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ABSTRACT
Crowdsourcing-based user studies have become increasingly
popular in information visualization (InfoVis) and visual analytics (VA). However, it is still unclear how to deal with
some undesired crowdsourcing workers, especially those who
submit random responses simply to gain wages (random
clickers, henceforth). In order to mitigate the impacts of random clickers, several studies simply exclude outliers, but this
approach has a potential risk of losing data from participants
whose performances are extreme even though they participated faithfully. In this paper, we used the randomness of
multiple submissions from a crowdsourcing worker as a metric to determine whether or not a worker is a random clicker.
Thus, we could reliably filter out random clickers and found
that resulting data from crowdsourcing-based user studies
were comparable with those of a controlled lab study. We
also tested three representative reward schemes (piece-rate,
quota, and punishment schemes) with four diﬀerent levels of
compensations ($0.00, $0.20, $1.00, and $4.00) on a crowdsourcing platform with a total of 1,500 crowdsourcing workers to investigate the influences that diﬀerent payment conditions have on the number of random clickers. The results
show that higher compensations decrease the proportion of
random clickers, but such increase in participation quality
cannot justify the associated additional costs.

Categories and Subject Descriptors
H.5.2 [Information Interfaces and Presentation]: User
Interfaces—Evaluation/methodology

General Terms
Experimentation, information visualization.
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The “crowdsourcing” approach [10] was originally adopted
to accomplish diﬃcult-to-be-automatized tasks (e.g., counting the number of persons in a photo) by harnessing human workers through an open call via online. It also has
been adopted in various research disciplines, including information visualization (InfoVis) and visual analytics (VA),
to conduct studies quickly and economically. The crowdsourcing approach has several advantages [17, 24]: First, one
can eﬃciently recruit a large, diverse group of participants
thanks to the active crowdsourcing platform (one can easily
recruit 100 participants within 24 hours). Second, the cost
for conducting a study through this approach is low. The
average hourly wage of workers at Amazon Mechanical Turk
(AMT), a crowdsourcing platform, is just under $2.00 [24].
Several studies (e.g., [8, 9, 22]) also reported that they successfully replicated the results of prior laboratory studies
using crowdsourcing.
However, crowdsourcing also has limitations: one of the
most serious issues is crowdsourcing workers often game an
experiment system, such as randomly clicking through questions simply to earn monetary compensation [7]. Such behavioral trends reduce the validity of the collected data so
researchers have investigated diﬀerent methods to motivate
workers and/or screen out spammers [6, 13, 27]. However,
such approaches are usually not universally applicable in all
types of studies, and some can damage the validity of a study
by eliminating some outliers in an arbitrary manner [8, 29].
Thus, the goal of this paper is to propose a new approach
to identify crowdsourcing workers who submit random responses, who we call “random clickers,” and test the eﬀectiveness of the approach. More specifically, we first investigated if the randomness metric can eﬀectively filter out random clickers, so that the resulting data set is comparable to
that from an equivalent controlled lab study. Second, we also
investigated whether crowdsourcing workers are less likely
to become random clickers if they receive higher compensation. We conducted an experiment to observe the influences
of diﬀerent compensation amounts ($0.00, $0.20, $1.00, and
$4.00) and reward schemes (piece-rate, quota, and punishments) on the number of random clickers. These studies
are the replication of the “SimulSort” study [11], which we
previously conducted studies with in a controlled lab environment, using the crowdsourcing approach.
The contributions of this study are as follows:

• This study suggests the randomness metric, which can
be used to discern random clickers.
• This study demonstrates the pseudo-linear relationships between the payment amounts and the likelihood
of being random clickers.
• This study shows that payment schemes partially influence the likelihood of being random clickers.
• This study suggests guidelines for proper payments
schemes in a crowdsourcing-based study in InfoVis and
VA.

2. BACKGROUND
2.1 Crowdsourcing Quality Management
As a convenient and eﬃcient recruiting platform, crowdsourcing has been quickly adopted as an alternative approach to conduct human subject studies. Recent studies [8, 9, 22] used the crowdsourcing approach to replicate
previous controlled lab studies, to show that the results from
crowdsourcing-based studies are comparable to those from
controlled laboratory studies. However, researchers were
still suspicious about the validity of crowdsourcing approach
because crowdsourced research participants often game the
system to simply gain monetary compensation without paying suﬃcient attention to the experimental tasks. The problem arise from a lack of control over the environment [4, 19,
28], diﬃculties in screening for well-balanced participants
based on the demographical data [15, 26, 28], and uncertain
data quality due to the low payment and anonymity of the
Internet [18, 21, 22].
Thus, the following question is often asked, “how do we conduct a human subject study using the crowdsourcing approach and still obtain reliable results?” Generally, the following two approaches have been suggested: the first approach is to motivate the participants in the first place to
perform in a sincere way. Obviously, monetary compensation is one of the main factors participating in crowdsourcing
work, while in some cases it is actually a primary source of
income for participants [22]. There have been attempts to
change the compensation amount to nudge better performance, however the results of such attempts are obscure.
More details will be discussed in Section 2.2. Another way
to provoke intrinsic motivation is to design the task to be interesting. The enjoyment factor has been shown to be more
powerful over the monetary values in some cases [21]. However, this is not always applicable, as it is hard to adjust the
tasks to be entertaining in some experiments.
No matter how carefully the experiment is designed, experimenters are always exposed to the risk of having poorquality data due to spammers. It is known that only about
60% of the collected data pass the qualification [7]. Therefore filtering out low quality work is important for quality management of the collected data. Researchers have
proposed several ways of filtering such as inserting dummy
questions to detect spammers [7], comparing the data to a
gold standard [6], using post-hoc work assessment among
workers [27], or creating algorithms to calculate the workers’ quality [13]. However, in some cases inserting extra
tasks could obstruct the experiment itself and gold standards
may not exist. Therefore, prior researchers suggest screen-

ing based on the time spent [17], or using extreme values of
the performance which they are trying to measure [8, 29].
Rzeszotarski and Kittur have pointed out that researchers
should use how the workers work to detect low quality data
collected [25]. They introduced a behavioral trace recording
of all of the mouse movements and key presses. However, interpreting the logs are subjective and dependent on the task
context. Important as it is, coming up with a proper metric
that reflects the faithful attitude is still challenging [3].

2.2

Financial Rewards

We also consider the monetary factor, which is the primary
reason for workers to assist on a crowdsourcing platform.
Our approach concentrates on convincing the workers to partially mimic the “seriousness” of lab participants to obtain
reliable results. From an economic perspective, the workers’
goal is to maximize profit, while researchers want to guarantee quality. Therefore, we focus on two financial factors,
the payment amount and the scheme the reward is designed
to be given.

2.2.1

Payment Amount

Although the crowdsourcing platform has been widely used,
there are not many empirical studies about the monetary
eﬀect on the participants. One of the initial studies conducted by Mason and Suri concluded that increasing workers’ compensation does not increase their performance, only
their quantity of work [20]. This was surprising due to the
fact that the crowdsourcing platform used, AMT, is an online labor market where compensation is the main motive
for participating. However, we should carefully interpret
the results considering several factors. In Mason and Suri’s
experiment, the task was sorting images and solving word
puzzles, and the incentives tested ranged from $0.01 to $0.10
which were given regardless of the workers’ performance. In
other words, the quality of the data submitted would not
aﬀect their earnings. It is noted that the amount only affected how they perceived the importance of the task; if the
amount was higher, workers valued it more. Eventually, the
higher compensation only attracted the participants to finish
more tasks for higher earnings rather than promote better
performance. Therefore, in order to make the amount have
an impact on the work quality, a reward scheme that reflects the performance of the submitted work could be more
eﬀective.

2.2.2

Payment Scheme

Another speculation is that the incentive scheme was not
eﬀective enough to change the participants’ behavior. Bonner et al. [5] suggested that in order to make the rewards
eﬀective, the proper amount should consider the task type
based on the complexity. A wider range should be investigated, especially where our decision making task falls into
the highest complexity “judgment and choice” task category.
However, just raising the amount of money may not prevent
all the “random-clicking” behavior; in fact, it may attract
more participants to game the system. This is why we need
to consider the following three financial reward schemes:

Piece-rate. Implementing piece-rate on crowdsourcing involves paying the workers for each task, which grows as they
complete more tasks. Paying based on the number of tasks
workers have finished is the standard practice on crowdsourcing platforms. However, the marginal benefit could be
perceived smaller because the payment for one unit of task
is rather small.

Quota. With a quota scheme, participants are paid a large
amount only if they complete all the tasks, which motivates them to set a goal. It attempts to motivate people
by increasing the perceived marginal benefits. The piecerate versus quota payment has been investigated widely in
economic discipline, and quota scheme usually out-performs
piece-rate. Bonner et al. reviewed over 131 experiments, and
concluded that quota schemes are the best reward schemes
for complex tasks [5]. This was also found in some crowdsourcing studies involving the word puzzle task [21]. However, since implementing a quota scheme on the platform is
against the norm and against what workers are accustomed
to, we question whether it would be eﬀective on the crowdsourcing platform.

Punishment. The last way to minimize the workers from
gaming the system is to adopt a punishment scheme. Such
schemes either do not pay workers or even deduct payment
for poor performance. For a content analysis task on the
crowdsourcing platform, a “punish agreement”, where the researchers disclose that they will deduct 10% from the bonus
when the work does not agree with the majority, was the
most eﬀective form of payment [27]. We believe that the
risk of possibly losing money will prevent a considerable
amount of random-clicking workers. Therefore, we added
a penalizing scheme to pay a bonus only if the workers exceeded a certain level of performance, the criteria for which
is based on the results from a controlled lab study. It could
be argued that we are manipulating the workers to perform
better. However, in reality, if workers were using this interface for their own need they would take it more seriously
and pay more attention. Thus, we believe this constraint is
not just artificial, but reflects reality.

2.3

SimsulSort

The complex task we use for the experiment is testing one
of the InfoVis systems for decision making, called “SimulSort.” SimulSort was proposed as an interactive table that
sorts multiple attributes at the same time, supporting compensatory decision tasks [12]. In SimulSort, an item is not
presented in a single row. Instead, SimulSort visualizes a
cell at a position where the vertical position means the rank
of the item in the corresponding attribute (Figure 1). The
higher position a cell occupies, the higher the item’s value
in the corresponding attribute is. So, the positions of cells
belonging to a single item allows a user to easily identify the
overall values of an item in multiple attributes. The task
given to workers in our study was to select the highest value
items (sum of values across attributes). We added an incentive by giving participants higher payment as they select
items more accurately. More details about SimulSort and
its experimental design can be found in previous publications [11, 12].

Figure 1: A screenshot of the SimulSort interface:
comparison of the two items can be done by observing the vertical positions of the highlighted cells.
Each color highlighted with green and yellow corresponds to one item.

3.

METHODS

We replicated our previous controlled laboratory experiment
[11] on one of the representative crowdsourcing platforms,
Amazon Mechanical Turk (AMT). Participants were informed
to complete a multi-attribute object selection task with SimulSort. We tested diﬀerent reward amounts in diﬀerent schemes
to see how the performance was aﬀected.

3.1

Participants

A total of 1,500 participants were recruited through AMT,
150 participants for each of the 10 conditions (see details
in Section 3.4). Participants could only participate once for
any of the conditions, as controlled by our system.

3.2

Procedures

After recruited from AMT, all the participants were redirected to our website for the experiment with an unique ID
and password. Each participant was asked to complete 20
trials of tasks, where each trial had a 3-minute time limit.
Instructions were given about the tool and the experiment
procedure. The reward scheme and the maximum amount
they could earn through the experiment were clearly mentioned. Before the 20 trials, a pilot trial was given to use the
interface without time limit. After each trial, a dialog box
with the result of the final selection rank and the amount
they earned was shown. Participants were able to quit during the task and receive rewards commensurate with their
progress. However, only the data from the participants who
finished all 20 trials were used for analysis.

3.3

Tasks

The task was to select an item with the highest value out
of 15 items with 7 attributes. The value of an item was
calculated by the sum of its normalized attribute values as
in the following equation 1: utility function valuem is the
mth item’s value; Tmn is the number in the nth column
(attribute) of the mth row (item) in data set T .
More specifically, the value was calculated as follows:
valuem =

7
�

n=0

Tmn − min T·n
max T·n − min T·n

(1)

where valuem is the value of the mth item, T is the whole
data set (15 × 7), and Tmn is the value of mth item and nth
attribute.
Basically, valuem is the summation of attribute values, each

Experiment Design

We had a total of 10 conditions, with 3 payment schemes
(i.e., piece-rate, quota, and punishment) associated with 3
reward amount levels (i.e., $0.20, $1.00, and $4.00) and no
bonus rewards ($0.00).

Reward Amount. $0.10 was the base compensation for participating. The additional bonus reward was based on the
task performance which was measured by the utility of the final selection. This was paid through the bonus payment service on AMT. We defined the range of reward amount based
on the previous literature. The AMT system calculates the
hourly compensation rate for each HIT which ranged up to
approximately $8.00, while the average is $1.97. To select
the proper amount for the experiment, the pilot study first
paid from $0.00 to $8.00 at the completion of 20 trials. This
also covers up to the federal minimum wage ($7.25/hour
as of April 2, 2011). Based on our pilot study, we found
out that the average time spent was approximately 30 minutes. Therefore for the actual experiment, we decided to
pay a maximum of $4.00 to meet the federal minimum wage.
The final amount level we tested for the bonus amount was,
$0.00, $0.20, $1.00, and $4.00.

Piece-rate. Earnings for each round would add up to the
total amount for the whole task. If the total maximum earning was $1.00, it would be divided by 20 rounds, so participants would earn $0.05 for each round.

Quota. We followed the same quota scheme design that
was used in the previous controlled lab experiment. After finishing 20 rounds, only randomly selected three rounds
were paid. For example, for the $1.00 bonus amount condition, each trial would have maximum earnings roughly $0.33
where the piece-rate scheme would have $0.05. This was to
increase the perceived value of each round, so that the participants would be more motivated.
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15
rank of the final selection
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Answers of a Normal Lab Participant
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rank of the final selection

of which is normalized within each column. Although this
equation looks arbitrary, it was designed to avoid various
types of gaming and resemble a real life decision-making, in
which a person considers multiple attributes equally.

10

5

10

5

0
0

5

10
trial sequence

15

20

0

5

10

15

20

trial sequence

Figure 2: Example of answers of a lab participant
(left) and an alleged random clicker (right). Rank
1 represents the highest rank while 15 is the lowest.
Note that while the lab participant shows consistent
performance, the ranks of items chosen by alleged
random clicker fluctuate much more rapidly.
To make the notion of the random clicker more explicit, we
first define the rank of the item to be the rank of the value
of the item i:
ranki = |{i� : valuei� ≥ valuei }|,

(2)

where |·| denotes the number of elements in the set. Namely,
ranki = 3 implies that the the item i is the third best choice
among 15 items.
The order of items displayed to the participant is designed to
be well-permuted. Therefore, if the participant is not paying
attention to the problem and choosing arbitrary items as
answers (e.g., always selecting the item in the first row) then
the ranks of the items chosen by the worker will be randomly
distributed.
The presence of such random clickers in AMT-recruited participants is evident even with cursory visual inspection of
data. Figure 2 shows an example of the answers of two different participants, one from a controlled lab study and one
from crowdsourcing-based study. It is clear that the former
shows consistent performance of selected items clustered on
the top ranked items (Rank 1 represents the highest rank),
while the latter exhibits very random behavior and his/her
chosen items are widely scattered.

4.2

Threshold for Random Clickers

We implemented our experimental website using Ruby on
Rails (http://rubyonrails.org/), Flex (http://www.adobe.
com/products/flex), and Flare (http://flare.prefuse.
org).

Proper filtering mechanisms have always been an interest in
data collection on crowdsourcing platform [2, 3, 14]. If we
take all of the data collected into consideration, it is obvious
that we will not see similar results as seen from a controlled
lab study. This was shown in one of the initial replication
experiments from the authors [16]. We need an eﬀective way
to remove random clickers in analyzing the collected data.
After removing such random data, one may question if the
quality of the remaining data will be comparable with the
data from the lab study. Using standard statistical testing,
we propose a measure which quantifies the evidence of each
participant being a random clicker. By filtering out participants according to this metric, we claim that with proper
financial reward design, one can achieve the data quality
that is comparable to lab experiments.

4. RESULTS
4.1 Presence of Random Clickers

In order to screen out participants, we need to determine
whether a certain participant is a random clicker or not.

Punishment. This payment scheme includes a punishment
based on the final selection for each round. The participants
were paid for the trials only when their final choice was
within the top 50%. In other words, to earn payment they
should have selected an item ranked between the first and
the seventh out of fifteen items.

3.5

Implementation
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Figure 3: Histogram of p-values of participants in
(left) lab study and (right) crowdsource data (piece
scheme with $0.20 reward level was used), when each
participant was tested by Pearson’s χ2 test.
This can be done by applying Pearson’s χ2 test [1]. For
each participant, we test the null-hypothesis that he/she is
a random clicker and thus his/her responses are uniformly
distributed. As a result, we get a p-value for each user: a
low p-value indicates that there is little evidence that the
participant is a random clicker. As in the left of Figure 3,
in lab study, most of p-values are concentrated towards the
left around zero. This shows that it is very unlikely for a
non-random clicker to get high p-value in χ2 test. On the
other hand, if the participant is a random clicker, then the
p-value is uniformly distributed from 0 to 1. In the right
figure of Figure 3, one can see that there are many data
points uniformly distributed along the x axis. Therefore, by
filtering out participants who have high p-values, one can
achieve the data quality level which is comparable to lab
studies.
A lower threshold implies that more participants are filtered: when the threshold is 0, no participant is included,
while a threshold of 1 means that every participant is included. How we apply thresholds for filtering can yield a
controversial issue related to forcing in order to refine the
data. However, we can see that such filtering is inevitable
for crowdsourced-based collected data. As Rzeszotarski and
Kittur pointed out, we used the randomness as one way to
reflect the sincerity of the participants and applied filtering based on it [25]. Assuming that the lab study is the
standard quality to achieve, we define the threshold where
the histogram declines extremely. In this experiment, we
selected the p-value of 0.02 as shown in the left histogram
of Figure 3.

4.3

Influence of Payment Amounts and Schemes

Table 1 shows the results after removing the random clickers
based on threshold 0.02. We ran a non-parametric MannWhitney-Wilcoxon test to evaluate the diﬀerence of each
crowdsourcing data against the lab data. We found significant diﬀerence from no reward condition (p-value < 0.001),
piece-rate $4.00 (p-value < 0.001), quota $4.00 (p-value =
0.001), and punishment $4.00 (p-value < 0.001). All three
cases with $4.00 had higher median and mean values than
the lab data. The following median and mean values for all
of the conditions can be found in Table 1.
Another point of interest was the actual number that re-

Mean
0.887
0.865
0.878
0.897
0.911
0.886
0.887
0.906
0.878
0.901
0.904

p-value
0.000
0.172
0.287
0.000
0.711
0.963
0.001
0.023
0.117
0.000

N
80
93
97
102
125
98
109
119
101
110
125

Cost($)
1,750
0
31
147
480
31
138
504
30
136
480

Table 1: Table of the median and mean values after
filtering based on the threshold. The crowdsourcing
data was compared to the lab data applying MannWhitney-Wilcoxon test. Bold p-values indicate that
they are not comparable with the lab data. N is the
number of participants remained after filtering from
a total of 150 participants. Cost is calculated for
the total payment when collecting 100 non-random
clickers.
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Figure 4: Proportion of random clickers calculated
with diﬀerent reward schemes and levels from Table
1. Note that in general the increase of the payment
level decreases the proportion of random clickers.
mained after filtering, which is critical to the overall cost.
The last column N in Table 1 is the number of remaining
participants after filtering with threshold 0.02. The proportion of random clickers for each condition is shown in Figure
4. All three schemes have a similar trend proportional to the
amount paid, decreasing as the payment level gets higher.
Within each payment level, the punishment scheme has a
relatively lower proportion than the other two schemes.

5.

DISCUSSION

We demonstrated that the consistency of performance calculated by randomness could be an implicit behavioral measure of the participants of crowdsourcing. After filtering the
potential random clickers with a proper threshold, the quality of the crowdsourced data came out to be comparable to
the lab study. We acknowledge the opinion that defining
a threshold could be refining the data in an artificial way.
However, in order to utilize the crowdsourcing data, such refinement is an inevitable process. After filtering, both $0.20
and $1.00 for piece-rate and quota scheme, as well as $1.00
for punishment scheme, did not have a significant diﬀerence

with the lab study. In other words, this filtering enables researchers to use crowdsourcing data to substitute lab data.
Interestingly, $4.00 for all schemes had significant diﬀerence
with higher medians than the lab data. We believe that
the amount of $4.00, which is quite a high payment on the
crowdsourcing platform, attracted the participants to concentrate more on the task. Although, Mason and Suri mentioned that the amount paid does not aﬀect the quality, we
see that the mean and number that remained has a consistent trend of increasing when the payment gets higher [21].
As shown in Figure 4, the proportion of random clickers decreases as the level of financial reward gets higher. This
provides a counter-example of the idea that the amount of
payments does not increase the quality of the crowdsourcing work [20]. We believe that the findings in the previous
literature are not always true when the payment is directly
correlated with the performance and when additional payment that one can gain appears to be significant enough to
warrant additional eﬀort. The higher proportion of random
clickers for $0.00 and $0.20 can be explained because of the
low amount. Previous studies show that if the incentive
scheme is not designed eﬀectively, it will not yield a proper
increase in performance [5]. Eventually the amount of $0.20
was less attractive to a larger portion of workers so that they
easily exploited the system by randomly clicking.
While designing the study from the experimenter’s perspective, maximizing the benefit with minimum cost is a point
of consideration. Thus we must think of the total cost
while deciding on the amount of the rewards. Although the
$4.00 condition yields the highest decision quality, the experimenters can select the amount based on their experiment
condition. We calculated the total cost for each condition in
order to collect data from 100 non-random clickers. The total cost needed to collect data from 100 qualified participants
is shown in the last column in Table 1. Even though $4.00 is
the highest payment, it is still lower than the compensation
given in the lab study. After selecting the reward amount,
one should also consider the payment scheme. For example, within $0.20 and $1.00, selecting either quota scheme
or penalty scheme will be eﬀective, while piece-rate is less
desirable as it has the highest portion of random clickers.
Moreover, we believe that the fact that one can collect reliable data by spending only $31 is an attractive opportunity
for experiments that need to conduct to wide range of participants with fast iterations for testing hypothesis [23].
At last, our experiment design had the advantage of being
able to employ this consistency metric and make the financial value to be influential. The repeated measures design
enabled us to calculate the randomness among each participant. Importantly, the amount of reward that the participants actually earned was directly linked to their performance. The performance and earning for each trial was
shown after each round, in order to raise awareness and motivation. We believe that although there is a risk due to the
uncertainty of the platform, well-designed experiments can
control these factors to be eﬀective.

6.

CONCLUSIONS

One of the main questions we asked in this paper is whether
crowdsourcing is a viable option for conducting user studies

comparable to controlled lab studies, especially with an experiment that deals with complicated tasks such as decision
making using visual interfaces. This question was raised to
fill the gap of previous studies, many of which focused more
on relatively short and simple perception oriented tasks,
such as transcription and object recognition from images.
Our answer to this question is “yes, but it is challenging.”
The main challenge appears to come from a lack of control
over the environment, so crowdsourcing workers behave rationally to maximize their profit in any given time. If there
is no marginal financial gain attractive enough to exert extra eﬀort, it is more rational in terms of maximizing the
return on investment to finish a task as quickly as possible
and risk some penalties. What we demonstrated in this experiment is that there is a threshold of payment level that
might change the workers’ strategy of profit maximization,
from increasing the number of tasks done in a given time to
increasing the quality of the work.
Although we see that the crowdsourcing platform can handle usability studies with proper financial compensations,
the overall quality of the data is not guaranteed to be as
high as those from the lab study. Additional screening process is needed. The proportion of the random clicker in the
lab study is very low, with only 1.5% from 80 participants.
Considering the sincerity of the participants, there is some
loss we need to expect in crowdsourcing. If we compare the
cost and time for collecting enormous data, we believe it is
still worthwhile. To run the experiment with 1,500 participants in a lab study, we would need approximately $30,000
and a longer period to schedule and conduct all of the studies. If we compare the cost and time for collecting enormous
amount of data, we believe crowdsourcing approach is worth
while to pursue, to fulfill the needs of user studies with diverse participation and fast iteration.
However, there are several limitations of our study. The
threshold to filter random clickers is critical, yet it was
selected with an arbitrary number. Other statistical approached such as Bayesian statistics could handle the selecting the threshold in a better way. More studies should
be done such as 1) comparing the eﬀectiveness of incentives
and other fraud prevention methods, 2) comparing randomness and other filtering methods, and 3) testing diﬀerent
visualizations to generalize the findings.
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