Relay: A Workflow for Efficient Crowdsourced List-Making
ABSTRACT

Tasks like planning a trip, generating sales leads, and doing
product research often involve creating detailed and lengthy
lists from the web — called enumeration queries. However,
these tasks are often tedious, as they usually involve browsing multiple sources (e.g., websites) for items that match a
specific criteria for inclusion on the list. Crowdsourcing enables the delegation of such work to an on-demand workforce
able to scale depending on the size of the task, but ensuring
response diversity and reducing duplication of worker effort
remains an open problem. Traditional microtask workflows
for dividing labor among crowd workers fail to account for
the diversity and non-uniformity of website structures that
are often encountered while searching for list items. To address these problems, we propose a workflow for enumeration
tasks —called Source-Oriented Enumeration (SOE)— that
mitigates duplicative effort by ensuring that workers visit different sources, coordinates the hand-off of longer sources, and
leverages auto-suggest to connect new entries with differentlyentered versions of existing items. SOE yields twice as many
unique results using the same amount of total worker time as
is needed by existing approaches.
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INTRODUCTION

The ability to generate lists of items (e.g., of products, references, events) from natural language queries would allow
end users to hand off a time-consuming information retrieval
task, freeing them to focus on their use for the information
itself, e.g., comparing and contrasting items, or getting a broad
overview of the set. Unfortunately, understanding the nuance behind a natural language description and grounding that
understanding in individual items or entries available from
open-ended knowledgebases like the Web is beyond the capability of automated approaches. Human computation systems
have so far been predominantly focused on transforming, summarizing, or augmenting existing data sets [2, 11, 23, 24]. An
emerging frontier concerns the problem of enumerating latent
datasets of yet-to-be-determined size [19]. This may include
gathering existing facts [5, 26] or systematically generating
new ideas [3, 10]. Consider the following scenarios:
• Susan is planning a work trip to New York City and would
like to know what tourist attractions she can see in her free
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Figure 1. Relay demonstrates how uniqueness and comprehensiveness
can be achieved proactively through a workflow called Source-Oriented
Enumeration (SOE). SOE keeps track of the sources workers use to find
list items, ensures workers visit different sources, and coordinates the
hand-off of longer sources to allow for their full extraction. Additionally, SOE leverages auto-suggest to connect new entries with differently
spelled versions of existing items.

time. She describes the types of attractions she’s interested
in to Relay, and a moment later, gets a list of options back.
• Ethan wants to start a new diet he recently heard about, but
is unsure of its safety. He turns to Relay to gather reputable
articles discussing the safety of the diet to help him decide.
In each of these cases, the total number of possible list items is
not known in advance. Furthermore, creativity and knowledge
are needed to find a good source of list items. This may
include checking various web sites, using different search
terms, applying multiple filters, etc. in order to have the best
chance of finding items.
The on-demand nature of the crowd is, in some respects, especially amenable to the task because workers can be recruited
to match the expected list length. However, the use of crowds
introduces new constraints, such as uncertainty in terms of
when workers are available and how long they will participate
in a task. A naïve solution to the problem would be to post
a task asking each worker to enter a certain number of list
items. Then, once the list is complete, the items could be
deduped using crowd-based techniques for identifying matching entries [8, 30]. The limitations of this approach are straight
forward. Since each worker would be approaching the problem from the beginning, they would likely start by doing many
of the same searches and checking many of the same sites –
leading to many duplicate results and thus wasted effort.
Instead of leaving deduplication as a post hoc process, we
propose proactively deduplicating by coordinating workers to
visit a variety of list-item sources. We accomplish this task

Figure 3. Relay prompt for search result information

Figure 2. Relay job specification interface

by orienting HITs around sources of list items first, then by
the list items themselves. Our approach draws boundaries
between sources when they would otherwise be unclear (due
to varying website structures) by enabling workers to define
them according to where items are found —whether they are
the different parts of a website, different websites, or even
within search results. This decomposition strategy enables
workers to complete as much or little work as they wish, be
paid per item that they were able to contribute, and allow for
future workers to pick up where they left off.
Even if every worker checked different sources there would
still be duplication due to the same item being listed among
multiple of them. Variation in spelling and synonyms makes
eliminating the duplication after the items are entered a computational challenge in itself. Rather than resolving them after
the fact, we propose making use of worker’s knowledge of
their items to deduplicate at the time of entry.
We created Relay to embody these ideas into an interface for
coordinating paid crowd workers on Amazon Mechanical Turk
to create lists. We are interested in building lists of items that
are of factual nature. Creative generation of subjective lists
(e.g., "things you can do with a brick") is out of the scope of
this paper.
The key contributions of this paper are:
• A workflow for the list enumeration task called SourceOriented Enumeration (SOE) that controls the sources workers visit, leverages auto-suggest clicks to reduce duplication
in the final output (while ensuring fair pay to workers),
and enables fruitful (long) information sources to be fully
leveraged via iterative extraction.
• Relay, a system that implements SOE in order to evaluate
and illustrate the design details needed to make it work.
• An evaluation measuring Relay’s effectiveness at ensuring
comprehensiveness and uniqueness of list items.
RELATED WORK

Our work builds on prior work in crowdsourced enumeration
queries and other crowdsourced web searching tasks. Enumer-

ation queries were first established as a means to overcome
the closed-world assumption that exists in relational databases
(i.e., the assumption that information not in the database does
not exist) [5]. CrowdDB was the first system to use the crowd
for this purpose, using worker’s web searching skills to find
items fitting a criteria to be added to the database. At the
same time, the system Qurk was introduced to efficiently use
crowd workers for other database operations like filters and
joins [15]. Later work by Trushkowsky et al. further explored
challenges associated with not knowing the size of queries
ahead of time by creating algorithms to predict them based
on the rate at which crowd workers find unique items [26].
These works have found success in using crowd workers to
overcome the challenges associated with collecting data from
external sources, but the workflows needed to coordinate workers across these sources remain non-existent.
Entity Resolution

Going to external sources for data opens up the possibility of
entering duplicate entries, motivating much work to prevent
or connect these items. In the context of relational databases,
many have proposed using computational or crowd-based techniques as a deduplication post-processing step to data entry [4,
6, 30, 31]. These methods, however, can be costly and the
use of people to collect data introduces the possibility of preventing duplication in the first place. Motivated by this idea,
Trushkowsky et al. proposed a "negative suggest" that prevents crowd workers from entering list items that match items
already collected [27]. While this method leads to far less
duplication, no method exists to assist workers in finding a
website that has not already been exhausted and the question
of how to incentivize workers to continue searching after the
obvious set of list items has been added remains unanswered.
Crowdsourced Filtering and Data Completion

In parallel to the enumeration task, the crowd has been used to
overcome limitations in other data manipulation tasks such as
filtering and completion [18, 21]. For example, Parameswaran
et al.’s DataSift system was able to complete queries that contain non-texual fragments to filter image, video, and product
search results [20]. They proposed a workflow that divides
work according to API-related tasks such as formulating search
queries and reviewing specific search results. When an API

Figure 4. AMT HIT job criteria for Relay

is not available and relevant items can only be found in websites from a general web search, no workflow exists to draw
meaningful divisions of labor.

add an additional task, to write hand-off instructions, to ensure
a high-quality transition of sources between workers.

Additionally, the crowd has been used to add columns or fill-in
missing cells of existing datasets [22]. Park and Wisdom’s
CrowdFill system completed this task with a table interface
that allows workers to fill-in missing cells [32]. They explored
quality control methods that allowed workers to up/down vote
responses from other workers. When list items are present,
they can serve as a natural task decomposition boundary, but
efficient decomposition without these items remains hard.

Design Considerations

Collaborative Web Search and Question Answering

The task of list-making can be thought of as a form of collaborative search. Prior work has focused primarily on collocated
searchers [1, 16, 17], although some of the problems associated with crowd-based search have also been explored. For
example, Chorus is a crowd-based conversational agent that
successfully used real-time crowds to answer simple questions [13]. Later work by Gouravajhala et al. explored how
to maintain context of prior dialog by keeping a memory of
important points in conversation [7]. These agents, however,
are still limited in their ability to answer questions to what
workers can find independently. The task of coordinating multiple workers to complete different parts of these queries is
still unexplored.
RELAY

In this section we introduce Relay, a system that implements
SOE to complete the list enumeration task. At a high level,
Relay enables individuals and organizations alike to describe
the format, criteria, topic, and per-item reward of a list where
it then employs workers from the crowdsourcing platform
Amazon Mechanical Turk (AMT) to create it.
Enumeration tasks can be broken down into two steps: 1)
find a source, then 2) find list items, both completed by a
single crowd worker (as outlined by the two large boxes in
Figure 1). As in the baseline method, our workflow also
uses a single crowd worker to complete theses steps, but we
build upon it by adding three interactive components and an
additional step. Two of these components, the source filter and
source continuation, interact with the worker to ensure they
find a unique source and fully extract existing sources. The
auto-suggest component interacts with the worker to increase
system-level prediction of the number of unique output. We

Relay is designed with the knowledge that crowd worker’s
incentives can play a large role in shaping the quality and
efficiency of their work [9, 14, 29]. For this reason, we curated our HITs so that incentives would align with efficient
acquisition of list items by doing the following:
1. Workers find list items from their own sources. Contrary to
a divide-and-conquer style workflow that might ask some
workers to find sources and others to find list items, Relay
asks workers to complete a portion of each subtask (find a
source and find list items). This design choice encourages
workers to be creative, find proliferate sources, and draw
distinctions between sources on meaningful boundaries (between search terms, websites, and parts of websites).
2. Workers are paid per item. Paying workers a fixed rate per
list item encourages them to optimize the rate at which they
find items, aligning with our goal of maximized efficiency.
End User Interaction

When a requester uses Relay to build a list, she first makes
her way to Relay’s job specification form (Figure 2). On the
form, she specifies her list topic, more specific criteria, list
item format, the number of items she wants, and how much
she is willing to pay per item. In this way, she knows the most
money that will be spent to make the list, making the challenge
to maximize the value of the money she invested.
Once the requester is finished, the system posts several Human
Intelligence Tasks (HITs) to AMT. Relay posts up to five HITs
in parallel per list, re-posting HITs as workers submit them.
While our system limits concurrent work, future systems could
allow for more or less parallel HITs depending on the number
of desired items and according to the time and cost constraints.
Worker Interaction

Workers that accept the HIT will see instructions explaining
both the list topic and the more specific criteria as described
by the requester on the job specification form (Figure 4). For
example, the list topic "US coffee brands" had criteria that list
items must be sold in whole bean or ground bean form and
can be purchased in US grocery or retail stores. The criteria
also explained the various fields that workers were expected to

Figure 5. Prior list items are shown beside the editing interface in Relay. Clicking these saves the worker keystrokes and enables us to connect duplicate
or related entries since they will have the same spelling.

gather about each item. For example, workers were expected
to gather the name and the URL of the coffee brand’s website.

Controlling worker’s sources

To coordinate workers to use a diverse set of sources, Relay
retains memory about how workers find list items. Relay
records information about the search made, how list items
were gathered from the search results page, and the specific
website that was used to find list items (Figure 3). It does
this by orienting its interface around sources of information
(instead of entries to the list) and requires workers to record
how they make their search. A source can be anything where
list items are found including a section of a website, an entire
website, or even search results. To find a source, workers are
required to use a search engine. They can move back and forth
between a separate browser tab and Relay’s interface. Our
goal was to maximize the variety of sources that workers can
find on the Internet yet maintain the capability of restricting
which sources they are allowed to use.
With a source chosen, the interface allows workers to enter
list items. List items are made up of two parts: fields marked
required by the requester called "keys" and other, less critical
fields called "key components". For example, the list topic
"C and C++ course websites" would likely have a key value
specified as the URL of the course website and key components specified as the university, the course name, the course
number, the instructor, etc. The purpose of identifying the key
and key components of list items is to aid the process of identifying duplicates. Items which have either identical keys or
an identical combination of key components are automatically
designated as duplicates. A more robust definition of duplicate
list items will be described later in this paper.
To allow for workers to hand incomplete sources off to one
another, Relay records information about a source’s progress at
the end of the HIT. When the worker is finished finding entries,
the worker is posed with three options before completing the
HIT: "All done!", "Not done yet...", and "Can’t continue"
(Figure 7). If a worker chooses the option "Not done yet..."
they are prompted for the number of entries they estimate
are left in the source and instructions for how another worker
could pick up the source and continue where the previous
worker left off. A worker may continue using a source for as
many list items as they would like.

Components

Now that we have described Relay’s implementation, we will
describe some of the components that make up its workflow.
These components:
• Prevents workers from accidentally using the same source
as someone else. Called the source filter.
• Catch duplicate list items by suggesting possible matches
during data entry. Called the auto-suggest.
• Allow workers to continue using a source where another
worker left off with it. Called source continuation.
Source filter

The purpose of the source filter component is to control
whether or not workers are forced to use a variety of sources.
It engages worker’s creativity and knowledge during the process of finding a source, but is flexible enough to allow for the
serendipitous discovery of new sources from old ones.
When a worker finds a source they would like to use, Relay
checks to see if their source is reserved or exhausted. If this
is the case, then the original worker is presented with an error
message and is required to find a different one. Relay relies on
workers coming into the problem blind (without knowing what
other sources are being used by other workers) for two main
reasons. First, allowing workers to see a list of all sources
that are currently or have been previously used could become
tedious when checking to make sure a source is not in the
list. Secondly, we aim to maintain the creativity of a "first
look" approach at the problem. Showing examples of what
other workers have done would constrain their creativity [25]
producing more trivial query modifications and result in more
overlap of search results. When a worker manages to find an
available source and begins entering list items, the source filter
synchronously reserves it.
Auto-suggest

The auto-suggest component reduces the effort necessary during postprocessing by catching duplicates at the time of entry.
The component enables workers to identify duplicate list items
with the incentive of less typing. As workers find and enter
list items into the HIT, similar items are suggested next to
the worker’s current items (Figure 5). Relay suggests items
based on a simple auto-complete, fuzzy matching algorithm.
When a worker marks an entry as duplicate, Relay ensures it
is entered in the same way as the prior item and can be easily
identified using computational methods. The auto-suggest
updates synchronously enabling parallel work.

Figure 6. Relay handing off sources between workers with source continuation enabled

The auto-suggest represents a step toward the goal of paying
workers proportionally to the effort they expend. Achieving
this goal is difficult in the task of list generation because an increasing list size leads to increased effort to find new list items.
A potential solution to this problem is to escalate the price per
item as the list becomes longer. This solution relies on a good
estimation of the time it will take workers to find a unique item,
an estimation that would have to take into consideration many
factors and would likely have large fluctuations from HIT to
HIT. The auto-suggest advocates that the requester pay a flat
rate per list item (unique or not), rely on an estimator to find
such a rate, and take on the fluctuations in item-to-item price
knowing that the aggregate of such fluctuations will balance
out. This approach incentives the use of good sources and
efficient acquisition of list items, an incentive that aligns both
the requester’s and workers’ objectives.
Source continuation

Relay reuses sources that are effective by allowing workers to
hand them off to one another. The hand off is performed in two
steps: first a worker describes where they are in their source
and second a worker picks up from where the previous worker
left off. Step one is completed after finding list items. As seen
in Figure 7 workers describe how many items are left and how
the next worker can pick up from where they left off. The
second step is done when the next worker is choosing a source
(see Figure 6). When source continuation is active, workers
are given the option to "Continue where another worker left
off." instead of finding a new source. Clicking this option
reveals a list of sources that can be continued along with the
remaining item predictions made by previous workers. After
picking a source, workers are informed about how to pick up
from where the last worker left off.
STUDY

We designed our study to evaluate the following hypotheses:
H1: The source filter component will lead to more efficient
list item acquisition due to improved diversity of sources.
H2: The use of the auto-suggest component will lead to a
better system prediction of the number of unique items and

will save workers typing time for suggested items that they
would otherwise enter manually.
H3: The addition of the source continuation component with
the source filter component will lead to more efficient list item
acquisition due to more comprehensive coverage of sources.
H4: The combination of these components into the SOE workflow will lead to better efficiency than any one component
alone, without compromising the system’s ability to predict
unique items.
We tested these hypotheses by running Relay on four topics
and two sizes as shown in Table 1. We chose these list topics
because they meet the following criteria:
1. They are of factual nature (e.g., verifiable events).
2. Searching for list items requires more than trivial web
searching skills (i.e. no existing API will return a comprehensive list of results).
3. They represent a realistic list of interest to requesters.
For each of the chosen list topics, anonymous workers from the
crowd were recruited off of AMT’s marketplace and randomly
assigned a treatment. Workers were limited to five entries per
HIT, but were allowed to complete multiple HITs (retaining
the treatment they were assigned). In this way, workers were
allowed to contribute as much or little to our list as they desired.
They were paid 30¢ per list item that they added.
Metrics

Relay was designed to let workers contribute as much or little
as they want. To neutralize the effects of an unbalanced distribution of work between workers, we created four metrics to
measure various aspects of list quality that can be calculated
per HIT submission (only including HITs with five entries).
The first three metrics were used to evaluate all hypotheses
while the last metric was used to evaluate H2 and H4.
We define worker efficiency as follows:
worker efficiency =

# unique entries
worker time (minutes)

List Topic
United States demonstrations that
were violent or lead to violence
tourist attractions in Austin, Texas
publications, articles, and blog posts
about food safety
research talks in university computer
science departments
Figure 7. Relay instructions to the next worker

Worker efficiency is the primary metric for evaluating the
unique item throughput. We calculated this metric for every
HIT that was submitted and aggregated all HITs in each list
for a list-wide measurement. While this metric is useful for
measuring end-to-end efficiency, we were also interesting in
some of the components that make up that efficiency such as:
search efficiency =

# total entries
worker time (minutes)

We used this metric to measure the rate at which workers
were finding list items, regardless of uniqueness. We again
calculating it for each HIT and aggregated across lists. Another
component we measured was:
# unique entries
# total entries
Uniqueness was used to measure the fraction of unique list
items in a given list. It was calculated in the same was as the
prior two metrics. Finally:
uniqueness =

accuracy =

# caught duplicate entries
# duplicate entries

This final metric was used to measure the system’s ability to
detect duplicate list items (accuracy of its prediction). It was
also calculated at the HIT level, but only included HITs that
had at least one duplicate.
We measured worker time by aggregating the time it takes
workers to find a source and five list items. HITs that contained less than five list items were not included in the analysis
because the time it takes workers to complete the interface
components related to entering a source could skew the results.
Also, HITs that took a substantially greater amount of time
compared to that of other HITs were treated as outliers and
were not included in the analysis.
Duplicates were counted by the time-order of HIT submission.
In other words, if a worker submitted a HIT with five unique
list items and another worker submits a HIT containing four
new items and one overlapping list item, we would mark the
second HIT as containing a duplicate and the first HIT as
containing no duplicates (instead of marking both HITs as
containing a duplicate).
Treatments

We created a set of five treatments to test the necessity of
each component in our workflow and to test our hypotheses
of how they behave when singled out. Each treatment was
independent of the others, having no components populate or

Target # entries
100
100
200
200

Table 1. List topics and the number of list items we requested. Note:
the above numbers represent the total number of list items we gathered
from the crowd for each treatment. The gathered lists contained duplicates, so the number of unique entries was less than requested and varied
depending on the treatment.

interact with list items found by workers in other treatments.
All treatments gathered approximately the same number of list
items. The treatments were configured as follows:
1. Control (all hypotheses): All components were disabled to
resemble a non-SOE baseline. Workers were asked to find
five list items and the source they used. Note: Duplicates
can still be caught, but only if they have the same spelling.
2. Source filter enabled (H1): The source filter was enabled
by itself to test the case where sources are controlled and
workers find a unique one before finding items.
3. Auto-suggest enabled (H2): Auto-suggest was enabled
alone to test the case where potential duplicates are suggested while workers enter their items into the form.
4. Source filter and source continuation enabled together (H3):
Both the source filter and source continuation components
were enabled to single out the source continuation strategy. Note: Source continuation cannot be tested without
the source filter for practical reasons —sources must be
controlled in order to hand them off between workers.
5. All components enabled (all hypotheses): All components
were enabled to demonstrate the full potential of SOE.
The baseline

A requester who wishes to use the crowd for list generation
might simply ask workers to add an item to their list (as
Trushkowsky et al. did). We ask workers to also provide
the source that they use. This was done for two reasons:
• For most applications, the integrity of data acquired by
workers matters to the requester. Asking workers to provide
their source serves as the easiest way to check for errors.
• Including overhead time (the time it takes workers to type
their source into the interface) makes our evaluation implementation independent. Since all treatments have equivalent
overhead, the only variables manipulated are the components, which are generalizable to other types of crowd tasks.
Rater

To evaluate Relay, we hired a third party rater to avoid any
bias. The third party was instructed to mark items as irrelevant
if they do not meet the specific criteria of our list or if it
is obvious to the third party that the list item is not a true
instance or event. We instructed the third party to mark items
as duplicate if they meet any of the following criteria:

Treatment
# workers
Control
53
Source filter enabled
84
All features enabled
36
Auto-suggest enabled
70
Source filter and source continua62
tion enabled

# HITs
105
111
98
110
118

Table 2. Number of workers recruited and number of HITs completed
over the course of our experiments for each treatment. Note: workers
were allowed to complete multiple HITs and each HIT was used as a
single data point in our analysis.

1. The list item has an identical key field as another list item
(the field that uniquely identifies the item).
2. All completed fields of the list item (even if misspelled,
shortened, or referred to by a different name) point to the
same instance or event as another list item.
3. The list item matches an instance or event but has an incorrect field (and if taken verbatim would not point to any
instance or event), it is up to the third party to correct the
error before assessing criteria (2).
RESULTS

We found that the auto-suggest works independently to improve accuracy, but that all components must be enabled to
see an improvement in worker efficiency, demonstrating full
support for H2 and H4 partial support for H3, and no support
for H1 (number of workers recruited per treatment is shown
in Table 2). Additionally, we looked into some of the reasons
that might have caused components to fail individually, but
synergize when enabled together such as whether workers
were incentivized correctly with the auto-suggest enabled or if
the mistakes of some workers compounded into mistakes by
others. Finally, we report some of the more practical benefits
of our strategies, such as improvements in end-to-end time
and cost. For the rest of this section, we will discuss how
our system components can be used to improve accuracy and
worker efficiency, how they effected the data quality, and the
practical benefits that can be expected when they are enabled.
Auto-suggest improves accuracy

After enabling the auto-suggest, we saw improvements in
accuracy over the control demonstrating support for H2. We
performed a robust one-way ANOVA test across all five conditions and saw statistical significance (F(4, 84.73) = 16.43, p <
0.001). The presence of the source filter and source continuation had no significant effect on accuracy (Figure 8). We found
that the auto-suggest performed the best on list topics that have
the most fluid of list items (i.e. multiple names/spellings of
the same list item).
The auto-suggest was the only component that lead to an increase in the accuracy. Enabling the source filter alone and
enabling the source filter and source continuation together lead
to a non-significant change. Additionally, there was no significant difference between enabling all features and enabling
only the auto-suggest. The increase in accuracy when the
auto-suggest was enabled alone (mean = 0.74, std = 0.38) was
significant over the control (mean = 0.33, std = 0.42) with a
p-value < 0.001. The increase when all features were enabled
(mean = 0.61, std = 0.14) was also significant (p = 0.003).

Figure 8. Enabling the auto-suggest leads to a substantial increase in
accuracy. Enabling the source filter and/or source continuation had no
significant effect on accuracy.

List topics with list items that have the largest room for variability saw the greatest improvements in accuracy. For example, the research talks list topic contained many fields that,
without the auto-suggest, were likely to be entered into the
form the same way by workers. These field types, such as
the "URL", "date", and "speaker" stayed mostly consistent
across sources. The auto-suggest was the least beneficial in
this case because the control had a high accuracy already. By
comparison, the United States demonstrations list topic may
have different spellings, orderings, or aliases for each demonstration. Sources contained different versions of the same
demonstrations, thereby leading to poor accuracy in the control. The auto-suggest was most effective in these scenarios
showing that workers actively resolved entities.
Improving worker efficiency

We found that enabling features by themselves leads to a decrease in performance; however, enabling all features together
lead to a large increase in performance (see Figure 9 and Figure 10) demonstrating no support for H1, partial support for
H3, and full support for H4. A robust one-way ANOVA test
on uniqueness, search efficiency, and worker efficiency reveals
statistical significance between the conditions (F(4, 159.01)
= 4.89, p < 0.001, F(4, 153.6) = 12.81, p < 0.001, and F(4,
114.94) = 12.33, p < 0.001 respectively). We will now discuss
how each feature affected efficiency metrics.
Source continuation improves uniqueness

When the source filter was evaluated by itself we saw a decrease in search efficiency and worker efficiency and a nonsignificant change in uniqueness over the control. By itself the
source filter had a mean search efficiency of 0.62 and standard
deviation of 0.47 while the control had mean 0.93 and standard
deviation of 0.47 (p = 0.003). Worker efficiency showed the
same relationship (mean = 0.45, std = 0.44 vs. mean = 0.70,
std = 0.72), p = 0.039.
While enabling the source filter by itself lead to no change in
uniqueness, we found that combining it with source continuation leads to an increase in uniqueness (mean = 0.76, std
= 0.30), p = 0.043. This indicates that the source filter and
source continuation together achieve part of their intended
purpose: more unique entries.

Figure 9. Enabling features alone leads to a decrease in performance.
Note: The "Auto-Suggest Alone" uniqueness and search efficiency metrics and the "Source Filter Alone" uniqueness metric were not significantly different from the control.

Figure 10. Enabling multiple features at once leads to an increase in
uniqueness while enabling all features leads to an increase in search efficiency and worker efficiency.

“Last date was 6-14-2016, so go forward from there.”
Contrary to H1 we found that enabling the source filter alone
leads to worse efficiency. This demonstrates that using the
component adds overhead and is not beneficial by itself, but (as
we will discuss shortly) at the benefit of added organization for
other components to take advantage of. The added overhead
manifests itself when workers are forced to find a unique
source that is possibly further down the search results and
less prolific than a more intuitive one at the top of the search
results. We expected that this organization would provide us
with a diversity of sources, lead to a diversity of list items, and
thereby outweigh the cost. While we did see a diversity of
sources and list items, the cost was too great for compensation.
Organization alone was not enough to see a performance benefit; however, it provides us with a means to apply other techniques that do see a performance benefit. Source continuation
is an example of a technique that requires organization (How
do you hand off work if you do not have a place to hand it off
from?). When we added source continuation in addition to
the source filter, we saw a statistically significant performance
improvement in uniqueness, but not in search efficiency or
worker efficiency. This result partially supports our hypothesis
(H3) that we would see greater coverage of sources (as can be
seen by the increase in uniqueness), but the added overhead
was still too great to see an improvement in efficiency. We
will later discuss how using the auto-suggest in combination
with this strategy lead to faster list item acquisition while
maintaining this improved uniqueness.
To ensure that the task hand-off present in the source continuation component was working as intended, we split the
source continuation treatment into two conditions: list items
contained within sources that were handed-off at least one
time and list items contained within sources that were not
handed-off. We performed a Wilcoxon rank sum test against
these two conditions and found that they were statistically
significant (W = 916, p < 0.001). Items from sources that
were handed-off at least one time averaged a uniqueness of
0.86 compared to the average of 0.62 of items from sources
that were not handed-off. This indicates that workers were
successful in picking up work from previous workers.
Looking closer at the instructions workers left for one another reveals that their instructions were helpful (see Table 3).
Most workers provided instructions with some sort of useful
information for the next worker. For example:

represents a typical hand-off instruction from workers. It
mentions the item the worker left off with (which is not useful
because it is automatically recorded) and how to proceed to
find new items. The fewest number of workers provided the
highest quality of instructions: information about the source’s
structure. For example, one worker left the instructions:
“When you search ‘Tourist attractions Austin Texas’,
there is a list that appears on the top on the page. I
left off at the bottom of the 4th column (I did not include
parks because there isn’t a phone number to list).”
This demonstrates a successful hand-off of work on a nontrivially formatted webpage. In contrast, a few workers provided information that could be misleading to the next worker:
a search engine results page entry. For example:
“Continue from result number 6 on the first page.”
could be misleading because the next worker might have a
different result number six than the previous worker. Yet
other workers provided no relevant information for the next
worker. Commonly, workers in this category provided only
their current website in their instructions:
“http://foodbabe.com/investigations/”
Worker’s sources are recorded at the time of reservation, so
this information provides no usefulness to the next worker.
Looking at the estimations workers made (of the number of
list items remaining in the source they were using) reveals
that approximately half of the estimates were reasonable and
helpful, but another half were unreasonable or unhelpful (see
Table 4). We found that workers were good at making estimates when there were few items remaining in the source, but
as the source becomes larger and more complex, workers tend
to make unreasonably large or non-specific estimates. The
larger the source, the more factors workers must take into
Criteria
Mentions website on results page
Mentions item on website
Mentions detail specific to the structure
of the website
Mentions none of the above

% Instructions
27
65
15
15

Table 3. Hand-off instructions labelled by their contribution. Note:
Many instructions fit multiple categories, so the right sums to more than
100%.

Estimate Range
< 50
[50, 100)
[100, 200)
>= 200
Non-Specific

% Estimates Provided
31
14
15
29
11

Table 4. Workers estimated how many items were left in their source
during the hand-off. We categorized them according to the range their
estimates fell into.

consideration when making an estimate, many that they would
not naturally take into consideration (such as the decreasing
relevance of a search results page). A purely computational
estimator (such as the estimator Trushkowsky et. al. introduced for the combination of all sources) might replace crowd
estimates in these settings.
Putting it all together

Our final condition enables all components to demonstrate the
full potential of our workflow. Under this condition we saw an
increase in search efficiency and worker efficiency while maintaining no significant change in uniqueness from the source
filter and source continuation case (mean = 1.70, std = 1.30
and mean = 1.48, std = 1.36 respectively) demonstrating full
support for H4. Unexpectedly, we found that enabling the
auto-suggest in combination with the source filter and source
continuation components provided the additional benefit of
saved typing time. Since the auto-suggest fills in items when
identified as duplicate, workers were more easily able to move
onto new items within their source. In contrast, enabling the
auto-suggest by itself did not benefit from saved typing time
because, without the source filter, workers had no requirement
to find unique sources and thereby duplicated them. Autofilling with a duplicate source just leads to faster acquisition
of duplicate list items and no improved efficiency. Most importantly, this finding motivates the need for the complexity
SOE introduces and that its components synergize to lead to
an overall improvement.
Data quality

In addition to the previous analyses, we evaluated the quality
of data we received from workers. We looked into two aspects
of data quality: intentional gaming of the system and whether
our components caused workers to stray from the criteria,
providing us with more irrelevant entries.
Were workers incentivized correctly?

The auto-suggest component enabled workers to see duplicate
list items and to click on them to automatically fill in the
item. It is possible that workers abused this feature to quickly
enumerate items, thereby making more money. We performed
analysis and verification to answer this question. Out of 3000
entries, 253 exactly matched an an entry by a prior worker.
We consider abuse to be when a worker lists an item in their
form that cannot be found at the source they specified. We
could not check 120 entries because, most commonly, they
were news/calendar sites that no longer cover the time period
of the given list items. We checked the remaining 133 items
manually. With auto-suggest enabled, 4/109 (3.7%) were
not found at the stated source. Without auto-suggest, 1/24

List topic
Protests
Austin
Articles
Talks

% Time Improvement
32.76
167.90
21.66
-28.42

% Cost Improvement
22.64
23.33
10.42
11.32

Table 5. Relay saw improvements in both end-to-end time and cost in
virtually every list topic.

(4.2%) were not found. A chi-squared test found no significant
difference (i.e., no significant evidence of abuse).
The low rate of cheating is by design. One reason to require
workers to provide us with a source at the front of the HIT is
because of the potential audit trail it leaves behind. To notify
workers of this potential, we included the following line in the
HIT: "We will be spot-checking to verify that list entries are at
the selected sources".
Did workers follow the list criteria?

Another important aspect of data quality is the potential for our
components to compound errors made by previous workers.
This could manifest itself in compounding deviations from
the list criteria when workers see incorrect entries made by
other workers when suggested by the auto-suggest component or when they read bad instructions given by the source
continuation component.
Our 3rd-party rater reviewed all 3066 list entries and flagged
66 (2.1%) that violated our original list criteria. These were
excluded from our analysis. Since the criteria were presented
in the same way regardless of treatment, we would not expect
any effect on relevance, and thus we assume the 66 (2.1%)
irrelevant items were due to inattentive workers.
To verify this assumption, we used a chi-square significance
test to compare the number of irrelevant entries between the
different conditions. Since workers contributed varying numbers of items, and in some cases repeated similar mistakes,
we compared the number of workers who made at least one
mistake. On this metric, there was no significant difference
between any treatment over the control showing that workers
who saw the errors of other workers did not repeat the mistake.
What practical benefits can be expected?

Relay saw improvements in end-to-end time and cost over the
control. A summary of the benefits can be seen in Table 5.
Benefits can be tailored to the needs of the requester. If a
requester wishes to optimize for end-to-end time, they can
allow more workers to work in parallel; however, they will
have to pay more per unique list item. If a requester wishes to
optimize for cost, they can limit the number of workers that
can work in parallel but will experience a longer wait time.
DISCUSSION AND FUTURE WORK

Our findings have several implications for the future of research into crowdsourced enumeration queries and to research
into crowdsourcing workflows. We will first discuss the costs
versus benefits trade-off that our workflow introduces, then
discuss the parallels and contrasts of Relay’s workflow to the
workflows present in other forms of labor, and conclude with
a way to improve upon our technique in future work.

Costs and benefits

SOE leads to a significant improvement in the efficiency of
crowd workers and accuracy of system duplicate prediction.
Contrary to our hypothesis, we found that using just a part of
our workflow, the source filter, came at the cost of significantly
increased overhead. Singling out a second piece of our workflow, source continuation, lead to yet more increased overhead
due to the time it takes workers to fill out hand-off instructions,
but it did lead to the expected improvement in coverage of
sources and overall uniqueness. Singling out a third piece of
the workflow, the auto-suggest, did not introduce any costs,
but by itself we only saw the benefit of improved accuracy.
It was only until all components were enabled that we saw
the overhead of the source filter and source continuation pay
dividends (i.e. increased uniqueness due to better extraction of
sources and saved typing time from the auto-suggest). These
findings demonstrate the robustness of our workflow: each of
its components play a vital role in its success and that they
should not be used by themselves. This is consistent with
prior findings in other types of crowd workflows. That is, that
some components introduce an up-front cost, but later benefit
from the supplementary organization [12, 28]. Future work
might make additional use of the organization manifested in
our workflow.
Parallels and contrasts to Relay’s workflow

A core benefit of our workflow is that it allows for the division of labor along fluid boundaries. This is done by allowing
workers to define what their source is (whether it be search
terms, an entire website, or part of a website) enabling both
the serendipitous discovery of new sources from old ones
and incentives for the workers to draw distinctions between
sources on meaningful boundaries. This contrasts with the
typical organizational structures of crowdsourcing workflows
that enforce rigid boundaries through divide-and-conquer techniques. We demonstrated that our style works well for the list
enumeration task, but it might apply to other kinds of work.
Additionally, our workflow parallels the way many offline
organizations manage work, where a fluid division of labor is
critical to success. For example, software engineering tasks are
usually divided along boundaries that change over the course
of completing the task and as the nuances of the original task
are revealed. Relay’s workflow brings crowdsourcing one step
closer to this kind of fluidity.
Mechanisms for quality control

While the vast majority of workers adhered to the constraints
we imposed on them in our four list topics, list topics that
require more expertise (such as a list of related works for a
paper) would likely see more errors. Imposing mechanisms to
check results (such as an extra filtration step) or mechanisms
to identify workers with expertise prior to starting the task
could be fruitful directions for future improvement.
CONCLUSION

Relay represents a step toward crowd-powered systems that
enumerate new datasets rather than operating on existing ones.
We advance the work of Trushkowsky et al. by introducing
a workflow that greatly improves the efficiency of workers

through intelligent source management. We demonstrated the
necessary complexity of our workflow through a thorough
examination of each component, showing that singled them
out leads to worse or marginal improvement in the quality of
the output. We believe the task of list-making is one that will
have practical benefits for consumers, businesses, researchers,
and other users and organizations. It might even be applied as
a first step in a literature review in an unfamiliar area.
Furthermore, Relay takes steps toward preserving the traditional independence of crowd workers. Microtask workers
expect to be paid a constant amount per task, but also that
the pay be proportional to the effort. Relay has made some
effort toward this goal by associating pay with both the task
of finding a source and a per-item price. Additionally, our
approach represents a step toward drawing divisions of labor
along fluid boundaries by allowing workers to define their
source according to where items are found. We demonstrate
the feasibility of our approach through an evaluation and open
up future areas for improvement.
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