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ABSTRACT

Factors such as instructions, payment schemes, platform demographics, along with strategies for
mapping studies into crowdsourcing environments, play an important role in the reproducibility of
results. However, inferring these details from scientific articles is often a challenging endeavor, calling
for the development of proper reporting guidelines. This paper makes the first steps towards this goal,
by describing an initial taxonomy of relevant attributes for crowdsourcing experiments, and providing
a glimpse into the state of reporting by analyzing a sample of CSCW papers.

Figure 1: The datasheet for reporting ex-
periments in crowdsourcing involves six
high-level concepts: the crowdsourcing
workers, the actual crowdsourced task,
quality control mechanisms, the design
and outcome of the experiment, and the
task requester.
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Table 1: Proposed taxonomy of crowd-
sourcing experiments attributes.

Dimension

Description

Crowd

Crowdsourcing workers that
participate in the experiment.
Attributes: reputation, environment,
population sampling.

Task(s)

The actual crowdsourcing task(s)
shown to workers.

Attributes: type, modularity, task
interface, instructions, reward strategy,
time alloted, task assignment.

Quality
control

The mechanisms to guard the

quality of the results.

Attributes: rejection criteria, votes per
item, pre-task checks, training, in-task
checks, post-task checks, dropouts
prevention mechanisms, dropout rate.

Experimen-
tal design

The design of the experiment(s)
involving crowdsourcing workers.
Attributes: research questions, input
dataset, experimental variables, random
assignments, experimental conditions,
synchronous, study design, execution
dates,pilots, returning workers.

Outcome

The results of the experiment.
Attributes: data analysis, discarded
data, excluded participants, number
of participants, demographics, number
of contributions, output dataset.

Requester

The individual or institution that

runs the study.

Attributes: platforms used, implement-
ed features, fair compensation, requester-
worker interactions, privacy, informed
consent, ethical approvals.

'Supplementary material can be found at
https://tinyurl.com/DREC-cscw-poster

CSCW 20 Companion, October 17-21, 2020, Virtual Event, USA

BACKGROUND & MOTIVATION

Currently, there are no standardized guidelines for properly reporting crowdsourcing experiments.
This lack of reporting procedure can be potentially problematic due to the many details that constitute
crowdsourcing projects, which can potentially damage the validity and reproducibility of results [19].

Poor practices in reporting is a serious concern in science, and crowdsourcing is no exception [4].
Researchers have shown how elements such as instructions [13, 28], interface [20, 21, 24], payments
[11, 27], allotted time [14, 15], or the underlying platform demographics [19, 27] can potentially
affect the outcomes of crowdsourcing projects. This potential variability of the results and the fact
that researchers need to overcome the limitations of crowdsourcing platforms to run controlled
experiments [8, 12, 16] emphasizes the need for a standardized guideline for reporting crowdsourcing.

There is abundant literature that offers guidelines for leveraging crowdsourcing in general [3, 10, 23]
and for experiments in particular [5, 16, 22]. However, how to report crowdsourcing experiments have
received little attention [18]. Inspired by recent work from the machine learning community [9, 17],
we present our ongoing work aiming at a datasheet for reporting crowdsourcing experiments.

METHODOLOGY & PROPOSED TAXONOMY

We set to understand the main ingredients of crowdsourcing experiments and propose a taxonomy that
captures this knowledge. With this taxonomy, we aim to derive a standardized procedure for reporting
crowdsourcing experiments in the fields of computer science. We limited the focus to papers reporting
user studies evaluating various aspects of task design and those focused on behavior understanding.
This initial scope is motivated by the lack of support from crowdsourcing platforms when performing
controlled experiments [8, 12, 16]. These limitations naturally translate into additional steps and
details that researchers must communicate properly to aid reproducible research. Therefore, we
considered this scope to produce an initial taxonomy that could apply to other crowdsourcing usages.

We got inspired by methodological approaches focused on standardizing the reporting of literature
reviews [1, 26]. We build the taxonomy by relying on four sources: 1) guidelines for experimental
research, 2) guidelines for crowdsourcing experiments, 3) task design features in crowdsourcing
platforms (i.e., to support the deployment of experiments and outcomes reporting), and 4) papers
reporting crowdsourcing experiments. We facilitate the related materials in the supplementary page .

We started with a set of papers as seed and used Google Scholar and Scopus to identify papers for
points (1) and (2) in the list of sources, and considered the Toloka crowdsourcing platform for point (3).
Individual attributes, as well as potential categorizations of these, were inferred and extracted from
the guidelines of reference in a spreadsheet. The attributes were then analyzed and organized by two
researchers to form an initial taxonomy consisting of six high-level concepts as depicted by Figure 1.
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% reputation To collect papers reporting crowdsourcing experiments, point (4), we considered the Scopus database
population sampling . . . . . .

3] environment and iteratively refined a query to retrieve potentially relevant documents from major conferences. We

modu|g§§ narrowed down the list to those published in CSCW from 2013 to 2019, resulting in 72 papers. Two

% task interface researchers screened the documents and identified 15 relevant papers.

instructions . el . . . .

" {ask assignment The initial taxonomy was updated in an iterative process, as we examined the relevant papers
rew;‘;ﬁ‘:;jf";ﬁgz reporting on crowdsourcing experiments. The information extraction was performed by two researchers
pre-task checks in two phases, to test the taxonomy and identify possible attributes missing from the initial taxonomy.

° d t rat . . X .

£ in-tooh ahocke This process was performed starting from a random sample of five papers, and then processing the

8 r:iectifon tcmefia rest based on publication date until we reached saturation [25]. The researchers then met to discuss

2 number of votes per X K . . . . B

£ post-task checks the final list, where organization, potential duplicates, and relevance were discussed and reached by

3 it i . . . . .

g  dropou spre‘t’rea'i‘n'i‘r’g consensus. Table 1 summarizes the taxonomy we propose in this paper, and a detailed version can be

independent variable(s)
dependent variable(s)

found in the supplementary page. It is the starting point for developing the datasheet.

5 study design

2 exp:lsn:;rr\éilssggtulc:;s A GLIMPSE ON THE STATE OF REPORTING

: ranggﬂrgf\zgnf;fgg(ls Two researchers annotated the selected sample of 15 papers by answering two basic questions for each

g synchronous attribute in the taxonomy: 1) Can the attribute be derived from the paper? (Completeness), and 2) How is

H ’e‘“'i”r:;ﬁt"g;rt';esz the attribute reported? (Reporting). Two papers, different from the five random papers initially selected,

i execution r:;fé were independently analyzed by two researchers to test and refine the level of agreement (93%). The

covariates remaining papers were distributed among the two researchers and annotated independently, with

number °L§;”a'f1'2§’;‘; special cases being discussed and resolved by consensus.

g numbero;;:?nrgg:n:;mz By focusing on these two aspects, we aim to distill what attributes researchers currently communi-

g . discarded daa cate and how they report them (e.g., explicitly, implicitly). Notice that at this level of assessment, and
excludea participants

stage in our project, we are setting the same weight to each attribute in our taxonomy. Naturally, for

=)

output dataset

platform(s) used 100 some experimental settings, some of the entries in our taxonomy may not be necessary or applicable.
fair compensation 33.33 . . . . . .

£ implemented features — Therefore we are not judging the quality of the reporting. Figure 2 summarizes the results.

g requester- worker il 13.3 The variability of the underlying platform demographics [19, 27], and the environment in which
o informed consent 13.3 . .

& ethical approvals |8l 6.7 workers perform the tasks [7] could affect the outcomes of crowdsourcing experiments. For the Crowd
p"vac);n‘/o s so% 7% 100% dimension, it can be noticed that 60% of the papers reported the mechanism used to assess the
experience of workers (the reputation, for example, acceptance rate) and the criteria used to determine
B i it Unclear No which workers participate in the study (the population sampling, e.g., demographics). In contrast, no

paper reported the environment used by workers (e.g., the operating system or browser).

Task design is also known to impact crowdsourcing outcomes [21, 27, 28]. Around 93% of the papers
reported the actual task interface and instructions. Screenshots showing the task interface were the
most common style of reporting (9/14) and also references to papers or related systems (4/14). For
the instructions, authors resorted to text descriptions (7/14) describing or providing excerpts and
screenshots (6/14) in most cases alongside the task interface. Attributes such as task assignment (93%)

Figure 2: The state of reporting per at-
tribute in the proposed taxonomy for the
sample of CSCW papers from 2013 to 2019.
Overall, the completeness level of the pa-
pers was between 31% and 67%, with 60%
of the studies reporting at least half of the
attributes in the taxonomy.
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Table 2: Summary of insights.

While task design aspects are largely re-
ported, it is not clear whether screen-
shots can provide the necessary at-
tributes to infer proper task designs,
which ultimately can hurt reproducibil-
ity.

Some attributes related to task design
and quality control rely on features from
the crowdsourcing platforms and go un-
reported. These implicit attributes might
pose some problems when porting the
task to a different platform.

General experimental design aspects are
well reported, but less so those concern-
ing to crowdsourcing. We believe this is
due to more established guidelines for
the former in comparison to the latter.
Information regarding the population
and the resulting crowdsourcing
datasets should be made available to
foster reproducible research. Inherent
human biases and those present in the
underlying crowdsourcing platform plus
the underreporting of these aspects
could harm the replicability of a study.
Ethical and privacy aspects need to be
better reported. The ethics and fairness
of crowd work have received much at-
tention recently compared to the early
days of crowdsourcing [2]. In this con-
text, we found that some of the papers
report that they set up the payment to
meet a minimum wage, and only a small
fraction of these reported an informed
consent and ethical approval.
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and reward strategy (87%) were also mostly derived from study design descriptions, although for task
assignment implicitly from the selected platform. Very few papers reported time constraints (20%).

Quality control mechanisms are crucial to ensuring high-quality contributions [6]. The papers
analyzed do not consistently report on the implemented mechanisms, the most acknowledged one
being pre-task checks (e.g., pre-filtering workers based on task acceptance rate) in 75% of the papers,
while the rest in less than half of the studies. Attributes in this dimension were reported as text. We
notice that we only included instances where the quality controls were applicable (e.g., post-checks
were not considered applicable in studies analyzing the quality of outcomes).

Experimental design aspects set the tone for the overall study setup, and are thus fundamental to a
crowdsourcing experiment. Key general aspects are highly reported (RQs, study design, experimental
variables), which were derived directly from text, tables and figures in the methods and results sections.
In contrast, aspects more closely to crowdsourcing were less reported. At best, 50% of the papers
reported input datasets, handling returning workers, execution dates, and whether pilots were run.

The outcome is important to understanding the results, verifying and replicating the crowdsourcing
experiment. In this regard, participants’ information was addressed with varying degrees, with all
studies reporting on total numbers, but few on demographics (40%) or whether participants were
discarded (14%). Most studies reported the number of collected contributions (82%) but not so the
information on discarded data (21%). Surprisingly, papers did not share the resulting output dataset.

The details related to how the requester prepared and setup the experiment are equally important.
Platforms were reported in all studies, but extensions to deal with the limited platform support for
controlled experiments, reported in only 14% of the studies. The human aspect of the experiment
preparation, dealing with fairness (33%), ethics (7%) and privacy (0%), went largely unreported.

DISCUSSION & ONGOING WORK

We highlighted the need for guidelines for reporting on crowdsourcing experiments and proposed an
initial taxonomy of relevant attributes. With this taxonomy, we characterized the level of reporting in
the CSCW community and derived some insights summarized in Table 2. Interestingly, high-level
aspects of experimental design, and basic aspects of task design, were generally well covered by the
analyzed studies. Other elements related to how experimental designs are mapped to crowdsourcing
platforms were less addressed and represent potential threats to the validity of the results. As part of
our ongoing work we are i) designing empirical studies to understand the effect of unreported factors
on experiment outcomes, ii) further developing the initial taxonomy into a reporting tool, and iii)
extending the scope of the reporting to other crowdsourcing tasks such as data collection.
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