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Abstract—In crowdsourcing, many people are less capable
of producing quality work, and there are those who work
inadequately. We can improve the quality of work, and also we
can decrease time and wages if we eliminate poor workers and
give extra instruction to their workers. Therefore, estimating
work quality is essential for uncovering poor workers. In
existing studies, the response behavior of workers was used to
estimate their quality. However, in these studies, the authors
only apply to complicated tasks that have many types of
response behavior. In this paper, we propose a method for
estimating the quality of workers by their response behavior
by intentionally complicating a simple task. By doing so, we
can get more accurate and detailed response behavior. By
using accurate and detailed response behavior even in simple
tasks that have few types of response behavior, the estimation
accuracy of low-quality workers improved. However, workers
had to work for slightly longer.
Keywords-crowdsourcing; quality; behavior; task complication;

I. I NTRODUCTION
Crowdsourcing is the online process of requesting tasks
to be completed by a crowd of general people and then
paying them for their work. A problem with microtasking
(large jobs split into small tasks and distributed online for
completion by many people) is that the quality of work
received is not guaranteed. Some people cannot achieve the
correct results depending on the difﬁculty of the task and
others who perform poor work with malicious intent, such
as ﬁnancial gain. Getting good results is not always possible
due to the existence of such workers.
Redundancy, an approach in which multiple workers
process the same task, is commonly used to measure such
a problem [1]. We will explain how redundancy works
by using a data-labeling task as an example. By using
redundancy, multiple labels are assigned to one piece of
data. Then, the labels are integrated by a majority vote
[2], [3] or an expectation-maximization (EM) algorithm [4],
[5] and the ﬁnal labels are decided. Redundancy is used
under the assumption that most workers perform accurate
work. Therefore, when there are many unreliable workers,
as mentioned above, redundancy does not work. Besides, the
person requesting the work must provide money and time in
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proportion to the number of workers being made redundant.
Two things lead to improved integration accuracy of
multiple labels in redundancy and cost-saving by reducing
redundancy. The ﬁrst is the elimination of people who do
not work adequately. That is, people who are judged to
be unreliable are prohibited from doing work. The second
is giving proper instruction to those who are less capable.
Proper instruction may improve the workers’ abilities. In this
way, by eliminating or instructing workers, we can secure
from dangerous people who produce low-quality work.
Thus, a signiﬁcant task is the extraction of people who
work inadequately and are less capable of working adequately. In other words, we must properly estimate the
quality of work produced by each person. There are several
approaches for estimating worker quality. The ﬁrst approach
is to mix tasks designed to test workers’ abilities [6]. In
this approach, labor and cost are incurred by the person
requesting the work because it is necessary to create test
tasks that correctly judge the level of work quality. The
second approach is to estimate worker quality from their
work results [4], [7]. This approach is based on redundancy.
Therefore, wages and temporal costs are not expected to
be reduced. In recent years, research has been conducted to
estimate a quality of work by workers’ behavior (the third
approach) [8]–[11]. This approach can reduce costs because
we can estimate the quality of work without the use of test
tasks or redundancy. In this paper, we focus on this approach.
However, previous research has a problem that needs to be
solved. The approach can only be applied to tasks that have
many different response behaviors.
In this paper, we propose a method that estimates the
quality of a person’s work by completing a simple task
that triggers few response behaviors. In particular, we
complicated simple tasks to obtain information on many
types of behavior. We also analyzed the impact of the
complicated tasks on the workers. This method improves
the estimation accuracy of people who produce low-quality
work. Furthermore, we found that, when using the proposed
method, ’browsing count’ for problems that triggered new
response behaviors is one of the most important behaviors
for estimating worker quality. Also, we gave the test subjects

only an additional four seconds of working time to complete
the complicated task.
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II. R ELATED W ORK
In this section, we introduce the previous research that to
estimate worker quality by the workers’ response behavior.
We also describe the relevance of this research in comparison
with previous research.
Mok et al. [8] tried to detect low-quality workers in
quality of experience crowdtesting. In their research, the
workers had to answer 15 multiple choice questions and
one open-ended question regarding video quality. They
detected low-quality workers by analyzing the movements
of their mouse cursors. That is, they treated the track of
the mouse cursor as part of the worker’s response behavior.
Hirth et al. [9] detected low-quality workers in English
language comprehension tasks. The workers had to answer
25 questions on a web page. They measured the time in
which the worker read the problem and the time in which
the worker considered the answer by scrolling through the
page or clicking on the radio buttons. They classiﬁed lowquality or high-quality workers by these response behaviors.
Rzeszotarski et al. [10] conducted experiments on the workers’ performance of three different tasks. The ﬁrst was a
200-word task classifying parts of speech. The second was
nine English language comprehension tasks. The third was
three to ﬁve tag-description tasks for four different images.
They identiﬁed low-quality workers by 20 different response
behaviors that they exhibited, such as the length of the work
log, time spent inputting answers, and mouse and keyboard
use. Kazai et al. [11] used three different tasks. Those tasks
were: a relationship evaluation of a web search query and the
following results page, a comparison of two web pages, and
a comparison of two search lists. They classiﬁed whether
worker quality was above average by 160 different response
behaviors, such as processing time and mouse and click
activity. Also, they reported that low-quality workers were
detected with higher accuracy by using expert behaviors.
In these studies, tasks with many response behaviors were
used to estimate worker quality. That is, the worker had
to perform multiple processes within a single task. Even
in relatively simple classiﬁcation work, multiple tasks are
performed within a single task by providing many identical
tasks at once. However, there are reports that high-quality
results can be obtained by dividing tasks into as many
microtasks as possible [12], [13]. Therefore, it is considered
undesirable to provide many identical tasks at once.
For simple tasks, such as just labeling one image, response
behaviors that can be acquired are limited. Therefore, it is
considered difﬁcult to apply these previous studies to simple
tasks because worker quality is not necessarily related to
response behaviors when few behaviors can be obtained.
Furthermore, it is impossible to judge the quality of an
excellent worker accurately when only analyzing a small
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Figure 1: Screen for baseline task
Table I: Response behaviors acquired from baseline task
Behavior
Processing time per task(B1)
Answer time per task(B2)
Number of answer change per task(B3)

Example value
1, 5, 10
1, 5, 10
0, 1, 2

number of behaviors. For example, when trying to judge
worker quality only by processing time, the quality of
workers who process tasks quickly and accurately may be
incorrectly estimated.
In this paper, we focus on simple tasks with few response
behaviors and then complicate the task to acquire many other
behaviors. In addition to estimating worker quality, we also
discuss the impact of the workload on workers due to the
complication of the tasks. Furthermore, we examine what
kinds of response behavior should be analyzed to estimate
worker quality.
III. TASKS
In this section, we describe the tasks performed to verify
the effectiveness of the proposed method. The task was to
label whether a tweet satisﬁes the following two points:
•
•

The state of Kyoto is written in the tweet.
The state is useful for sightseeing in Kyoto.

The workers had to select either ’Yes,’ ’No,’ or ’A tweet
is not displayed.’ If a user who posted a tweet deleted the
tweet, the tweet could no longer be displayed on the screen.
For that reason, we prepared the option ”A tweet is not
displayed.”
A. Baseline Task
In the baseline task, workers read the displayed tweet and
selected an answer from three choices. The screen for the
baseline task is shown in Fig. 1. When the workers pressed
the submit button, the next tweet was displayed. The workers
repeated this task. The types of worker behavior available
were B1, B2, and B3 (shown in Table I).

Table II: Response behavior acquired from proposed task

%&&'(''#"'# ##')'

Behavior
Tweet browsing time per task (B4)
Tweet browsing count per task (B5)
The ratio of tweet browsing time
to processing time per task (B6)
Tweet browsing time per browsing (B7)
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Example value
5, 10, 20
0, 1, 2
0.2, 0.5, 0.8
2, 5, 10
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Figure 3: Overview of our experiments

(b) while the button is pressed

Figure 2: Screen for proposed task

B. Proposed Task
In the proposed task, the tweets were not displayed in
advance, unlike normal tasks; instead, a button was set up.
The tweet was displayed only when the worker was pressing
this button. By doing so, we could get more accurate tweetbrowsing times and tweet-browsing counts. The screen of
the proposed task is shown in Fig. 2. In crowdsourcing, it is
expected that the people completing the work are doing more
than two different things at the same time while processing
the tasks because they are not being monitored by anyone
and can access the Internet. For example, they may be
doing other work on their computer or watching TV while
processing a task. We set up a button because we thought
that just processing time does not represent accurate working
time due to the possibility of doing more than two different
things at the same time. From the proposed task, we obtained
new worker response behaviors B4, B5, B6, and B7 (shown
in Table II) in addition to the behaviors shown in Table I.
IV. D ISCOVERY METHOD OF LOW- QUALITY WORKERS
In this section, we describe the method for discovering
low-quality workers by their response behavior in the task
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described in Section III. An overview of our experiments is
shown in Fig 3. The workers generated behaviors B1 to B10
(shown in Section III) while processing the tasks requested
by us. However, the workers who exhibited behaviors B4 to
B7 were the only workers who employed in the proposed
task. We classiﬁed workers as high-quality or low-quality
workers with classiﬁers by these response behaviors.
A. Classiﬁer Construction
The quality of the workers was estimated by using all the
behaviors of the tested workers. In other words, we estimated
worker quality after the completion of all the tasks set by
the requester. We constructed a classiﬁer that output worker
quality P when feature B of the worker was input. We used
a Support Vector Machine (SVM) as a classiﬁer.
We calculated the mean, median, standard deviation, entropy, maximum, and minimum for each of the worker’s
behaviors. The features of the worker were the standardized
values of these values. In addition to behaviors B1 to B7,
standardized values of B8, B9, and B10, which are shown
in Table III, were also used as features of the workers.
The output of the classiﬁer was binary whether or not the
correct answer rate of the worker was equal to or more than
the median value of the correct answer rate. The following

Table III: Worker behaviors

formula deﬁned the correct answer rate Pw of the worker
w:
Tw
× 100
(1)
Pw =
Nw
Here, Nw is the total number of tasks processed by
the worker w, and Tw is the total number of processed
tasks which worker w selected the correct answer. Also, the
correct labels were decided by the majority choice of ten
workers.
B. Quality Estimation
We constructed a classiﬁer for each baseline and proposed
task and used the classiﬁers to estimate worker quality.
The classiﬁcation of this experiment can be formulated as
follows:

f (Bw ) =

−1
1

(Pmedian < Pw )
(Pmedian > Pw )





Example value
100, 1000, 10000
500, 1000, 100000
100, 200, 300





















(2a)











(b) Proposed task

(2b)

Here, Pmedian is the median of the correct answer rate,
is the expected value for the correct answer rate of the
worker w, Bw is the feature of the worker w, and f is the
classiﬁer.
That is, the classiﬁer predicts whether the correct answer
rate of the worker is equal to or more than the median
value of the correct answer rate as judged by the response
behaviors of the worker. In this paper, we deﬁned a worker
whose correct answer rate was less than the median value
as a low-quality worker and deﬁned a worker whose correct
answer rate was more than the median value as a highquality worker.



(a) Baseline task



Behavior
Number of total task processing(B8)
Total task processing time(B9)
Number of task processing per hour(B10)

Figure 4: Distribution of worker’s correct answer rate

Pw

The workers earned 30 JPY (about $0.3) for every 100
tweets that they processed. Workers processed about 450
tweets per hour on average. This means that the workers
earned about 135 JPY (about $1.35/hour) per hour. This
wage is almost equal to the standard crowdsourcing wage
($1.38/hour) [14].
We set parameters C and γ for grid search. Also, we used
the leave-one-out method to evaluate classiﬁcation accuracy.
B. Workers

V. E XPERIMENTS
A. Experimental Setup
We built our own platform and recorded the workers’
behaviors using Javascript and jQuery library. Then, we
recruited workers from an existing crowdsourcing platform
(Crowdworks1 ).
The workers could suspend, resume, or stop work at their
own pace. In other words, we did not decide the number of
tasks to be processed by the workers. This was to divide the
task into as many microtasks as possible by Alonso’s and
Kittur’s reports [12], [13]. For this reason, the number of
tasks being processed varied depending on the worker and
we used this as part of the worker’s behavior.
1 http://www.crowdworks.jp
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In the baseline tasks, 96 workers were employed, and
in the proposed task, 99 workers were employed, while 33
workers were employed in both tasks. However, the workers
whose total number of processed tasks was less than 100
were excluded in this experiment. The number of tasks
processed for the baseline task was 49,005, and the number
of tasks processed for the proposed task was 45,114.
Figure 4 shows the distribution of correct answer rates for
the baseline and proposed tasks. In the baseline and proposed
tasks, the correct answer rate was tested using MannWhitney’s U, but no signiﬁcant difference was observed
(p = 0.21 > 0.05). It seems that the complexity of the
task did not change the task difﬁculty level for the tested
workers.

Table IV: Confusion matrix





 

(a) Baseline task



Gold

Low-quality
High-quality

(b) Proposed task





Predict
Low-quality
High-quality
25
23
23
25

Gold
    



Low-quality
High-quality

Predict
Low-quality
High-quality
35
14
27
23

 

Figure 5: Processing time distribution
Table V: Classiﬁcation accuracy when removing a feature
The distribution of processing time per task is shown in
Fig. 5. The median processing time for the baseline task was
six seconds and the median processing time for the proposed
task was ten seconds. The processing time increased by four
seconds for the proposed task, that is, the workers had to
spend a long time completing the work.
C. Classiﬁcation
We classiﬁed low-quality or high-quality workers by using
an SVM. In this paper, a low-quality worker is deﬁned
as a person whose correct answer rate was less than the
median value. The classiﬁcation results for the baseline and
proposed tasks are shown in Table IV with a confusion
matrix. In the baseline task, the F-measure of low-quality
workers was 0.52. On the other hand, the F-measure improved to 0.63 in the proposed task. It is important to
discover comprehensively the low-quality workers as much
as possible when applying this classiﬁcation result to the
elimination of low-quality workers. In other words, the
recall of low-quality workers is important. The recall of
low-quality workers was 0.71 in the proposed task but the
recall was 0.52 in the baseline task. This indicates that the
proposed method is effective. However, the classiﬁcation of
high-quality workers could not be classiﬁed accurately in
either task.
Next, we checked which response behavior from among
the behaviors that were acquired in the proposed task was
most useful for classiﬁcation. To do this, the extra behaviors
were removed one by one from the feature and classiﬁed
similarly using the SVM. Table V shows the classiﬁcation
accuracy of low-quality workers. The lowest accuracy occurred when the tweet-browsing count were excluded from
the feature (All - B5). The confusion matrix at that time
is shown in Table VI. Classiﬁcation could not be done
regardless of the workers’ quality when there was no tweetbrowsing count.

4414

Behavior
All
All-B4
All-B5
All-B6
All-B7

Precision
0.56
0.55
0.44
0.56
0.55

Recall
0.71
0.69
0.47
0.71
0.71

F-measure
0.63
0.61
0.46
0.63
0.62

Furthermore, details of classiﬁed results of the proposed
task with and without B5 (All - B5) are shown in Fig. 6.
Each circle or triangle represents a worker. Circles represent
successful workers, as judged by the classiﬁcation; the triangles represent failed workers. Workers near the classiﬁcation
boundary (the median value of the correct answer rate)
could not be classiﬁed from either task. However, we were
able to classify workers with an accuracy of only 47% in
the baseline task and classify workers with an accuracy of
87% in the proposed task when considering only workers
with a correct answer rate of 80% or less. This means that
not low-quality workers near the classiﬁcation boundary but
an obviously low-quality worker can be classiﬁed as lowquality worker with high accuracy.
Table V and Fig. 6 indicate that it was difﬁcult to
estimate people that produce low-quality work if there was
no tweet-browsing count. A tweet-browsing count, which
was acquired by setting up a tweet-browsing button in the
proposed task, is considered to be an effective response
behavior for classifying low-quality workers.
On the other hand, it was difﬁcult to classify high-quality
workers even using the tweet-browsing count. We think this
is because we tried to classify workers by the median correct
answer rate. The median value of the correct answer rate was
about 90% at its highest, so there is a possibility that the
behavior of the high-quality and low-quality workers near
the classiﬁcation boundary had no difference or characteristics. So, we plan to analyze the behavior of the workers and
review the classiﬁcation boundary.

Table VI: Confusion matrix of proposed task with the tweetbrowsing count removed

Gold

Low-quality
High-quality

Predict
Low-quality
High-quality
23
26
29
21
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