights in themodal.Thiswill answerWallace et al.’s call for future research to studyuser preferences
for random recommendations from a cohesive data source [140].

When comparing conditions for RQ1 and RQ2, we interpret effects primarily fromwithin-2022
data, and we verify stability using month-stratified conversion rates (see Section 5.2.2). We also
provide descriptive trends of visitor behaviors (see section 5.5). Our visitor populations are not fixed
from year to year, and unknown external temporal factors may influence their behavior; thus, these
trends contextualize Drafty’s results and cannot be interpreted as causal effects.

5.1.1 Statistical Analysis Overview. Our analysis uses the D’Agostino-Pearson test when the sample
size exceeds 5,000 to assesswhether each group’s data are normally distributed.Otherwise,we use the
Shapiro-Wilk test. For post hoc pairwise comparisons following a chi-square test or Kruskal-Wallis
H-test, we control the false discovery rate using the Benjamini-Hochberg procedure [134]. For all
other families of multiple comparisons, we apply Holm–Bonferroni correction [1, 123]. Our data
contains user interaction logs. Prior research on online user behavior consistently shows non-normal
distributions with long tails for various metrics [7, 103]. Our data follows these familiar patterns.
Hence, our accuracy analysis reports themedian and interquartile range in Figure 6, alongwith other
standard metrics.

5.2 Data Overview
In this subsection, we confirm the consistency and robustness of our data. While the findings here
are not themselves impactful, we use them to confirm that our results are not unduly affected by the
outlier events we can account for.

All users included in this analysis made at least one interaction event within Drafty (i.e., click,
search, edit, etc.). This inclusion criterion ensures users in the analysis are not bots. After applying
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these inclusion criteria, our dataset fromMarch to September 2022 comprises 57,700 visits, 290,416
interactions, and 3,438 edits.

To compute accuracy per visit, we used stratified sampling to select edits to manually label as
correct or incorrect. We used faculty web pages, department web pages, CVs, and LinkedIn profiles
to verify that the edit was correct at the time it was made.This labeling strategy mirrors prior related
papers [106, 141, 142]. We reviewed and labeled 1,709 edits from 227 visits for 2022. The average
accuracy per visit in 2022 was 95%.We only used visits with at least one edit, which we checked by
hand, to compute average accuracy per visit. Figure 6 presents an overview of the average accuracy
per visit, with visits grouped by our independent variables.

Visitors created 
insights using the 
“Did You Know” modal

Dynamic sources require 
less effort to attract 
visitors than Asking

Fig. 6. This Figure shows the average accuracy per visit across different groups. Each color grouping maps
to a group we compared in Results. TheMedian and IQR average accuracy per visit was 100% and (Q1 100%, Q3
100%) for each group. Themajority of visits were 100% accurate. This pattern aligns with the system’s long-term
popularity and visitors’ motivation to contribute accurate information for the benefit of others [90]. *Is the
average for visits in our data from 2022. **Comparing visits that did and did not freely create an insight in
Drafty, a Mann-Whitney U test shows that the increase in average accuracy per visit is statistically significant.

5.2.1 In Drafty Accuracy Comes from the Community, not a Few Power Contributors. Public data
systems like ours often rely on a small group of users to maintain data quality [59]. For instance,
research on Wikipedia shows that a few power contributors are responsible for most accurate
contributions to its unstructured data [47, 70, 74, 113]. In contrast, in our data, accuracy appears to
be distributed across many contributors and does not correlate with their total number of edits (𝑟
= 0.07), total number of visits (𝑟 = 0.06), total number of interactions (𝑟 = 0.09), or average session
length (𝑟 = 0.11). This mirrors prior results on peer production efforts on datasets covering a single
cohesive topic [142].

5.2.2 Verifying Data Consistency: Robustness Checks for Month-to-Month Variations. We apply
robustness checks to the two main conversion effects in RQ1–RQ2. To ensure results are not driven
by a single unusual month, we recompute the conversion rate (a visit made≥1 edit) per month from
April to September 2022.These checks do not establish causality; they only assess whether effect
directions are stable over time.

For RQ1, we use organic as a baseline.Asking has a higher conversion rate in April-August (5/6
months), but less than organic in September, coinciding with the start of the Fall semester and a
decrease in new faculty hires. Static has a lower conversion rate than organic inApril-July, but slightly
higher in August and September. Dynamic is lower than organic in April-June, similar in August,
and higher in July and September. We observed anecdotally (from Reddit and email conversations)
that people use our dynamic sources during admissions/application seasons to select universities
to attend or apply to. In summary, relative to organic, asking’s monthly change in conversion rate
ranged from +1.2 to +9.0 percentage points, static (-4.3 to +0.5 points), and dynamic (-6.9 to +3.1
percentage points). This month-stratified pattern aligns with one of our main takeaways: asking,
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while requiring more manual effort, is a relatively consistent high-conversion sourcing method in
our data, mirroring prior research [13].

For RQ2, we check the conversion rate across months for visits that created an insight.The effect
is directionally consistent in every month we observe: visitors who freely created a Did You Know
insight have higher conversion in all six months (April-September). We observed that this difference
tends to be higher in June-August and smaller in September.Thusmirroring a seasonal shift in visitor
behaviors as the semester begins. Future data curators may wish to observe seasonal shifts in their
users over time.

5.3 Results RQ1: Attract (Source) Visitors to Drafty: Organic, Static, Asking, andDynamic
Our analysis first compares visitor behaviors by sources to attract visitors (i.e., recruitment method):
organic, static, asking, and dynamic. Then, we motivate separate analyses, splitting our data on
confounds from similar studies [142].

Visits with Conv. All Visits Visits≥1 Edit Accuracy Min.
Source Visits Edits ≥1 Edit Rate Edits per Visit Edits per Visit per Visit Acc.

Organic 3,408 1,509 198 5.8% 0.44 7.62 94.8% 0%
Static 1,785 278 84 4.7% 0.16 3.31 88.0% 0%

Asking 387 429 51 13.2% 1.11 8.41 99.6% 86%
Dynamic 1,402 1,220 72 5.1% 0.87 16.94 99.1% 80%
Table 1. In our data, visits from asking sources had the highest observed conversion rate (Conv. Rate = made
≥1 edit). While this mirrors prior research [13], manually contacting individuals to contribute is time-intensive
and unsustainable for data curators. Visitors recruited through dynamic or asking sources were over 99%
accurate, with minimum accuracy per visit no lower than 80%. Our static sources showed fewer edits and
lower average accuracy.

5.3.1 The Highest Observed Accuracy per Visit was Among Asking and Dynamic Sources. How do
we source or attract new visitors, and hopefully keep them editing and interacting with the system?
Previous research shows that friendsourcing [13, 51] and personalized interventions can effectively
motivate contributions to peer production systems likeWikipedia by leveraging social relationships
and targeted incentives [91, 118]. However, research shows automated methods to nudge users to
contribute work in the short term, but does not elicit sustained long-term contributions [118].

Visitor Source Did Not Impact Edit Accuracy.While accuracy per source varies (see Table 1),
a Kruskal-Wallis H-test shows they are not statistically significant. While visits sourced from asking
were the most accurate (mirroring prior research on friendsourcing [13]), they were similar to dy-
namic, the 2nd highest accuracy. Notably, the static sourcing method achieved the lowest accuracy
and the fewest edits among the four sourcing methods.

While the Asking Source was Associated withHigher Conversation Rates, Trends show
Editors from the Dynamic SourcesMadeMore Edits per Visit. Table 1 shows the conversion
rate and average edits per source (organic, static, asking, and dynamic). A chi-squared test shows the
conversion rates were significantly different, 𝑋 2(3,𝑁 =6982)=43.6, 𝑝<0.001, Cramer’s 𝑉 =0.08.
See Table 3 for the post-hoc comparisons. These results are consistent with prior findings that
directly asking community members can be a high-conversion but labor-intensive strategy [13, 32].
A Kruskal-Wallis H-Test shows that the average edits per visit between sources were significantly
different, 𝑋 2(3,𝑁 = 6982) = 45.5, 𝑝 < 0.001, 𝜀2 = 0.006. See Table 3 for the post-hoc comparisons.
However, to provide additional context, because many visits have no edits, we also analyze edits per
visit only for visits with≥1 edit. A Kruskal-Wallis H test indicates that sources differ in edits per visit,
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𝑋 2(3,𝑁 =405)=47.0,𝑝<0.0001, 𝜀2=0.11.Notably, amongeditors fromourdynamicsourceshad2.22
more edit per visit than organic, and 5.12 more than asking; see Table 2 for the post-hoc comparisons.
Visitor Source Affected Session Length and Interactions per Visit. In crowd-powered and

peer production systems, sustained visitor participation and growing a community are essential
to maintaining accurate data [8, 17, 18]. Table 4 shows that while visits from the dynamic source
had the lowest average session length and interactions per visit, they were equally engaged when
comparing these values per second. Given the high conversion rates and accuracy from the dynamic
and asking sources, one possible interpretation is that some of these visits likely arrived at Drafty,
quickly edited data, and left rather than lurk and explore.

When comparing average interactions per visit across sources, a Kruskal-Wallis H-test indicates
they were significantly different, 𝑋 2(3,𝑁 = 6982) = 671.9, 𝑝 < 0.001, 𝜀2 = 0.10. Also, for the aver-
age session length per visit across sources, a Kruskal-Wallis H-Test shows they were significantly
different, 𝑋 2(3,𝑁 = 6982)= 372.8, 𝑝 < 0.001, 𝜀2 =0.05. Table 4 reports effect sizes and shows that
these differences were significant across different sources. When splitting visits by source, Pearson’s
Correlation shows no effect of accuracy on average session length or average interactions per visit.
Although session lengths varied across sources, we did not observe a relationship between session
length and edit accuracy, mirroring prior work on a similar dataset [142].

5.3.2 First-Time Visits versus Return Visits. We compare first-time and return visits. A return visit
is someone who revisits Drafty using the same browser. We study these two groups because related
peer production research onWikipedia andWikiData shows that returning visitors are more likely
to contribute, and motivating first-time visitors to contribute is challenging [6]. Notably, Drafty does
not require special onboarding like other peer production efforts [6, 96].
First Time Visitors and Returning Visitors are Similarly Accurate. While there is a 4%

increase in average accuracy per visit when comparing first-time visits (M = 0.94%, SD = 0.24, N =
136) and return visits (M = 0.98%, SD = 0.12, N = 91), aMann-Whitney U test shows this increase is not
statistically significant.This result replicates previous research on a similar dataset of CS professors,
showing that first-time and return visits make accurate edits [142].

First TimeVisitors andReturningVisitors Contribute Edits at Similar Rates. For first-time
visits, 259/4,562 made ≥ 1 edit (5.68%); for return visits, 147/2,421 did so (6.07%). A 𝜒2 test shows
no significant difference in conversion rate. Return visits made more edits per visit (M = 0.72, SD =
6.73,𝑁 = 2,421) than first-time visits (M = 0.37, SD = 3.58,𝑁 = 4,562), but this difference was also not
significant by Mann-Whitney U, despite prior work suggesting return visitors contribute more [143].
Returning Visitors Have Longer Sessions, but Similar Numbers of Interactions as First

Time Visitors.The average interactions per visit were similar (only around three interactions less)

(Dynamic vs. Source) (Asking vs. Source)
Editors Avg Edits/Visit* Post-hoc Editors Avg Edits/Visit* Post-hoc

Source Increase 𝑈 𝑝 𝑟 Increase 𝑈 𝑝 𝑟

Organic 2.22× 4486 <0.001 0.28 1.10× 3437 <0.001 0.22
Static 5.12× 4582 <0.001 0.44 2.54× 3214 <0.001 0.42

Asking 2.01× 2166 =0.078 0.15 – – – –
Dynamic – – – – 0.5× 2166 =0.078 0.15

Table 2. Post-hoc comparisons of *average edits per visit for editors only (visits with ≥1 edit). Standard
deviations for editors only: organic (SD = 17.84), static (SD = 3.82), asking (SD = 11.24), and dynamic (SD
= 29.52). See Table 1 for 𝑁 and 𝑀 for visits ≥ 1 edit. Please note, increases described here are increases of
dynamic/asking, respectively, over the given source (leftmost column). *𝑈 is for theMann–Whitney U test.
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(Asking vs. Source) (Asking vs. Source)
Conversion Rate Post-hoc Edits per Visit Post-hoc

Source Increase df 𝜒2 𝑝 𝑉 Increase 𝑈 𝑝 𝑟

Organic 2.3× 1 29.59 <0.001 0.09 2.5× 609245 <0.001 0.04
Static 2.8× 1 37.73 <0.001 0.13 7.1× 375733 <0.001 0.06

Dynamic 2.6× 1 29.40 <0.001 0.13 +21.5% 249798 <0.001 0.06
Table 3. Post-hoc comparisons for asking versus other sources. Left: conversion rate (made ≥1 edit) using
chi-squared tests and Cramer’s 𝑉. Right: edits per visit usingMann-Whitney U tests. Asking summary: M =
1.11, SD = 5, N = 387. 𝜒 2 tests use the combined sample size of Asking + the comparison source (Organic+Asking
𝑁 = 3,795; Static+Asking 𝑁 = 2,172; Dynamic+Asking 𝑁 = 1,789), whereas the edits-per-visit tests report
per-source𝑁 (Organic𝑁 =3,408; Static𝑁 =1,785; Dynamic𝑁 =1,402). *𝑈 is for theMann–Whitney U test.

comparing first-time (M = 33, SD = 65, N = 4562) to return visits (M = 36, SD = 74, N = 2421). A
Mann-Whitney U test shows this 9% decrease is not significant. However, the average seconds per
visit for first-time visits (M = 214, SD = 503, N = 4562) versus return visits (M = 575, SD = 1213, N
= 2421) was 6 minutes and 1 second shorter. A Mann-Whitney U test shows this 63% decrease in
session length is statistically significant, 𝑈 =5305198, 𝑝=0.007, but the standardized effect size is
minimal 𝑟 = 0.03. Return visits’ standard deviation for session length is more than double that of
first-time visits, indicating a greater variation in session lengths.

5.3.3 Behaviors of Highly Accurate Visitors versus Lurkers. This section analyses visitor behaviors of
accurate visits (i.e., visits that made only accurate edits) and visits with no edits (i.e., lurkers). In peer
production, understanding the transition from lurker to active contributor is complex: some lurkers
often remain passive observers [65, 146].

CommonMistakes of Highly Accurate Visits.Only 8% (19 total visits) made at least one error,
while 92% of visits made only accurate edits.This sample size, which made at least one error, is too
small to conduct hypothesis testing.Thus, we will examine their behaviors, starting with common
editing errors:

(1) Accidentally selecting the first value from the modal edit drop-down. There were cases in
which visitors made this error but immediately corrected it. These mistakes were not included
in the analysis.

(2) Sharing information that was not yet public or true (i.e., someone leaving their university).
(3) Entering a research area that was a professor’s secondary research area, not their primary.

Average Session Length per Visit Average Interactions per Visit

Source Avg. Org. Stat. Ask. Dyn. Avg. Org. Stat. Ask. Dyn.

Organic 460 sec - 1.9x ↑ 2.0x ↑ 2.4x ↑ 35.3 - 8.1% ↓ 11.4% ↓ 48.5% ↑
Static 247 sec 46.4% ↓ - *4.4% ↓ 21.4% ↑ 39.8 12.8% ↑ - 3.7% ↑ 1.7x ↑

Asking 236 sec 48.7% ↓ *4.6% ↑ - 17.8% ↑ 38.4 8.8% ↑ 3.5% ↓ - 1.6x ↑
Dynamic 194 sec 57.8% ↓ 21.4% ↓ 17.8% ↓ - 23.8 32.7% ↓ 40.3% ↓ 38.1% ↓ -
Table 4. This table shows the effect sizes for the average session length in seconds and average
interactions per visit across sources. The reported effect sizes compare the left-most column with the source
from the top row. Mann-Whitney U tests reveal all reported differences (* except the average session length
for asking versus static) are statistically significant, 𝑝<0.001 in all comparisons. See Table 8 in the Appendix
I for the standardized effect sizes. They range from 𝑟 =0.5 to 𝑟 =0.46. * Table abbreviations are Org. = Organic,
Stat. = Static, Ask. = Asking, Dyn. = Dynamic
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(4) Themost common error was Bachelor’s degree.There was no obvious pattern to errors.The
overall accuracy for all visitors’ edits to Bachelor’s degrees in 2022 was 96%.

Edits per visit andAccuracy arenotCorrelatedPearson’s Correlation shows no effect between
accuracy and the number of edits per visit (𝑟 =0.08, 𝑝=0.25). This result replicates previous research
showing no relationship between the number of edits and accuracy [142].The lack of a relationship
between accuracy and the number of edits is inconsistent with results fromWikipedia, where a few
users contribute the bulk of accurate edits in its unstructured data [47, 70]. While Drafty has grown
from thousands to millions of visitors, it does not attract as many visitors asWikipedia/WikiData.
These results might shift if Drafty’s users vandalized data (i.e., making intentional frequent errors).

HighlyAccurateVisitswereMoreEngaged thanLurkers.Theaverage number of interactions
per visit for accurate visits (M = 63, SD = 72, N = 208) compared to visits with no edits (M = 32, SD
= 65, N = 6577) was 1 minute and 48 seconds longer. AMann-Whitney U test shows this 47% increase
in session length is statistically significant, 𝑈 = 1009201, 𝑝 < 0.001, 𝑟 = 0.14. The average session
length per visit for accurate visits (M = 707, SD = 72, N = 208) compared to visits with no edits (M =
324, SD = 65, N = 6577) was 6 minutes and 23 seconds longer. A Mann-Whitney U test shows that the
average session length for accurate visits is 2.2 times longer than visits with no edits, is statistically
significant, 𝑈 =1040255, 𝑝<0.001, 𝑟 =0.16.

5.4 Results RQ2: EngageVisitorswithinDraftyusing theDatabaitsAPI andDidYouKnow
5.4.1 Visitors who Created Insights using Did You Know versus thoseWho Did Not. Prior research
shows contributors have complex motivations beyond simple altruism. Creating insights from data
represents creating something new, while potentially creating reciprocity between contributors
and the source data [4, 140]. Providing visitors with agency to generate insights affords freedom
while also enabling them to create a small artifact or boundary object from Drafty’s source data that
appeals to their community [62].

Visits who Created Insights wereMore Accurate.The average accuracy for visits that created
an insight (M = 99%, SD = 0.12, N = 73) versus visits that did not (M = 94%, SD = 0.23, N = 154) was
5 points higher. A Mann-Whitney U test shows this 5% increase in average accuracy per visit is
statistically significant, 𝑈 =6091, 𝑝=0.03, 𝑟 =0.07. One in three visitors who edited data on Drafty
also freely chose to create insights in the Did You KnowModal.

Visits that Created an Insight wereMore Likely to Contribute.The conversion rate for visits
that created an insight, is 27.6% (105/380 visitors made at least one edit). Visits that did not create an
insight, their conversion rate is 4.6% (301/6,603 visitors made at least one edit). Notably, chi-squared
test shows this 6× increase was statistically significant, 𝑋 2(1,𝑁 =6983)=345.1, 𝑝<0.001, 𝜀2=0.22.
Among all our results, visits that created insights had the highest conversion rate. On average, visits
that created an insight (M = 2.81, SD = 11.66, N = 380) made 7.8 more edits per visit than visits that
did not (M = 0.36, SD = 4.17, N = 6603). AMann-Whitney U test shows this increase is statistically
significant, 𝑈 =1546049, 𝑝<0.001, 𝑟 =0.09.
Visits who Created Insightsmademore Interactions. Spreadsheets typically offer limited

support for users to engage, interact, with something personally relevant [112]. Our Did You Know
helps address this by presenting insights from Drafty’s data. Visits that created an insight had 25
more interactions (M = 58, SD = 100, N = 380) than those that did not (M = 33, SD = 65, N = 6603).
A Mann-Whitney U test indicates that this 1.8 times increase is statistically significant, 𝑈 =1619791,
𝑝<0.001, 𝑟 =0.11. The average session length per visit for visits that generated an insight (M = 545,
SD = 852, N = 380) was approximately 3 minutes and 38 seconds longer than for visits that did not
(M = 328, SD = 838, N = 6603). AMann-Whitney U test shows this 2.2 times increase in duration is
statistically significant, 𝑈 =1750462, 𝑝<0.001, 𝑟 =0.16.
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5.4.2 After Creating or Seeing an Insight in theDid YouKnowModal:What were Visitors’ Next Actions?
We do not consider creating an insight in the Did You KnowModal to be an edit to the tabular dataset.
Instead, we examine visitors’ next actions within the modal as subsequent actions after creating or
seeing insights, including both actions related to maintaining the dataset and other interactions with
the feature. Visitors saw an insight 1,542 times by freely creating one, and post-edit 902 times. After
a visitor sees the Did You KnowModal, there is a 46% chance they create another insight within the
modal. Theoretically, this number cannot reach 100%, since visitors will eventually have to close
the modal. Likewise, if all visitors generated one additional insight and then closed the modal, then
this percentage would be 50%.Thus, we believe that a value of 46% indicates meaningful use of the
feature.This analysis and approachmirrors prior recommendations from peer production systems in
CSCW [140].
Drafty’s Visitors Prefer Randomized Insights. Visitors were 6 times more likely to create a

random insight than a similar insight. A one proportion 𝑧-test shows that visitors creating a random
(vs. similar) insight 86% of the time is statistically significant (𝑧 =23.86, 𝑝<0.001), with a large effect
size (Cohen’s ℎ=0.79). This shows Drafty’s visitors preferred to generate randomized insights from
the source tabular dataset, demonstrating reciprocity between visitors and the dataset [23, 85] and
contradicts prior research in recommendation systems [42].

VisitorswhoFreelyCreate Insights areMore Likely toContribute.Weanalyze visitors’ next
actionsusing two-tailedMcNemar’s testswith anodds ratios (𝜓) [110], likepriorCSCWresearch [140].
We apply continuity correction when testing paired proportions, and separately examine actions
within theDid YouKnowModal and actions after themodal is closed.These analyses compare visitors
who freely choose to create an insight with visitors who see an insight post-edit.

In both conditions, visitors disproportionately chose to create a randomized (vs. similar) insight as
their next action (see Table 5), with large standardized effects. Visitors who freely create an insight
were 6.6× more likely to create a randomized (vs. similar) insight (𝑧 = 23.13, 𝑝 < 0.001, ℎ = 0.79).
Likewise, visitors who see an insight post-editwere 6.6×more likely to create a randomized (vs.
similar) insight (𝑧 =7.56, 𝑝<0.001, ℎ=0.83). Both comparisons have a large effect size (Cohen’s ℎ)

Within themodal, visitors who created an insight had a 66.2% chance of creating another insight as
their next action, which is 5.6× higher than when visitors saw an insight post-edit. A McNemar test
shows this increase was statistically significant (𝜒2(1)=106, 𝑝<0.001, 𝜓 =0.07). Conversely, when
visitors saw an insight post-edit, there was a 78.8% chance they would close the Did You KnowModal
as their next action, which is 3.8× higher than for visitors who created an insight; this difference was
statistically significant (𝜒2(1)=711, 𝑝<0.001, 𝜓 =14.05).

After a visitor closes themodal, their next actions are one of three outcomes listed in Table 6.While
visitors were similarly likely to leave Drafty after freely creating an insight versus being shown one

Created an Insight

Freely chose to Tweet Create Create Leave Close Search
create the Insight Insight Total* Similar Random Drafty Modal Drafty

Yes 1.0% 66.2% 9.7% 56.5% 11.3% 20.9% -
No 1.7% 11.8% 1.6% 10.5% 7.8% 78.8% -

Likelihood 0.6 5.6 6.2 5.5 1.5 0.3 -
Table 5. Visitors who freely chose to create an insight were most likely to create another insight as their next
action. The most common action for visitors who saw an insight post-edit was to close the modal. McNemar
tests show all relationships were statistically significant 𝑝<0.001. No visitors searched the dataset using the
modal, this feature may have been hard to discover. Likelihood compares next actions between visitors who
voluntarily created an insight and those who encountered one after an edit.
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post-edit, visitors who did not freely choose to create an insight were 2×more likely to not contribute
within that same visit. A McNemar test shows this decrease was statistically significant (𝜒2(1)=182,
𝑝<0.001, 𝜓 =2.21).

Interactions after closing the Did You KnowModal

Freely chose to
create a Insight LeftDrafty No Contribution Made a Contribution

Yes 11.4% 10.2% 78.3%
No 11.1% 20.2% 68.7%

Likelihood 1.0 0.5 1.1
Table 6. Visitors who did not freely choose to create an insight were twice as likely not to make a contribution
to Drafty after the Did You KnowModal. Likelihood compares the next actions of visitors who freely chose
to create an insight with those who did not (i.e., they saw the Did You KnowModal post-edit). A McNemar
tests show all relationships were statistically significant 𝑝<0.001.

5.5 Cross-Year Descriptive Trends for Contextualizing Findings
We also report a brief cross-year descriptive comparison (2021 vs. 2022) to contextualize our 2022
findings; we do not interpret cross-year differences as causal. Our primary research questions are
based on 2022-only data.This section does not directly answer our research questions. Instead, it
reports trends in visitor behavior from beforewe introduced our new systems and features, providing
descriptive context for interpreting the 2022 analyses and informing future research.We compare the
same date range in each year (March 15th through September 28th).We treat all cross-year differences
as descriptive context only because 1) our visitors are anonymous and not fixed across years, and
2) because external conditions may differ per year. We do not collect IP addresses or other personally
identifiable information, so we cannot use visitors’ physical location or demographics.The system
timeline in Figure 1 summarizes the major changes introduced in 2022. During the 2021 window,
we made no updates to Drafty. In preparing the 2021 data, we followed the same procedures from
section 5.1.1. Across the 2021 window, 2,536 total visits produced 86,950 interactions and 265 edits.
Accuracy per visit trended higher in 2022.The average accuracy per visit in 2022 (M = 95%,

SD = 0.20, N = 227) compared to 2021 (M = 73%, SD = 0.42, N = 55) is around 22 points higher (30.5%
relative difference).This difference occurs during the period when the 2022 updates were deployed
(see Figure 1), but our analysis cannot attribute the change to any single factor. For additional context,
prior longitudinal deployments of a similar dataset report accuracy per edit. In 2022, the average
accuracy per edit (M = 98%) exceeds earlier reports from 2016–2017 (M = 76%) [143] and 2017–2019
(M= 89%) [142].Those studies also found higher accuracywhen nudging users to edit content aligned
with their interests (2016–2017: M = 88%; 2016–2019: M = 95%) [142, 143].

Editing wasmore common and edits per visit trended higher in 2022.As descriptive lon-
gitudinal context, the conversion rate for visits was higher in 2022 (5.8%) than in 2021 (2.5%). Edits
per visit were also higher in 2022 (M = 0.49, SD = 4.91, N = 6983) than in 2021 (M = 0.13, SD = 2.00,
N = 2536), a difference of 0.36 edits per visit. We report these cross-year contrasts as context only
and do not interpret them as feature-driven or causal effects because visitors are anonymous and
external conditions may differ across years.

Session length trended higher in 2022.The average interactions per visit were similar in 2022
(M = 34, SD = 68, N = 6983) and 2021 (M = 34, SD = 93, N = 2536). However, the average seconds per
visit in 2022 (M = 340, SD = 840, N = 6983) compared to 2021 (M = 232, SD = 580, N = 2536) was 1
minute and 48 seconds longer (47% relative difference). Overall, these descriptive trends provide
context for our 2022 findings, while remaining consistent with our non-causal interpretation.
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6 Key Takeaways
The Effectiveness of Dynamic andOrganic Sources to Attract Visitors. Dynamic sources (e.g.,

CS Open Rankings, Twitter via the Databaits API) attracted visits who made accurate edits without
direct prompts to friends (i.e., friendsourcing) [14]. While our asking (or friendsourcing) method
did show an increase in conversion rates across months like prior work [118], it generated fewer
edits than our dynamic or organic sourcing methods. Organic visitors contributed the most edits
with comparable or better accuracy than in earlier studies [142, 143]. While our dynamic sourcing
methods may offer a scalable approach to support continuous contributions [13], developers have
to spend initial time creating them.

First-Time vs. Returning Visitors. First-time visitors made accurate contributions at rates simi-
lar to those of returning visitors.This diverges fromfindings inWikipedia, where return users tend to
bemore accurate [47, 70], and new users benefit from structured gamification [95]. First-time visitors
werealso just as likely tocontribute, suggesting that systems focusingonadatasetwithasingular topic
could aim to support a broad range of contributors, not just high-frequency power contributors [154].
These observations may also be a result of our system reducing the initial effort to contribute (i.e., no
logins or vetting processes), compared to platforms (Wikipedia,WikiData,MovieLens, or Zooniverse)
that require creating user accounts or performing sequential steps to contribute [6, 105, 154].

Insights andEngagementviaDidYouKnowModal.TheDatabaitsAPI andDidYouKnowwere
deployed in Drafty in the Spring of 2022.This is in response to years of people creating static insights
from Drafty’s data. When Drafty’s visitors create an insight in Drafty, they tend to be more likely
to contribute without another prompt from the system.This observation builds on prior research
suggesting that a system should not ask people to contribute [118, 143].This further indicates that
providing Did You Know as a feature offered another way for visitors to freely interact with Drafty,
similar to prior work focusing on user agency to seek randomized insights [140].

Post Did You KnowAutomatic Insight Visitor Behavior. Visitors behaved similarly whether
they generated an insight or were shown one as a post-edit thank-you. Many chose randomized
insights rather than similar ones, showing initial results in one system (Drafty) that contradicts
collaborative filtering approaches over datasets with more diverse content [67]. This aligns with
prior calls to explore randomized example generation in public data systems [140]; and mirrors prior
results on how gratitude messages after contributions may further support user contributions and
engagement with a system [94, 150].

VisitorAccuracy andEngagementTrendedHigher, EmergingAlongside the Introduction
of New Features in Drafty. Our new additions were designed to grant users agency over their
interactions [111]. We observed high levels of accuracy and engagement in 2022, without using
demotivating tactics such as nudging [118, 142]. We observed accuracy levels that met or exceeded
those reported in similar studies of unpaid contributors [142, 143].OurDidYouKnow featureprovides
automated insights derived from user interactions with data, thereby building on Self-Determination
Theory’s recommendations to use personalized messages to motivate contributions [43].

7 Discussion
Our efforts designing Drafty support understanding of attracting and retaining highly accurate
anonymous contributors. We address the challenge of sustaining participation identified [38, 142].
Visits from dynamic sources that generate automated insights were associated with higher edits per
visit, accuracy, and engagement (RQ1). Also, visits where users freely generated their own insights
using Drafty’s Did You KnowModal were associated with higher engagement and accuracy (RQ2).
Conceptual Model for Did You Know and Engagement: We interpret our Did You Know

results as an engagement loop that links (1) immediate value from the dataset (via insights), (2)
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user agency to choose what to explore or create, and (3) a low-friction next action back into the
spreadsheet (e.g., search/edit). Visits that freely create an insight show the strongest co-occurrence
with contribution behaviors, consistent with agency as an important driver, whereas insights shown
post-edit are less strongly associated with additional contributions.

7.1 Our Interpretations of Visitor Behaviors andMotivation per Source
Our discussion below contextualizes behavioral differences across sources based on our observations
and conversations with the community, not to claim definitive visitor motivations or intent.
Organic visitors likely have the most varied motivations, arriving via search engines and links.

We believe they may seek specific information (e.g., a professor or university) and may fix missing
or outdated entries.
Static-source visitors come from specific CS sub-communities and contexts (e.g., graduate ad-

missions forums, general CS subreddits, or one-time analyses on PhD stipends).Theymay visit to
review the source data or locate specific departments or individuals mentioned in posts. Our static
sources offer less reciprocity: edits do not update the source, thus potentially reducing the perceived
payoff frommaking contributions.

Visitors fromAsking sources likely arrive with a clear social prompt and personal relevance to
the data (e.g., being newly hired).Theymay contribute to being helpful, to reciprocate, or to ensure
that their profile or their new department’s public representation is accurate. These motivations
are consistent with friendsourcing and social obligation [13, 32].This source may produce higher
conversion rates because the visit begins with an explicit reason to contribute.

Dynamic sources may attract visitors through decision-making (e.g., comparing programs for ap-
plications/admissions or exploring subfields) and possibly curiosity influenced by automatic insights.
Because these motivations could be explicitly derived fromDrafty’s source data, they could foster
stronger reciprocity and feedback loops. For CS Open Rankings, edits can also change downstream
representations (e.g., your department’s rankings), thus creating real-world value for community
members and their departments. This source might attract short task-oriented visits that: arrive,
verify/edit, and leave.This aligns with our observation that dynamic-sourced visits tended to have
long browsing sessions.

7.2 Designing Systems for a Single Community: Enabling Divergent Design Choices
Small, interest-aligned communities enable different design tradeoffs than large platforms and can
sustain high-quality contributions [3]. Our observations are suggestive rather than comprehensive,
and motivate future work on sustaining motivation and accuracy as contexts, users, and datasets
evolve [31, 53, 54].

7.2.1 Recommendation Systems for Small Communities Should Enable Randomized Recommenda-
tions. Collaborative filtering has excelled in past research on recommendation systems because it
leverages user data to personalize recommendations [66, 67]. In contrast, our visitors freely chose
random insights (rather than similar ones) from Drafty’s data.This preference may stem from the
dataset and community’s shared context: even random entries remain relevant because of our single
dataset’s narrow scope [140]. For example, moving from a University of Chicago row to one about
the University ofWashington still alignswith users’ academic interests, unlike reading two unrelated
Wikipedia topics.These findings offer a simple, effective alternative to traditional recommendation
techniques for systems focused on small communities or singular topics like ours.

7.2.2 Common Themes in a Single Dataset can Foster Intrinsic Motivation. By centering on a singular
dataset of computer science faculty, we built complementary systems like CS Open Rankings that
generate community-relevant insights.This design choicemight encourage contributions by enabling
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users to directly support and improve resourcesmeaningful to themselves or their peers [90, 91].They
also could possibly be motivated by social comparisons of rankings and insights [21]. Public datasets
with a unifying theme can attract contributors who share common goals or interests [142]. For
example, CS Open Rankings instantly reflects updates after a user edits Drafty, offering contributors
an immediate, community-aligned reward.These intrinsic rewards—timely, personally relevant, and
socially beneficial—can bemoremotivating than gamified incentives like badges or points [44, 57, 84].
Prior research supports this, showing that contributors are more engaged when their efforts visibly
benefit a shared cause [6].

7.3 Future Research Directions and Recommendations for Interaction Design
We integrate our system-building perspective and historywith several of Norman’s design principles
for Human-Computer Interfaces [101] and the future generative AI applications outlined byWeisz
et al. [147] to discuss our system’s features. We discuss the potential design implications for both
existing applications and those integrating generative AI. We hope that future system designers can
learn from our experiences and identify which recommendations and opinions will work for their
systems and user bases.

7.3.1 Increase Agency with Publicly Accessible Features and Data. We designed our platform to
connect andmake visible the tabular dataset of Computer Science faculty that empowers each system:
Drafty, CS Open Rankings, and the Databaits API. Drafty makes thousands of rows of raw tabular
data fully visible and editable client-side, ensuring users have equal access and agency to explore
and edit all data.

Our systems operate as anonymous collaborative environments that combine structured task
models from crowdsourcingwith the autonomy of peer production [8].We believe this hybrid design
supports accurate contributions while enabling individual freedom.We believe that the anonymity
of edits might help reduce social loafing (where individuals exert less effort in groups) by shifting the
focus from social dynamics to individual motivation and empowerment [24]. Our results on anony-
mous editing build on related social computing research adopting Wikipedia-style collaborative
editing requiring user accounts [28, 74].

7.3.2 Increasing Reciprocity through Dynamic Sources with Insights from the Source Data. Norman
emphasizes meaningful feedback as a core usability principle [101]. Our systems operationalize this
through Cialdini’s theory of reciprocity [23], which posits that users are more motivated to con-
tribute when they receive something valuable in return. We applied Fogg’s Behavioral Model [39] by
designing simple, rewarding ways to contribute. For example, CS Open Rankings and Did You Know
provide automatic insights from the shared dataset, thereby creating intrinsic value for contributors.
We found that these feedback loops might help sustain visitor participation through these shared
boundary objects [85]. In contrast to prior research onWikipedia by Klein et al. [63], we show that
increases in editors or visitors did not decrease accuracy or data quality for our specific dataset.This is
likely because our single dataset avoids the horizontal organization and heterogeneous user-interest
issues that Wikipedia editors face. For example, faculty themselves (or those who know them) might
be motivated to contribute data to enhance their professional identity or ensure their department’s
reputation and ranking are accurate in CS Open Rankings. Compared with automated methods on
Wikipedia for detecting quality issues [28], our results show that trends and longitudinal automated
methods might help positively attract quality editors to interact with and contribute to our system.
We believe future work should study how boundary objects that might influence personal and group
reputation across datasets could affect visitors’ motivations to contribute.
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7.3.3 Design for the Generative Variability of Automatic Insights. TheDid You KnowModal’s auto-
matic insights rely on deterministic, template-based sentence structures, similar to prior systems
such as SuggestBot [26], Botivist [118], and others [68]. While effective, these static templates might
become repetitive or be interpreted differently across cultures and grammatical structures. As large
language models (LLMs) becomemore capable, future systems could experiment with generating
more natural, diverse variations. LLMs could also help translate or simplify content for non-English
speakers. However, the risks of hallucination remain [52]. We recommend future work to explore
an agentic approach balancing human understanding with the factual accuracy of insights created
from tabular data. Future work could also compare user-controlled insights with those generated
by LLMs, thereby addressing the call for user agency during a generative process [147].

7.3.4 Future Directions Towards Drafty and WikiData Co-Creation. To extend our community of
collaborators beyondDrafty tomorewidely used systems, futurework can explore integratingDrafty
with broader platforms such asWikidata.ThoughWikiData hostsmore users, its interfacemay be too
complex for new contributors [98, 132]. Translating Drafty’s tabular data into graph-based formats
might bridge the gap between low-effort and expert workflows [88]. Simultaneous longitudinal
studies of contributors across multiple datasets and both platforms could reveal design insights to
support different skill levels and increase diversity, particularly through recent efforts to support
multilingual and bilingual editing [56].

7.3.5 Design for Co-Creation between Humans and AI. Our systems provide users with access and
control over contributions to the tabular dataset, per peer production principles [6, 8], participatory
crowdsourcing [10, 11], and collaborative editing [74, 142]. As generative AI integrates into social
computing anddata systems [89],we argue thatAI should augment, not replace, human contributions.
What happens if people stop contributing to online information sources? LLMs are reshaping how
communities create andmaintain knowledge [69]. While they provide new affordances for collective
intelligence, studies show they can also displace human effort. Empirical work highlights declines
in participation after generative AI adoption [16] and warns that Wikipedia and similar efforts risk
“death by AI” as volunteer labor erodes [136, 156].

Online communities are actively negotiating these risks. Reddit forums have introduced policies
to regulate AI-generated content [77], while user reactions to AI companions show ambivalence and
concern over authenticity [93]. Research demonstrates opportunities for human-AI collaboration:
LLMs can scaffold workers’ sensemaking [55], support culturally aware moderation [121], and aid
content generation when paired with structured interaction design [37]. However, users express
concerns about trust, over-reliance, and their agency despite reporting that AI helps them work
faster [125, 130]. This is all while unpaid contributors prefer non-AI collaborative editing tools to
paid crowdworkers [141].

Future CSCW systems and research could build on howwe evaluated Databaits and Did You Know
to help users opt-in to AI co-creation features to further study open-research questions in trust,
safety, and responsibility in AI [69, 89].Thus, we implore future researchers to consider data lineage.
Can AI-created or modified content be watermarked?

8 Limitations and FutureWork
Webelieveour longitudinal observations serve as a foundation for future controlled studies to build on
our limitations to explore analytical methods such as propensity score matching with AI-influenced
data maintenance efforts.

A more thorough qualitative study conducted from April to September 2022 would have enabled
additional interpretations of our results at the time.This also helps reveal more details about visi-
tors’ individual motivations, for example, directly mapping their domain expertise or professional
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affiliation with their edits. We chose not to conduct a qualitative study at that time because we did
not want to introduce an additional confound that could interrupt visitors’ interactions and flow
within our system.This would make it difficult to answer RQ2 about visitor engagement.

The initial Databait sentence templates are in English. Future researchers should consider
translating sentence templates into other languages [128, 129].We conducted pilot studies to develop
easy-to-understand sentence templates. Translating these sentence templates will require careful
consideration and, in some cases, the development of new templates to account for differences in
grammar and connotation across languages and neurdivergent reader profiles [50, 76, 100, 138].

While we validated Databaits API with multiple datasets, our main study focuses on one tabular
dataset of Computer Science professors from the US and Canada. We believe that future work should
extend to studying other large, evolving tabular datasets and international universities, and to
considering the interplay between information understanding, insights, and tabular data [99, 145].
We focused solely on a single large dataset because we had an existing community of editors that
had grown over nearly a decade of effort.

Confounding Variables and External Events. Like with many longitudinal studies in the wild,
we cannot control for or predict every situation that might affect individual users’ behaviors [82].
We believe that studies like ours are valuable, responding to the call for more research on users in
their natural environments over time [5].

COVID-19:Weacknowledge that our datawas collected duringCOVID. Based on our interactions
with the community of our dataset, our visitors come from a diverse range of physical locations and
demographic groups. Given that our visitors are anonymous, our analysis cannot account for the
random effects of COVID-19 across geographic locations.

Chat-GPTandLLMs:Our data collection stopped in September of 2022, before thewide adoption
of LLMs [69]. ChatGPT was publicly released in November 2022.Thus, our findings relate more to
non-LLM-assisted edits. Future work could examine how interest in a data source influences an
individual’s use of an LLMwhen editing and maintaining that same data.

Rise in CS admissions:An increased interest in Computer Science degrees in the US from 2005
to 2023 might contribute to the increase in visitors and engagement we see in our data [135].

Geographic Location and External Events:Our system does not collect personally identifiable
information, nor does it require user accounts to edit data. Therefore, we cannot determine with
100% certainty if the same visitor appears across multiple years. We can only identify repeat visitors
if they use the same browser on the same device. As such, we cannot claim to track fixed groups of
visitors longitudinally. Among visitors who used the same browser/device, 6 made edits in 2021 and
2022, and 19 visited our system in both years. Some visitors may visit only once; it is impossible to
determine whether this is true due to our system’s anonymous visitor tracking.

VisitorPrivacyandDataEthics: Futurework should balance preserving user anonymity (shown
to positively influence engagement [109, 141]) with implementing fixed user tracking and account
creation, as inWikipedia. If enough covariates can be identified, such as geography and local events
from IP Addresses, and visitor demographics (age, prospective student, current student, faculty,
staff, etc.), then analysis methods such as propensity score matching could be applied to study new
features in a public system over time.There is recent research applying propensity score matching
with platforms requiring user accounts or IPs to contribute, such as Reddit [35] andWikipedia [152].

9 Conclusion
Wefirst developed a newversion of our public data systemDrafty to attract organic visitors to become
contributors and help them continuously engage and interact with our systems. We developed two
Dynamic sources that require low effort to maintain: CS Open Rankings and the Databaits API.They
generate automated insights from Drafty’s tabular data on computer science faculty profiles in the
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US and Canada.These systems were designed to automatically and continuously attract and engage
visitorswhomake accurate contributions and interact, building onpriorwork inReciprocity [23, 114],
Self-DeterminationTheory [43], and Boundary Objects [73] to intrinsically motivate contributions
to the dataset’s community [33, 124].

Visitors from our automated dynamic sources were just as accurate as those we asked (i.e., friend-
sourcing [13]). Our dynamic sources require far less effort from data curators. Visitors who created
automatic insights inDraftyusing theDid YouKnow featuremademore contributions and had higher
engagement over time than those who did not. Notably, visitors preferred to see a randomDid You
Know compared to a similar one.Thus, future recommendation systems could employ randomization
to appeal to the preferences of anonymous communities sharing similar interests.Thus, appealing
to user interests aligns with critical thinking in AI co-creation tasks [37].

Our approach to building systems for groups of like-minded users allows you to attract everyday
visitors to become unpaid contributors in ways that popular platforms cannot. Future work can
compare the efforts of unpaid everyday users in smaller systems with those in large platforms like
Wikipedia andWikiData. What if we expand public data systems to integrate AI and LLMs into the
user-contribution loop to augment human behavior further? As data evolves, engaging the right
user to maintain recent data will be necessary, as the volume of data society generates and organizes
never stops. Without human contributions to public information, what will the balance become
between human and AI-curated information?
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A Developing
Drafty: Reducing Effort to Contribute & Infinite Scrolling Large Tabular Datasets

A key design focus for this new version of Drafty v2 is to reduce the effort to edit cells, add new rows,
and delete existing rows. Reducing the time and effort required to edit data should increase visitors’
motivation to contribute by lowering a barrier [22, 113]. When editing a single cell, a drop-down
with autocomplete appears directly below the cell. This interface provides suggested values and
highlights any previously contributed values for that row of data in orange.The previous version
of Drafty v1 (pre-2020) required a lengthy process to add a new row via a complex wizard modal.
Previous research shows that prior visitors were less likely to submit new rows of data because of
the effort required to navigate this step-by-step interface [142]. We also optimized the interface for
large-screen displays, given users’ negative views of interacting with tables and spreadsheets on
mobile devices [133].The new version of Drafty v2 released in 2020, allows visitors to add a new row
of data using an inline form embedded in the spreadsheet.When deleting a row, a visitormust provide
a reason for the deletion. For example, it could be a duplicate, or the professor could have retired.

Drafty v1’s (pre-2020) performed poorly in search engine results because it pulled rows to display
from a server and did not store all data client-side. Our new version of Drafty v2, can handle near-
infinite data client-side while providing a similar user experience with scrolling and search actions.
We developed the pure client-side JavaScript library PolyMu4 to handle and present hundreds of
thousands of rows of data to the user.This data is also search-indexed.The spreadsheet is generated
statically on the server every couple of minutes. The data is stored in a search-indexable HTML
template element.This enables the page to load quickly, regardless of table size. PolyMu stores all
table data in memory from the HTML template element. Then, PolyMu dynamically renders the
correct row of data based on a user’s scroll position, column sorting, and column search inputs.

B CSOpen Rankings Overview and User Interface
CS Open Rankings is a dynamically generated web page that visualizes department-level rankings
using Drafty’s evolving dataset of Computer Science professor profiles. Visitors can explore interac-
tive rankings and select the “D” icon to navigate to a filtered view of that professor’s profile within
Drafty. Rankings are based on four metrics:Reputation (U.S. News), which reflects academic peer
assessments; Faculty Publications, based on publication counts in selected top conferences since
2010, weighted by institutional authorship; Placement Rank, derived using a PageRank algorithm
on faculty hiring networks, where degree-granting institutions are treated as sources and hiring in-
stitutions as destinations [119]; andRecognition (Best Paper Awards), which assigns points based

4https://github.com/drafty-research

Type of Interaction Interactions

Modify tabular data edit cell; add new row; delete a row; visit from a source
Interact with cells click; double-click; select multiple; copy; paste value
Interact with columns sort by column; search (single/multiple); completed search (single/multiple);

clear column search; copy all values from column
Interact with notes add a note; vote thumbs up/down; deselect vote; open notes modal
Create an insight create via row menu; create similar/random (Did You Know); tweet an

insight; select insight value to auto-search Drafty
Other interactions search Google for row data; view a different web page on Drafty

Table 7. The interactions that Drafty anonymously records user interactions. All interactions within the
engagement metric fall under one of these seven interaction types.
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on author affiliation and author order using a decreasing exponential scale across 30 top conferences.
While CS Open Rankings uses the same geometric mean formula as csrankings.org [9], it differs
in implementation, subfield selection, and faculty data source.

Fig. 7. This figure shows the user interface for CS Open Rankings. It is developed using HTML and JavaScript,
allowing users agency over creating their own rankings using the various UI elements.

C How do Users Create an automatic insight in the Did You KnowModal?
Users can take these actions within the system’s spreadsheet interface to generate an automatic
insight from its tabular data.

(1) Right-click on a cell within the spreadsheet and select “See a Did You Know” to generate a
random insight using the selected row’s information.This method lets users generate a Did
You Know related to specific rows.

(2) SelectDid YouKnow? in the topmenu bar.This generates a random insight by selecting random
columns and values from the tabular dataset. A user might not have a cell selected, so this
method allows them to generate a random insight without having first to edit data.

(3) Every time a user edits data (changing a cell’s value, adding a new row, or deleting a row), the
system generates a randomDid You Know based on that row’s information.This gives the user
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a small reward for making an edit and another method to help them discover and interact with
a Did You Know.

(4) When viewing the Did You KnowModal, a user can choose to see another similar insight.This
generates a random type of insight using the columns and input values used to generate the
previous insight. For example, if the previous insight used the values “Databases” and “McGill
University”, the next insight would create an insight using at least one of these values.

(5) When viewing the Did You Know Modal, a user can choose to see a random insight. This
generates a random insight using the samemethod asMenu-Item-Random.Thismethod allows
users to continuously see a randomDid You Know created from all of Drafty’s tabular data.

D Databaits Validation Study: 16 Column Values to Generate Automatic Insights
The 16 subtopics (i.e., column values) that are featured across the insights in the Databaits validation
study.These are selected fromDrafty’s Computer Science Professor dataset and a dataset of video
game sales.
Topics: colleges and universities; video games; Harvard University; Carnegie Mellon University;
Artificial Intelligence; Human-Computer Interaction; MIT; Brown; Princeton; Tsinghua; Nintendo;
Sony Computer Entertainment; Sports video games; Action video games; Shooter video games;
Simulation video games.

E Databaits API: Configuration Overview
Databaits API: Configuring System Behaviors to Create Insights. When the Databaits API

creates an insight, it can take in as optional inputs the type of Databait to create, multiple column
names, multiple values per column, and any of the other configuration parameters below:

• subject: the entity being described by each row in the table (e.g., “CS professors”).
• pronoun: the pronoun that represents the subject (e.g., “who”).
• column names(s): Often the column name that describes a column’s information (e.g., “Uni-
versity”).

• column phrase(s): a term or phrase that describes what the column’s name does (e.g., “special-
ized in” for Subfield).

• column value(s): a unique set of values from a column.
• comparison statistic descriptor: a phrase that describes statistics that compare one column
value to another (e.g., “twice as many”).

• growth phase statistic descriptor: a phrase that describes statistics that track the change over
time of one column value (e.g., “doubled”).

• time range: the distance between the minimum and maximum for a time-based column value.
• time range descriptor: a unit of measurement for the time range (e.g., “years”).
• historical event(s): historical events and they year/s they took place for Databait Type 7 (e.g.,
“the iPhone was released” and “2007”).

These can be provided by passing a configuration file, or the Databaits API can select any of these
at random.

For example, Figure 3’s sentence template consists of static and variable parts.The variable parts
are colored for distinction.These parts change based on which column names or column values the
Databaits API used to generate each statistic.The static portions describe information inherent to
the Databait type.These are shared across Databaits of the same type.

By allowing this type of configuration per dataset it expands the variety of data types and datasets
that can be plugged into the Databaits API to generate insights.
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Fig. 8. This figure contains a short summary, template, and example of each Databait type (types 1-10). The
template colors map to red for time, blue for columns, teal for the tabular dataset, and yellow for statistics.
Examples for all 10 Databait types are in the Appendix; see Figure 8 in section E.

DatabaitsAPI: Calculating Statistics forDatabaits. When theDatabaits API is called, it either
uses the predefined Databait type provided in the call or randomly selects a suitable Databait type
capable of handling the number of columns and values provided. If the Databaits API cannot compute
a statistic given the provided inputs, it will select random column names and values and create a
randomDatabait type. After successfully creating the aggregate statistic, it will attempt to plug it
into the sentence template. If this last step succeeds, the Databaits API will return the final insight
via its RESTful API.

To ensure diverse insights and statistics, the Databaits API does not compute statistics for the
largest effect sizes. For example, in the Computer Science professor dataset, every insight comparing
the number of faculty per department would likely select Carnegie Mellon University because it has
two to ten times as many professors as other departments. Future work could optimize these effect
sizes to find the right balance between variety and usefulness per insight.

Databaits API: Generating Sentences. Once a statistic is calculated, it is converted into an
English sentence. Each Databait type has a unique template comprising static and variable parts.The
variable parts depend on the inputs used to generate the statistic.

Some variables, such as the subject and time range, can be plugged into sentence templateswithout
modification. While, column names such as “University”, “SubField”, or perhaps something more
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syntactically complicated such as “global_sales”, must be translated into plain English before they
can blend into sentences. To do so, the user specifies a dictionary of column descriptors that maps
each column name to an English phrase describing its function. For example, the “SubField” column
could be mapped to the phrase “specialize in.” Combined with the subject and pronoun variables,
column descriptors create a natural phrase that depicts the kind of data represented by each column.
In this case, the full phrase would be “CS professors who specialize in” followed by a column value
of the “SubField” column such as “Human-Computer Interaction.”

Statistics are also converted into plain English to make information more digestible. If the insight
compares two column values, the figure will be translated into a comparison statistic descriptor, such
as “twice as many” or “nearly 10 times that of.”. Suppose the insight is following the increase or
decrease of a value over time. In that case, the figure will be converted into a change over time statistic
descriptor, such as “doubled” or “grew nearly 10 times,” followed by a time range variable, such as
“over the past five years.”

F Preliminary Databaits API Validation Study on Two Tabular Datasets
All insights presented to participants in this preliminary study are true based on the tabular data
given to the Databaits API. No personally identifiable information was collected from participants.

Preliminary Databaits Validation Study: Method. We first introduced insights created by the
Databaits API to the public through a preliminary study, which presented participants with in-
sights created from two different tabular datasets (computer science professors and video game
sales), then measured their reactions. Each participant read 24 different insights and then answered
six follow-up questions per Databait.These questions measured whether participants found each
insight interesting, believable, surprising, or easy to understand and if they wanted to learn more.
Below is a sample set of questions:

Sample Databait: Over the past 25 years, the total number of games that were published by Nintendo
and were classified as Sports nearly quadrupled.

• How interesting is this information? [Likert scale, 1 - “Not at all” to 6 - “Very”]
• How believable is this information? [Likert scale, 1 - “Not at all” to 6 - “Very”]
• How surprising is this information? [Likert scale, 1 - “Not at all” to 6 - “Very”]
• Is this sentence easy to understand? [Likert scale, 1 - “Not at all” to 6 - “Very”]
• Do you want to learn more about this information? [1 - “No” or 2 - “Yes”]
• Please share any thoughts or feedback on this sentence. [Open-ended]

This survey used a Likert scale with an even number of choices (1 to 6) so participants had to
choose explicitly negative (1 to 3) or positive (4 to 6) answers. In addition, participants could only
answer whether they wanted to learn more with a “Yes” or a “No.”This binary choice best reflects
whether users would choose to learn more in the real world. If an insight from the Databaits API
were posted on Twitter, followed by a link to the source dataset it was created from, someone would
either click on the link to learn more or decide not to click.

This survey also measured if participants’ prior interest in the topics covered by the two datasets
would react differently than those who did not. In other words, it sought to measure whether prior
interest affected user reactions. Before participants saw any insights generated by the Databaits API,
they answered 16 Likert scale questions with an even number of choices (1 to 6), indicating how
interested they were in each of the 16 subtopics that later appeared in each insight in the survey.
For example, one of Databaits’ generated insights in the survey mentioned subtopics such as video
games, Nintendo, and the Sports genre. Here are example questions participants answered:

• How interested are you in video games? [Likert scale, 1 - “Not at all” to 6 - “Very”]
• How interested are you in Nintendo? [Likert scale, 1 - “Not at all” to 6 - “Very”]
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• How interested are you in Sports video games? [Likert scale, 1 - “Not at all” to 6 - “Very”]
We designed the survey to determine if some Databait types are more effective than others. Each

Databait type appeared twice using the two different tabular datasets. The first tabular dataset is
Drafty’s Computer Science professors. Each row contains a CS professor’s name, their subfield
of expertise, the university where they teach, the year they were hired at that university, and the
universities where they received their Bachelor’s and Doctorate degrees. The second dataset is a
table from Kaggle detailing historical video game sales. Each row contains the name of the video
game, its publisher, the platform for which it was designed, its genre, the year it was published, and
its sales globally: in North America, Europe, and Japan.

Preliminary Databaits Validation Study: Data Overview. In total, the survey received 57 responses
from paid crowdworkers on AmazonMechanical Turk and 33 responses from those on Prolific. All
paid crowdworkers were paid $2.25 per task (around $9 per hour).Themedian completion time for
paid crowdworkers onAmazonMechanical Turkwas 16minutes and 22 seconds.Theminimumquali-
fications for paid crowdworkers onAmazonMechanical Turkwere an acceptance rate of 99%or above
and the completion of at least 500 tasks.The median completion time for paid crowdworkers on Pro-
lific was 17 minutes and 32 seconds. At the time we conducted this preliminary study, Prolific did not
allow us to restrict availability by number of tasks completed or prior success rate per crowdworker.

We recruited paid crowdworkers from two different sources because the initial responses from
AmazonMechanical Turk were lower quality than we initially expected. Some AmazonMechanical
Turk responses were most likely written by bots, as evidenced by nonsensical answers to open-
ended questions or no variance in Like scale answers (e.g., providing the same answer every time).
After excluding participants who displayed these behaviors, there were 41 responses from Amazon
Mechanical Turk and 32 fromProlific.These 73 responses are used in the following sections.We found
no difference in the responses from AmazonMechanical Turk and Prolific used in the final analysis.

Preliminary Databaits Validation Study: Results & Discussion. Results from the preliminary study
indicate that insights generated by theDatabaits API are interesting, believable, and could be effective
in attracting attention online and motivating people to engage with the source datasets. Participants
responded positively to insights (answered four or above on the 6-point scale) on Likert scale ques-
tions asking if they found the insight interesting 77% of the time, believable 91% of the time, and
easy to understand 93% of the time. Participants only found the insight surprising 45% of the time.
Participants indicated they did not want to learn more about the insight around 70% of the time.
While this response might be less enthusiastic compared to the other questions, it still represents
a high level of user interest compared to the attention most links receive on Twitter, where only 60%
of links on Twitter receive a single click [40].

If the Databaits API could create tweets that were believable and lead people to learn more about
the source, this could motivate integrating the Databaits API into Drafty to attract more visitors.
Pearson’s Correlation shows medium to large effects between a participant wanting to learn more
about the insight and feeling it is interesting (𝑟 = 0.71, 𝑝<0.05), believable (𝑟 = 0.46, 𝑝<0.05), and
easy to understand (𝑟 = 0.57, 𝑝<0.05).These results indicate that the insight alonemight drive people
to visit the source data. Pearson’s Correlation shows no effect between a participant feeling surprised
by the insight and wanting to learn more (𝑟 = -0.09). Databait’s insights do not intend to motivate
engagement or clicks by surprising people. Prior research has shown a correlation between clicks and
people feeling surprised by misinformation campaigns [116].The strongest Pearson’s Correlation
between all pairs of questions is between interesting and believability (𝑟 = 0.80, 𝑝<0.05).

Previous research shows relationships between someone’s prior interest in a topic and increased
engagement [25, 90].This survey measures prior interest by participants answering 6-point Likert
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scale questions on their interest in the specific 16 subtopics (i.e., column values) featured across the
insights.The 16 subtopics are listed in Appendix section D.

The answers to these Likert scale questions can be compared against how participants felt about
individual insights they answered questions about later on in the survey. Pearson’s Correlation
shows prior interest in the column values was strongly correlated with whether the reader found
the insight interesting (𝑟 = 0.80, 𝑝<0.05). Prior interest also had moderate correlations with whether
participants found the insights believable (𝑟 = 0.67, 𝑝<0.05) and if theywanted to learnmore (𝑟 = 0.42,
𝑝<0.05). Pearson’s Correlation shows a small effect between someone’s prior interest and surprise
had a slightly negative correlation (𝑟 = 0.20, 𝑝<0.05), indicating that someone’s prior knowledge
about specific information makes insights about that information less surprising.The insight being
“easy to understand” showed a medium effect (𝑟 = 0.42, 𝑝<0.05) with prior interest.This might be
because the insights with simple structures remained straightforward regardless of what the insight
was about.The correlation between someone’s prior interest and their wanting to knowmore about
the insight should help attract visitors to the system that stores the insight’s source data. For example,
Drafty is a system that hosts a source.

We also examinedwhether someDatabait types aremore effective than others. If oneDatabait type
was foundnot believable or interesting, it should not be used to generate and share insights in thewild.
To determine this we used the interquartile range method (IQR) to compare the average responses to
questions across all Databait types. First, it appears users prefer typeswith simple sentence structures
over more complex ones (i.e., lower word counts and less punctuation). For example, Type 1 had high
averages across all participants forwhether participants found the insight interesting, believable, easy
to understand, andwanted to knowmore. Type 1 is the simplest in structure and has only one column
and one column value. It had the highest averages across all 10 types for ease of understanding (5.2)
and for making users want to learn more (1.4). Moreover, it had the second-highest overall averages
for interest (4.0) and believability (4.6). On the other hand, Type 4 is the most complex, involving two
columns and three column values. It had the lowest average scores for being interesting (3.6) and
believable (4.1), and the second-lowest score for being easy to understand (4.6). In summary, insights
generated by the Databaits API with simpler sentence structures were more likely to attract users.
Along with Type 4, Type 10 is another complex Databait type that also showed relatively weaker
results. It had the lowest average score for being easy to understand (4.6), as well as the second lowest
for being interesting (3.6) and having users want to learn more (1.2). However, these scores from the
responses still fall within 1.5 times their respective interquartile ranges (IQR) from the first quartiles.
Therefore, we decided that the relative weaknesses of Types 4 and 10 did not outweigh the diversity
in sentence templates they provided and chose not to eliminate them from integrating the Databaits
API into Drafty to create the new Did You Know feature.

G Reddit Post to Recruit People to Visit Drafty
An example title used on Reddit was “Some Interesting Insights on CS Depts and Faculty in the
US/Canada” and an example post sharing Drafty contained the text shown in the Appendix section G.

“Hi, I just wanted to share a resource for the CS community we have developed at the
BrownHCI group.We have helped upkeep a dataset of tenure-track CS faculty in the
US/Canada for 8 years.
The system (and users) generate automatic insights from the data, for example: Over the
past 10 years, the total number of CS professors who were hired by Stanford University
and specialized in Computer Graphics more than doubled.”
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H Email Template for Asking
Chairs, Directors, and Faculty of Computer Science Departments to Visit Drafty

Any text in this template enclosed in<text> is replacedwith actual numbers andnames from the email.
<number_of_faculty> faculty from <university_name> are listed in this public dataset
of CS professors’ data, a resource we’ve been compiling for the CS community.

CS Open Rankings uses this data, which features your department.

According to CS Open Rankings, (university_name> is ranked <ranking_number> in
<ranking_type> among US and Canadian Universities.

The listings consist of tenure-track faculty members who can advise CS PhD students.
If there are any corrections for your current faculty or alumni, please feel free to edit
the CS professors’ data. We’re also happy to share the raw data if you contribute.

I Additional Results

Post-hoc Comparisons Average Session Length Average Interactions
per Visit in Seconds (|𝑟 |) (|𝑟 |)

Static vs. Organic 0.18 0.17
Asking vs. Organic 0.09 0.05

Asking vs. Static 0.05 0.08
Dynamic vs. Organic 0.19 0.25

Dynamic vs. Static 0.46 0.45
Dynamic vs. Asking 0.34 0.32

Table 8. Mann-Whitney U standardized effect sizes (rank-biserial correlation 𝑟) for post-hoc comparisons
of average engagement session length in seconds and average interactions per visit across sources ranging
from small (0.05) to large (0.46). We remove directionality reporting 𝑟 as |𝑟 |.

I.1 Qualitative Insights fromDrafty’s Visitors

Fig. 9. Survey participants were asked to select what motivated themmost and least from seven predefined
options: “What motivates you to contribute to public data systems: like Drafty”. The most common answer
at 29% is that they wanted to help others. This beneficial intrinsic motivator mirrors prior crowdsourcing
research [6, 90]. Another takeaway is that reducing the difficulty to contribute (complete a task) would reduce
negative motivations for participants to edit and contribute data to Drafty.
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In late 2022 and early 2023, we conducted two surveys with Drafty’s anonymous visitors to gain
qualitative feedback on their motivations for visiting and editing its data. Visitors could freely access
ourQualtrics survey from a button in the spreadsheet interface. Visitors who completed the survey
could submit their email for a one-in-four chance to receive a $25 Amazon gift card. Our institution’s
IRB approved the survey procedures. In total, 53 visitors freely chose to take the survey.

Participants answered three questions: Q1was an optional open-ended prompt asking participants
what motivates them to contribute voluntarily to public data systems like ours (see Table 9); Q2
asked them to select what motivated themmost and least from seven predefined options from prior
research [90, 141] (Figure 9); and Q3 was a 5-point Likert scale: “How difficult was it to contribute
to Drafty?” All 53 participants completed Q2 and Q3; 32 also answered Q1. Effectively, Q1 is the
open-ended version of Q2, participants answered Q1 before Q2.

We inductively coded Q1 responses using themes drawn from prior work [90, 141] and frequently
occurring participant comments. Table 9 shows that motivations were primarily intrinsic and al-
truistic; for example, P5 reported they “added a missing professor from my university” and were
motivated by “helping my community.”

Participants also expressed broad interest in our CS faculty dataset, aligning with findings that
intrinsic interest supports sustained engagement in peer production [79, 141]. Our companion site,
CSOpen Rankings, likely contributes to this interest: from January 1, 2023 toMay 13, 2025, it directed
112,784 visits to Drafty from 5,860 unique CS faculty profiles.

In contrast to earlier versions of Drafty (pre-2020), we prioritized reduced effort to contribute
in our redesign for first-time and return visitors alike. Our results (see Figure 9) show our visitors’
motivation is likely more negatively affected by the effort to contribute rather than the time to
contribute,mirroring priorwork on unpaid contributors [57]. ForQ3, 90% of participants stated that it
wasVeryEasy, Easy, orNeutral to contribute toDrafty,while 0 participants stated itwasVeryDifficult.

Create /
Maintain

High-Quality
Data

Your
Contrib.
Helps a
Friend

Your
Contrib.
Helps
Others

The Task
is Fun /

Interesting

Contribute
your

Specialized
Knowledge

Your
Contrib.
Benefits
You

Task
Difficulty

Time to
Complete

40.6% 6.3% 56.3% 9.4% 21.9% 9.4% 6.3% 6.3%

Table 9. Over half of the participants stated they contribute to systems and public datasets like Drafty, because
they want to help others. This intrinsic motivation mirrors prior research [90]. This result mirrors the responses
to their ranking question in Figure 9. This table codifies participants’ answers to an optional open-ended
question about what motivates them to contribute voluntarily to public data systems like ours. *Contrib. is
an abbreviation for Contribution.
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